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ABSTRACT

This thesis presents a holistic example of accelerating pharmaceutical process devel-

opment by integrating experimental platforms, user-centric process design, and data-driven

modelling. At the heart of this approach lies the modular process optimisation suite, the

MACH-1, a Good Laboratory Standard (GLS) equipment suite operating in parallel with

a fully fledged Good Manufacturing Practice (GMP) development facility. This dual setup

not only expands the experimental capacity but also allows project-specific work packages

to seamlessly integrate into AstraZeneca’s established workflows for oral product develop-

ment. Beyond its on-site utility, the GLS suite has supported off-site mechanistic studies,

highlighting its flexibility for delivering diverse R&D needs.

Accordingly, Positron Emission Particle Tracking (PEPT), a unique noninvasive mea-

surement technique, was leveraged to characterise steady-state powder behaviours in con-

tinuous blending. Through the tracking of discrete particle spatial-temporal data, the study

revealed how adjusting incline linear blender parameters, such as rotational speed and blade

configuration, can enhance content uniformity and even induce a ’folding region’, where

powder is transported away from and returned to a bed of bulk mass residing at the base

of the inclined blender, in a convection-like cycle. These insights also provide the means for

calibrating and validating future Discrete Element Method (DEM) simulations.

Building on these experimental insights, the relationship between product formula-

tion and process conditions was modelled using three distinct AI/ML approaches: Random

Forest Regression, Symbolic Regression, and Artificial Neural Network (ANN). When pre-

dicting fill levels in inclined linear blenders, the ANN outperformed other methods, achieving

an r2 of 0.97 and generalising effectively to multicomponent commercial formulations. By
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reducing experimental trials by up to 60–70%, these models substantially cut material use

and development time.

An additional innovation is the digital layer integrated into the MACH-1 workflow: a

democratised ANN for real-time assessment of blending quality. This user-friendly platform,

accessible via a hyperlink on the intranet, empowers scientists and engineers to refine process

parameters independently, minimising the reliance on specialised expertise. Consequently,

the interface increases both operational agility and the broader adoption of advanced ana-

lytics.

This holistic approach ultimately yielded the following benefits per experimental campaign:

• Reduced experimentation: Up to a 60–70% reduction in the number of experiments,

significantly conserving high-cost APIs.

• Cost efficiency: Decreasing the need for expensive materials translates into a pro-

jected savings of £112k.

• Environmental sustainability: Cutting down on experimental runs reduces carbon

emissions by almost 6 tonnes of CO2.

• Accelerated timelines: Replacing multi-day in-vitro trials with minutes long in silico

studies, facilitated by real-time, democratised access to advanced modelling tools.

In summary, this thesis illustrates the core objective of an industrially based Engineer-

ing Doctoral programme– conducting research that not only advances the broader scientific

field, but also directly serves the needs of AstraZeneca. Through the fusion of modular

process design and digital transformation, it advances process understanding, sustainability,

innovation, and cost efficacy. In so doing, it demonstrates that, despite decades of brilliant

work, there is a growing market for opportunities to make drug product development more

environmentally and economically responsible.
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Chapter One

Introduction: Oral Solid Dosage Forms

& Continuous Direct Compression

1.1 Overview of Oral Solid Dosage Forms

Oral solid dosage forms (OSD) are a method of therapeutic drug delivery that includes

tablets, capsules, and similar preparations and are the cornerstone of pharmaceutical therapy.

Their development over the centuries has been a journey of innovation and refinement,

evolving from rudimentary herbal pills to sophisticated, controlled-release formulations [1,

2]. In the early 20th century, the advent of compressed tablets revolutionised drug delivery,

offering more precise dosing and stability compared to their predecessors [3].

Moreover, despite their simplicity, OSDs offer several advantages over alternative

dosage forms in modern medicine, including greater patient compliance due to their ease of

administration and convenience [4]. They require simple storage conditions that help preserve

therapeutic efficacy without the need for refrigeration or specialist equipment [5]. In addition,

OSDs utilise the gastrointestinal tract for drug absorption, a natural and resilient system

that does not require breaching physical biological barriers, reducing the risk of infections
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and complications associated with invasive methods such as intravenous therapy [4]. These

benefits contribute to the preference for OSDs over intravenous therapies in many clinical

situations.

Consequently, the second half of the 20th century saw remarkable advancements in

OSDs. The introduction of coated tablets, multilayer tablets, and extended-release formu-

lations marked significant steps in improving patient compliance and therapeutic efficacy

[1]. These innovations were driven by a deeper understanding of secondary manufacture,

pharmacokinetics, and drug-release mechanisms, as well as advances in materials science

and characterisation [6].

In recent years, innovation has shifted towards developing two primary paradigms for

patients. The first is personalised medicines, which seek to improve therapeutic effects by

meeting the unique needs of patients. Developments in this area include products such as

orally disintegrating tablets for patients with swallowing difficulties (effectively varying the

mechanical properties of OSD according to the patient’s needs) [7] and paediatric formula-

tions with adjustable therapeutic doses (allowing one to provide variability in the potency of

the therapeutic effect based on the physiological development of the individual) [8]. This is

realised through the advancement of novel technology, such as 3D printing, which is poised

to revolutionise OSD further by enabling the production of patient-centric dosage forms [9].

The second is to improve production and manufacturing processes. This emphasis is

driven by the need to improve cost efficiency and environmental sustainability in a global

market that is growing for medications. An ageing population and an increasing prevalence

of chronic diseases require large-scale production of OSDs, which are commonly used for

long-term therapies [5]. Consequently, pharmaceutical companies are compelled to optimise

manufacturing processes to reduce costs while minimising environmental impact, all within

stringent regulatory frameworks [10]. Advances in manufacturing technologies not only lead
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to more efficient production, but also contribute to sustainability goals by reducing waste

and energy consumption [11]. These improvements are essential to ensure the availability of

affordable medications and maintain competitiveness in the global market.

1.2 Thesis Motivation

The primary goal of this thesis is to understand the powder blending stage in a relatively novel

method of continuous secondary manufacturing, Continuous Direct Compression (CDC) [12].

The narrow focus on this particular unit operation seeks first to address critical chal-

lenges such as cost efficiency and environmental sustainability in manufacturing processes,

and second to contribute to the broader efforts of the scientific and engineering community.

To begin with, it is crucial to review the current landscape to improve manufacturing

results, which is closely related to enhancing manufacturing efficiency. The start of modern

methods dates back to the Quality by Design (QbD) concept introduced by Joseph M. Juran

in 1992 [13]. QbD is a systematic, science-based, and risk-based approach to development and

manufacturing, focused on understanding processes and designing them to consistently meet

predefined quality criteria. This concept has been adopted by a broad spectrum of industrial

and academic stakeholders [14, 15, 16, 17] that span understanding, regulatory support, and

application. Central to this conversation is the idea of Critical Quality Attributes (CQA),

which essentially measure a product’s performance. Understanding these CQAs requires

measuring the relevant variables that lead to them, known as Critical Process Parameters

(CPP). The need to measure these parameters has driven the adoption and advancement of

Process Analytical Technology (PAT), which helps to develop either mechanistic relationships

or data-driven solutions linking CPPs to CQAs.
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As these new methods have evolved, the pharmaceutical industry has seen the po-

tential to use innovative tools to explore new manufacturing approaches. A key opportunity

lies in continuous manufacturing, enabling thorough monitoring and measurement of CQAs

throughout production. This method is crucial due to strict safety regulations that require a

deep understanding of the process to produce complex formulation products accurately and

reliably. This importance is amplified in the production of potent therapeutics, where slight

inaccuracies in dosage or physical properties can cause serious problems.

Other manufacturing sectors have long established the principles of continuous and

centralised manufacturing, offering several advantages [18, 19]:

• Improved processing efficiency per unit, both in cost and waste reduction

• Reduced supply chain length and responsiveness

• Enhanced consistency in product quality

• Higher production throughput, improving scheduling

• Lower manual intervention and reduced human error risk

The emergence of new (manufacturing and analytical) technologies, together with the

QbD principles, has allowed the move towards continuous manufacturing of OSDs, with the

aim of making products more affordable and sustainable for patients [19].

However, despite these benefits, the adoption of such manufacturing techniques presents

challenges, including significant capital investment in equipment, process method develop-

ment, and issues with processing flexibility, especially when changing between potential drug

product candidates presenting varying material properties. Overcoming these challenges is

at the heart of this thesis, as outlined in the research objectives. With the manufacturing
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industry moving towards more flexible, digital and sustainable methods, the insights from

this thesis can be applied to a variety of production processes [20].

Continuous Direct Compression (CDC) represents the most straightforward modality

within the continuous manufacturing landscape for OSDs. Unlike more complex continuous

manufacturing systems, such as Continuous Wet Granulation, CDC simplifies the production

process by using three main stages [21]. The sequential stages in the CDC process are

described below:

1. Feeding: This stage involves the precise and consistent delivery of the constituent

powder components to achieve a complete formulation at a rate that matches the

desired production throughput. The precision of this step is critical to ensure the

quality and efficacy of the final product.

2. Blending: Here, the constituent powders are thoroughly mixed to ensure uniformity

in the final blend. This uniformity is vital for the consistency and quality of the active

pharmaceutical ingredient (API) within the overall formulation of the OSD, which

impacts the therapeutic and mechanical effectiveness of the medication.

3. Tabletting: This final stage involves accurately dosing the tablet press with the well-

mixed formulation and compacting it under controlled conditions to form the OSD.

The precision in the dosing and compaction parameters is crucial for achieving the

desired properties of the tablet.

Moreover, all CM OSD modalities can incorporate intermediate unit operations be-

tween process stages to further enhance output quality and mitigate additional CQA risks–

this may be done for particularly difficult-to-handle substances. A notable example includes

the integration of a cone mill 1 between the feeding and mixing stages. The use of a cone mill
1A cone mill (sometimes referred to as a comill) is designed for the continuous processing of powdered
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has been shown to improve process performance, in terms of mixing accuracy or consistency

[22, 24].

Lastly, a further advantage of employing CM modalities, such as CDC, lies in its

scalability from development to production. The equipment (and spatial footprint) is often

the same or at least very similar in terms of scale, facilitating rapid transitions from small-

scale clinical trials to large-scale commercial production (high throughput)[19]. That is,

any pre-production fundamental work or development work leading to furthering process

understanding of these processing stages is directly representative of commercial production

environments.

1.3 Project Focus: Continuous Powder Blending

Of the three CDC stages, the focus of this thesis resides with the blending stage, which

at times expands to detail aspects of powder handling (upstream and downstream) in an

effort not only to describe how the mixing stage fits into the CDC process, but its processing

similarities and end-to-end influence on the quality of the resultant OSD. This is particularly

pertinent for the literature review (Chapter 2), which includes sections detailing the literature

for the stages of feeding (Chapter 2.2.1) and blending (Chapter 2.2.3). The inclusion of the

feeding section is intentional, in order to emphasise the challenges associated with powder

handling and conveying, because the blending process requires these actions in addition to

mixing.

material, facilitating the breakdown of agglomerated or aggregated clumps of powder into finer particles.

This is achieved by feeding the material through a funnel onto an impeller/spreader positioned above a

mesh. The rotational motion of the impeller forces the material through the mesh, using high-shear forces,

which works well against cohesive powder species and incidentally mixes the various powder species in the

formulation. Several studies cite their usage [22, 23, 24].
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The motivations for elucidating the blending stage reside in the development opti-

misation, cost effectiveness, and the available literature landscape at the beginning of the

thesis project. Much work has been done on powder compaction as many batch-based sys-

tems use translatable or similar equipment at the compression stage [25]. However, research

on both powder feeding and continuous blending is relatively limited. It is crucial to grasp

the context in which the data is acquired within these fields. In the case of powder feeding,

different powder types might be processed through the feeder under different conditions to

establish a connection or comprehension between Critical Process Parameters (CPPs), which

in turn allows the assessment of their effects on Critical Quality Attributes (CQAs). Upon

completion of a feeding trial, the powder is retrieved after feeding and retains a (quasi-) rep-

resentative form of the initial sample, with only a slight loss of fine particles. The potential

reuse until it has lost its representative or characteristic bulk behaviour. The same cannot be

said for blending, as blending requires the evaluation of the mixing performance of at least

one species with another; thus, unless one can separate the powder species from another,

it means the powder may be required to be discarded if it cannot be used for alternative

development activities, incurring cost and waste. Thus, for development batches, where the

cost of API is particularly expensive, this is highly unfavourable. Thus, adopting a right-

first-time strategy through the QbD methodology in experiments is essential. This involves

enhancing process understanding to identify optimal experiments that yield valuable data,

thereby minimising cost and waste while accelerating and simplifying process development.

1.3.1 Understanding Powder Blending on Tablet Performance

It is vital that the constituent species within the formulation are homogeneously mixed. Im-

proper mixing leads to poor content uniformity, resulting in a variation in powder behaviour,

therefore, leading to variability in manufacturability; giving rise to variability in both me-
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chanical and therapeutic effects. Then it is of the utmost importance that the mixing stage

within the CDC process performs well.

Mixing performance can be broken down into two main metrics, consistency of mix

(scale) and quality of mix (intensity), and under ideal conditions, both are delivered. To

attain a high-quality mixture, it would require intimate mixing of the constituents of the

formulation, such that as the scrutiny of scale decreases (on assessing the content uniformity)

the ratio(s) of the desired constituents remains the same. However, consistency of the mix

requires more bulk motion that involves the diffusive capacity of powder species across the

entire powder volume. Improved definitions of mixture performance can be seen in Chapter

2.2.3. In the context of the introduction, these mixing metrics can be considered, in an over-

simplified manner, as representing the precision and dependability of achieving a thoroughly

mixed formulation.

Naturally, questions arise: under nonideal conditions, what constitutes sufficient mix-

ing for a given formulation and its intrinsic properties? Or, what is the relationship between

formulation properties and processing parameters that influence mixing? Ultimately, ad-

dressing such questions enables the development of experimental plans alongside a deeper

understanding of the continuous blending process. Despite these knowledge gaps, it remains

relatively clear that a true understanding of the intrinsic mixing mechanisms is required to

achieve the idealised goal: for any given powder formulation, how much mixing is needed

and what process parameters are required, within the constraints of the available equipment,

to induce effective mixing behaviour?

This becomes challenging for particular continuous blending geometries, as the micro-

and macromixing metrics may be coupled, meaning that varying the processing parameters

to optimise for one of the two results in a reduction of the other. Therefore, balancing this

trade-off, within the bounds of the desired parameter space (e.g. throughput), is paramount
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to delivering a consistent-high-quality mixture. This is particularly difficult for APIs because

of its often cohesive nature and low bulk density- handling the powder can present challenges,

thus leading to variability.

1.4 Thesis Aims

This thesis primarily seeks to enhance the knowledge and optimisation of continuous direct

compression by thoroughly examining the powder blending phase. It combines experimental

characterisation, process-integrated approaches, and predictive modelling to improve devel-

opment efficiency, sustainability, and robustness. These challenges form the foundation for

the thesis’s objectives, outlined as follows:

1. Gain an understanding of the underpinning mixing mechanics in the continuous blender

via. the use of Positron Emission Particle Tracking (PEPT), which is described in

Chapter 4.

2. Develop and establish the experimental means and methodology to investigate the

CDC integration, including the way of working and integration into Business-as-Usual

(BaU) 2 for AstraZeneca.

3. Develop a modelling tool to predict mixing performance based on the bulk charac-

teristics of the drug formulation and processing parameters, leading to cross-project

application (generalised application). Finally, implement this tool into Business-as-

Usual (BaU) at AstraZeneca for use in the early stages to reduce the risks associated

with formulation and processing and to aid in product advancement.

2BAU, in this instance, is best described as ensuring sufficient embedding and standardisation of working

activities which complement and build upon the already established ways of working.
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Chapter Two

Literature Review

2.1 Preface

Understanding how different powder species interact in blending environments is essential

to achieving optimal mixing specifications. Cohesive powders, in particular, are among the

most challenging to blend due to their strong interparticle forces– often gained through small

particle size and high aspect ratio particles. Given that most APIs are low in density and

high in cohesion, consistent feeding and blending by-in-large encompasses the current best

practice for CDC.

The following extracts from the upcoming review paper provide a comprehensive

overview of research on how cohesive species (APIs) are blended and fed through a triage

of methods, covering a range of aspects from Discrete Element Method (DEM) simulations

to experimental approaches. To aid in understanding the complexities of powder handling

and manipulation, the section dedicated to powder feeding has been included, emphasising

the importance of consistent feeding to avoid disturbances that could affect downstream

blending processes, in addition to the challenges of powder handling and processing. The

performance of the blender is crucial because it must smooth out these disturbances to
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achieve high-quality mixing, which is essential to maintain specified content uniformity.

The following text comprises the ‘Powder Feeding’ and ‘Blending’ sections from the

review article (Jones-Salkey et al. [25]) published in MDPI’s Pharmaceutics Journal (Im-

pact Factor = 5.4, available at https:// doi.org/ 10.3390/ pharmaceutics15061587 ). These

sections were authored by O. Jones-Salkey. In the original review, the ‘Abstract’, ‘Intro-

duction’, ‘Summary Table’, and ‘Conclusions’ were jointly written by O. Jones-Salkey and

Z. Chu, and are therefore included in the Appendix (Section 1).

2.2 Published Review Article: Reviewing the Impact of

Powder Cohesion on Continuous Direct Compression

(CDC) Performance.

2.2.1 Powder Feeding

Feeding Introduction

Powder feeding for CDC processes must be accurate and consistent for CDC performance

success. Feeding modes are commonly defined by the delivery and maintenance of material,

in a given time frame. As such, there are two main categories for feeders: volumetric and

gravimetric, which supply material according to volume per unit time, and mass per unit

time, respectively [26, 27, 28, 29, 30]. Volumetric feeding is often used to understand the

characteristics of powder behaviour within the hopper, whereas gravimetric feeding seeks

to smooth out any volumetric perturbation through feedback control, arguably resulting in

gravimetric being the superior of the two modes for mass delivery [26, 31, 27, 28, 29, 30].

Powder feeding is the first unit of operation in the CDC process; therefore, disturbance
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or variation from the set point can propagate downstream, fundamentally impacting tablet

quality [32, 28].

One of the tasks of the blending stage in ensuring that constituents are well-mixed

is to smooth out the perturbations from the feeder. The lower the intensity and frequency

of these perturbations, the lower the chance that content uniformity or manufacturability

issues will arise downstream [27, 33, 34]. Moreover, note that not all disturbances have a

detrimental impact. It depends both on the magnitude and duration of such disturbances—

Gyürkés et al. [35] aptly discuss this concept with the use of funnel plots.

Powder cohesion affects feeding performance by introducing variation through com-

plex bulk behaviour, resulting in variation of flow behaviour [27, 28]. This contributes to

both the restriction of power into the converting screws, and the resistance to flow within the

swept volume of the screws. In addition, these materials are prone to electrostatic charging,

causing attraction-repellent behaviour, which can lead to deposits of material that reside

and adhere to surfaces after feed [36, 37]. This buildup can migrate into the bulk feeder,

dosing it with a spike of material, which therefore results in a compositional imbalance [36,

37]. The following section aims to discuss the work of several publications, exploring the

complexity surrounding powder feeding.

The variation in complex behaviour originates at the particle scale. Collections of par-

ticles, homogeneous or heterogeneous, form the bulk and their individual properties, together

with their population distributions, determine the macroscopic response (e.g. flowability, the

readiness of a bulk powder to flow in a desired manner [38]). A non-exhaustive set of rele-

vant attributes includes particle size, shape, and surface roughness (and their distributions),

as well as surface energy/chemistry, hygroscopicity, and electrostatic propensity. Smaller

particles and broader size distributions increase the specific surface area, promoting parti-

cle–particle contact and strengthening the adhesive and capillary forces. Likewise, angular
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or high-aspect ratio shapes promote mechanical interlocking; hydrophobic or high-surface-

energy chemistries modify van der Waals and liquid-bridge contributions; and ambient rela-

tive humidity shifts the balance between tribocharging and capillary cohesion [39, 40, 36, 37].

These intrinsic attributes are expressed through laboratory bulk measurements (discussed in

the following) and are often correlated to identify practical predictors of manufacturability.

Powders with good manufacturability are considered to exhibit stable conditions over

a broad operating range because they require fewer adjustments (during accommodation)

and are less sensitive to process perturbations. The process of defining manufacturability is

therefore to identify empirical correlations between a formulation, or a set of formulations,

and one or more of the aforementioned bulk powder measurements. These measurements

characterise behaviours such as flowability, which can serve as practical proxies for how a

powder performs during unit operations.

Feeding Discussion

The difficulty associated with powder feeding directly derives from the handling of larger

volumes of powder (in the hopper) and the conversion of this into smaller, consistent streams

(at the outlet). Essentially, this refers to the driving of powder down a pathway of lowering

power-to-powder contact, to instead increase powder-to-wall contact. When there is resis-

tance to this gradient of increasing powder-to-wall interactions, it suggests that there is a

lack of flowability, which commonly manifests itself in the form of cohesivity. Though co-

hesion is ultimately a microscopic process (i.e., it occurs at the scale of particle-particle

contacts), at present its effects are currently predominantly characterised by macroscopic

(bulk) measurements [41].

The Flow Function Coefficient (FFC) is a measurement used to quantify the amount of

stress required to cause a powder to yield, and is one of several manners in which a powder’s
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‘flowability’ may be characterised [39, 40]. Gathered from a ring shear tester, for example,

the measurement applies a normal consolidation force to a powder bed and measures the

tangential force required to cause failure (incipient flow). A yield locus of shear stress versus

normal stress is plotted and, applying Mohr–Coulomb failure theory, the major principal

yield stresses of the consolidated and unconfined material are obtained. FFC is the ratio

of these values. The theory and methodology is discussed in various degrees of detail in

the following papers: [42, 43, 39, 40]. Leung et al. [42] performed a comprehensive analysis

on 1130 ring shear measurements and effectively assumed that particle friction coefficients

are negligible in FFC measurements, suggesting that cohesion is the primary characteristic

that influences measurement. In addition, the authors state that mitigating the effects of

cohesion is much more influential than mitigating the frictional aspect(s) of the powder when

it comes to improving powder flow, and also suggest that altering interparticle forces is the

best approach to take when combating cohesive powders.

Leung et al. [42] demonstrated the effect of introducing 1% w/w of colloidal sili-

con dioxide into two excipients on FFC, cohesion and angle of internal friction. The first

excipient—hypromellose—showed a significant drop in cohesion and an increase in FFC

(Figure 2.1). Meanwhile, the second excipient—dicalcium phosphate anhydrous—showed

the inverse behaviour, but to a much lower degree. No significant changes in the angle of

internal friction were observed for both materials. Additional work on the use of colloidal

silicon dioxide nanoparticles for formulation adjustment is shown in [44, 45]. The mecha-

nism at work involves the surface coating of SiO2 nanoparticles, which introduce additional

distance, therefore lowering the strength of the van der Waals attraction between the two

surfaces of the more cohesive species [42, 44, 45, 46]. Furthermore, Leung et al. state that

particles with uneven shapes and rough surfaces may receive little beneficial effect from the

SiO2 surface coating, and therefore minimal improvement in flowability. The SiO2 will fail

to act as a barrier to the contact of the carrier species, as it is shown that the use of SiO2
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as an additive can be detrimental to FFC.

Figure 2.1: Left: Graphs highlighting the difference in characteristics (Flow Function (FFC),

Cohesion, and angle of internal friction) of the two excipients: Hypromellose and Dicalcium

Phosphate Anhydrous with and without colloidal silica. Right: Scanning Electron Micro-

scope (SEM) of the two excipients mixed with 1% w/w colloidal silica. Adapted from: Leung

et al. [42].

Tran et al. [47], investigated these underpinning mechanisms that govern flow modifi-

cation through the use of colloidal silica–their findings agree with those of Leung et al. [42].
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Tran et al. studied the differences in silica loading for two different excipients using flow

characterisation, static image analysis, and particle size distribution. It was found that ma-

terials with a higher surface area (described as rugged) were able to accommodate higher

silica loads, and that the optimal amount of silica loading depends both on the surface area

and the size of the carrier particle but, most notably, their results discussed the possibility

of taking a ‘quality by design approach by determining silicate (glidant) loading by carefully

assessing the physical properties of the carrier powder.

Lopez et al. [48] published a DEM study on the effect of increasing cohesion on

feeding performance. The researchers began by calibrating the powder used in the system,

first identifying and assigning the physical properties and particle shape of paracetamol,

before performing a sensitivity analysis across different adhesive stiffness values (Kadh) and

conveying impeller rotation rates. Where, Kadh is the DEM adhesion parameter that controls

the normal cohesive force component between particles; higher Kadh increases the effective

cohesion. In essence, Kadh acts as a proxy for various physical properties, such as surface

roughness, chemistry, and hydroscopicity. Thus, the value Kadh must approximate these

adhesive characteristics of the powder particles, despite the lack of explicit mechanisms in

the DEM solver’s contact model to account for the physical phenomena causing adhesion.

Additionally, this approximation decreases computational complexity and costs, since the

mechanisms are not explicitly solved for.

When the conveying impeller was kept at a constant rotation rate (10 rad/s), the par-

ticles saw an increase in translational velocity in the conveying barrel with increasing Kadh

(ranging from 0 to 0.5). This effect was less, but it was present at the interface between the

conveying barrel and the hopper. On the other hand, keeping Kadh at a constant 0.2, across

increasing conveying speeds (10, 20, and 50 rad/s) saw an increase in the overall transla-

tional velocity of the particles. Perhaps unsurprisingly, for the range of parameters explored,

increasing conveying speed was observed to have a greater influence on particle velocity in
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the hopper than altering cohesion.

Figure 2.2: Top Left: Mass per screw pitch as a function of cohesive stiffness (Kadh).

Bottom Left: Mass per Watt as a function of cohesive stiffness (Kadh). Top Right: Visu-

alisation of the powder arching/bridging within the hopper volume. The images show both

the back and front of the hopper from two different simulations using the same Kadh. Bot-

tom Right: Irregular filling of the conveying volume due to cohesive stiffness (Kadh). The

images compare Kadh = 0.3 and Kadh = 0.5. Gathered with permission from Lopez et al. [48].
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The DEM simulation of Lopez et al. [48] also provides valuable information on the

expected power draw; Since the CDC system is continuous, it would mean that the process

would be running for days, if not weeks, at a time, making this an important considera-

tion. The authors demonstrated the average mass discharged per Watt as a function of

the Kadh (between 0.1 to 0.5 Kadh), which showed an exponential decay with increasing

Kadh Figure 2.2. Consequently, Kadh values higher than 0.5 showed arching: a phenomenon

that occurs when the cohesive forces between particles are stronger than the forces due to

gravity. Arching (also referred to as bridging) is a semi-stable instance of particles forming

particle–particle structures suspended in a hopper or opening, which are resistant to the

displacement of powder beneath them [28]. For additional information on the influence of

particle properties on arching, see the following papers: [49, 28, 39]. Lopez et al. described

this behaviour with absolute translational velocity where they revealed instances that lead

to inconsistent feeding of the conveying screw, which in turn leads to flow irregularities Fig-

ure 2.2. The authors link this artefact of transient macro behaviour to the micro by stating

that inconsistencies in flow result in improper filling of the screw pitch, giving rise to an

inconsistent mass flow rate. This is best demonstrated by the plot of mass per screw pitch

vs. Kadh shown in Figure 2.2). Finally, the researchers indicated what future work would be

of value, notably suggesting the mapping of the transient cohesive behaviour by altering the

particle properties, feeder’s geometry and rotational speed.

To build on the above suggestions, it would be interesting to see the implementa-

tion of a DEM study on a more commercially representative feeder, which possesses both a

hopper agitator and twin screw conveying elements. Allow exploration of concepts such as

agitator design and rotation speed to increase barrel/screw filling consistency or the break-

age/mitigation of arching. What is more, the research conducted by Leung et al. [42], which

discussed the minimal effect of friction on powder flow consistency, could use simulation

tools such as DEM to more directly support their claims.
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Escotet-Espinoza et al. [46] present a publication showcasing the use of silica to

improve feeder performance. The researchers began by pre-blending the three different APIs

explored with 1% silica, before characterising the bulk behaviour of the pre-and post-silicated

API. The APIs (and their silicated counterparts) were then fed through the feeder, while

a catch scale continuously measured the mass that exited the feeder. The response was

then measured over time, with attention being paid to the consistency and accuracy of the

feeding process.

Like Leung et al. [42], Escotet-Espinoza et al. [46] also found that the introduction

of silica improved flowability by reducing interparticle cohesion. Feeding improved with the

addition of silica, with each of the API case studies showing improved screw speed consis-

tency, a reduction of mass flow RSD (relative standard deviation), a reduction in powder

adhesion to the hopper surfaces, and a reduction of remaining mass. This suggests that the

addition of silica is hugely advantageous for feeding. The improvement can potentially be

attributed to an increase in flowability, allowing the powder to better fill the swept volume

of the screws, which leads to an increase in mass per revolution with the addition of silica.

Furthermore, Leung et al. [42] highlight that such improvements arise because flow

aids (glidants, such as colloidal silicon) reduce interparticle cohesive forces by acting as

spacers between particle–particle contacts, rather than by decreasing interparticle friction.

This underscores the dependence of surface area contact and surface chemistry of the primary

API particles in driving cohesive behaviour, with particle size and shape distributions directly

influencing the available surface area.

This observation is supported by the work of Lopez et al. [48] which shows that,

with a reduction of Kadh, there follows an increase in mass per screw pitch. Furthermore,

with FFC (as previously discussed) being a strong indicator of powder cohesion, it would

suggest that it would be useful to understand this screw-filling behaviour. This conveniently
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leads to another suggestion for furthering the work of Lopez et al. [48], whereby similar

DEM studies could be carried out to understand the effect of additives on the feeding and

conveying of powders. Escotet-Espinoza et al. [46] also describe the material used generating

the electrostatic charge, which allowed the API to adhere to the agitator. However, in the

silicated API case study, there was very low powder adhesion, suggesting that the addition

of silica also acted to suppress the effects of electrostatic adhesion.

A study by Lumay et al. [50] explicitly investigated the influence and mechanisms

of mesoporous silica (MPS) on electrostatic charge, again finding that the addition of silica

species improves powder flow. The experiments differed from those discussed previously in

several ways. Firstly, the study differed in the materials and methods used: the authors

tested three different grades of silica, varying in particle size and pore size, in three com-

mon excipients (microcrystalline cellulose, lactose, and maize starch) using a rotating drum.

Secondly, the authors applied different experimental analyses: In this case, the dynamic

effect of silication was evaluated by measuring the cohesive index [51] of the materials (with

and without MPS) across a range of rotation speeds. Finally, using a standardised charge

density measurement technique [52], the charge density of the material blends is shown in

the presence of different types and amounts of MPS.

It was found that MPS with the smallest particle size provided the greatest improve-

ment in flowability. Furthermore, the addition of just 0.5% w/w made a considerable impact

on the cohesive index—see Figure 2.3A. The authors attribute this improvement to the par-

ticle size of the MPS, explaining that there would be an increase in the effective surface area,

which would suggest greater coverage, and thus intervention between, cohesive species.

An additional striking finding of the study was that the addition of silica was also

found to change the shear-dependent rheological properties of certain tested materials,

with typically rheotropic materials becoming thixotropic when mixed with a small volume
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of silica. Specifically, the study evaluated the cohesive index of the powder by testing the

excipients against their 2% w/w silica counterparts over a range of rotation rates (see Fig-

ure 2.3B). Both materials, maize and lactose, were shown to be more cohesive (thickening)

with increasing rotating speed (ranging from 2 to 10 rpm) and in the presence of silica less

cohesive (thin) with increasing rotating speed. The silicated maize showed a greater decrease

in cohesion than the silicated lactose with increasing rotation speed.

Figure 2.3: (A) Comparing the differences in the dynamic cohesive index (�) with the addi-

tion of different types and weight percentages of Mesoporous Silicates (MPS). (B) Dynamic

influence of MPS on the cohesive index, demonstrated through plotting the cohesive index

over different rotating speeds. (C) Comparison of Charge Density (nC/g) in two excipi-

ents and resultant performance with the addition of 2% weight silicates. Where: +S244 is

Syloid® 244FP, +SAL1 is Syloid® AL–1FP, and +SXDP is Syloid® XDP3050. Adapted

from Lumay et al. [50].

Finally, the inclusion of MPS was shown to decrease the static charge density of

the powder—see Figure 2.3C. Across all materials and MPS grades, the addition of 1% (of

MPS) saw similar results to the addition of 2 —- suggesting that 1% was sufficient for charge

mitigation, with any greater amount being surplus. MPS incorporated into the maize saw
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a decrease in charge after just 0.5% w/w, with the grade of MPS used making a minimal

difference. In contrast, MPS in lactose still produced a decrease in the magnitude of charge

density, though different grades responded differently. This suggests that there may be some

complexity associated with the use of MPS with lactose. It is potentially important to

note that Lumay et al. [50] stated that the lactose varied in positive or negative charge on

the day, which depended on the relative humidity of the air. Given that the magnitude

is roughly the same but the charge differs, if the S244 (Syloid®FP244) was positive, it

would suggest that the grade of MPS used would have little effect on the charge density

and vice versa for SXDP (Syloid®XDP3050). Research by Ramires-Dorronsoro et al. [53]

supports this: when completing a similar study—with a different measurement technique—

they also observed spray-dried lactose exhibiting a positive charge density. Ultimately, this

suggests that the use of silica in poorly flowing hygroscopic powders greatly improves the

flowability, and decreases the sensitivity to triboelectric charging.

The previously discussed papers showcase the underpinning behaviour of cohesive

powders during feeding, and the discussion of silication demonstrates the advantage of un-

derstanding the mechanism underlying a powder’s cohesive properties. Despite this, when

considering CDC in its entirety, the predictive capability is a large part of reducing experi-

mentation and understanding the process. Therefore, it is desirable to be able to predict the

feeding performance from a few key characteristics of the powder [54, 31, 32], one of which

is cohesion.

Van Snick et al. [32] and Garcia-Munoz et al. [34] provided some of the first in-depth

analysis of the end-to-end CDC process, thus by definition including aspects of feeding.

The authors discuss the correlation of bulk density, tapped bulk density, and FFC with feed-

ing consistency (Figure 2.4). The experiments involved the comparison of different materials

that were running volumetrically (with a constant screw speed) from full to empty, while

measuring the response of the feed factor over time. The maximum (ffmax) and minimum

22



Literature Review

(ffmin) feed factors (g/revolution) were then taken and used for further calculation. Feed

factors change throughout the hopper fill as the powder above the hopper bears down upon

the powder below, due to gravity. When the hopper is at low fill, there is not only a re-

duction of gravitational bulk powder compaction but a potentially inconsistent feed into the

conveying volume.

Figure 2.4: Top: Two graphs detailing the feed factor throughout the volumetric empty,

with absolute values (left) and normalised values (right), the key indicates the material

used. Where: FF316 is Lactose Fast Flo® 316, SD711 is Sodium Croscarmellose Ac-Di-Sol®

SLS is Sodium Lauryl Sulphate, PH102 is MCC Avicel® PH-102, APAP is Acetaminophen,

and MgSt is Magnesium Sterate. Bottom: Three graphs compare feeder performance to

bulk characteristics. Adapted from Van Snick et al. [32].

As a result, the bulk density increased linearly with the maximum feed factor, the

tapped bulk density increased linearly with the delta feed factor (where the delta feed factor

is: ff� = ffmax � ffmin), and finally flow rate variability exponentially decayed with in-

creasing FFC. Since both bulk density and FFC are common descriptors for powder cohesion,

it can be used as a proxy to describe behaviour. The study highlighted FFC values greater
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than 3 would give sub-1% flow rate variability, and that powders with low bulk density and

low tapped bulk density are prone to large ff�—— suggesting instability when processing.

Escotet-Espinosa [27, 55] also investigated the influence of powder properties on the feed

factor and the modelling of such behaviour using the following (simplified) equation.

ffw = ffmax ⇤ (ffmax � ffmin)exp[�� ⇤ w] (2.1)

where ffw is the feed factor as a function of 0w0 the weight, while ffmax, ffmin and

� are the maximum feed factor, minimum feed factor, and a fitting constant based on feeder

geometry, respectively.

The ffmax and ffmin were then plotted on a correlation heat map (Figure 2.5),

relating the responses to a plethora of recorded bulk characteristics. Interestingly, the highest

correlation was seen for cBD, conditioned bulk density (g / ml). cBD is similar to the

bulk density tapped, obtained from the initial standardised conditioning step of a powder

rheometer. It involves a blade passing through a volume of powder with a set torque before

measuring the weight of the known volume. Observing the units, it is a given that there is a

correlation between the two density measurements, but the interest is with ‘compressibility

at 15 kPa which also scored high for ffmin, which would be a method to achieve a higher bulk

density. This suggests that a powder capable of being compressed, and has a high conditioned

bulk density, will deliver a high ffmin. Similar studies by Shier et al. [56] and Bekaert et

al. [31] look similar to predict feeder performance using bulk characteristic properties.
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Figure 2.5: Correlation heat map (Escotet-Espinosa [54]) showing the magnitude of the linear correlation (R) between bulk

powder characteristics and the regressed feed-factor parameters. Acronyms: R = Pearson correlation coefficient; UYS =

unconfined yield stress; AIF = angle of internal friction; cBD = conditioned bulk density; TBD = tapped bulk density; FFC

= flow function coefficient; WFA = wall friction angle; BFE = basic flowability energy; d10, d50, d90 = particle-size percentiles;

MCS = main consolidation stress; FRI = flow rate index; SE = Specific Energy; Compressibility@15 kPa = compressibility

at 15 kPa normal stress; Permeability, cm3 @15 kPa = permeability at 15 kPa normal stress per square centimetre.
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Engisch & Muzzio [30] performed a study on varying hopper refill conditions on pow-

ders with varying cohesiveness and measured the resultant effect on feeding accuracy and

consistency. Typical loss-in-weight (LIW) feeder operation is gravimetric, until topping up

(or refilling), where the system operates volumetrically to ensure a consistent feed is main-

tained whilst an influx of mass is registered on the feeder’s load cell. This method results

in a trade-off between the number of times the system has to enter the ’less accurate’ volu-

metric mode and ensuring the hopper is sufficiently full, such that the feed factor is stable.

For an example of the effect of decreasing fill on feed factor, see Figure 2.4. The conclusion

from Engisch & Muzzio is that refilling the feeders with less material, and therefore more

frequently, results in better overall performance. This should be taken into account when

paying attention to the duration of time that the system enters volumetric mode and reduc-

ing the overall disturbance from the setpoint over the whole duration of running the feeder.

Regardless of the frequency and volume of fill, Engisch & Muzzio state refilling should be

gentle, as this causes the least disruption to feeding. Furthermore, it is shown that the re-

filling sensitivity is much lower at higher refill levels, Figure 2.6. Refilling at higher fill levels

reduces the maximum set-point deviation, time of deviation, and the total amount of mass

during deviation.
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Figure 2.6: (A–C) Shows the feeder performance for just semi-fine APAP & 0.25% silica

over 3 refill levels, each with 10 manual refills. (A) Maximum deviation from setpoint

(kg/h), (B) Time of deviation (s), and (C) Total deviation (kg). (D–F) Similarly, shows

the comparison between zinc oxide powder and semi-fine APAP & 0.25% silica blend. (D)

Maximum deviation from setpoint (kg/h), (E) Time of deviation (s), and (F) Total deviation

(kg). The deviation is defined as the sum of the surplus powder delivered during refill.

Adapted from Engisch & Muzzio [30].

A similar methodology could also be applied to combat cohesive powders through

compaction during refilling, by attempting to keep the hopper volume as constant as possible,

during their most stable ffw. To build a theoretical case study, using the APAP that

is fed volumetrically in Van Snick et al. [32] (Figure 2.4) and the supporting evidence of
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refill stability from Engisch & Muzzio [30], see Figure 2.6. A top-up of 25–30% of the

volume of the hopper could be used and activated at the fill level of 50—- 60%, refilling

to 75—- 80%. This would occur during the most stable feed factor window, whilst the

hopper is already half full. During the window in which the powder is dumped into the

system, there is a transient influx of powder into the existing powder bed. This impulse

of vertical pressure on the powder would increase the powder compression within the bed,

increasing the bulk density of the powder local to the conveying screws. Corroboration is

seen by adding Escotet-Espinosa’s [27] correlation measures, as there is an improvement in

the conditioned bulk density, which increases ffmin reducing the ff�, essentially reducing

the feeder inconsistency related to lower fill levels. However, this theoretical case study

is generalised without considering phenomena such as disturbances due to air flows during

discharging mass, and an increased volume of powder that may be prone to triboelectric

charging due to the agitator. DEM studies, such as Lopez et al. [48], open the stage to

explore some of the fundamental behaviours seen in these systems, in particular when looking

to evaluate the micro and macro behaviour attributed to conveying inconsistency.

Finally, Yadav et al. conducted a comprehensive study with a loss in weight feeder [57]

that used a range of screw speeds, gear ratios, and screw types, across a range of materials.

The result was a PCA model that identified the influence of these processing parameters and

how they interacted with the bulk characteristics of the materials. The principal components

consisted of one comprising the powder’s bulk characteristics, a second representing the

feeder’s processing parameters, and a third representing an interaction component. Most

notably, the interaction component related screw free volume (cm3) to density, particle size

(d10, d50, d90), wall friction angle, and Feed Factor. The authors note that a different screw

type will have a different screw-free volume, which means that the comparison between a

smaller or larger volume to dispense per revolution must be taken into consideration when

evaluating the feed factor. Similar findings are seen with Engisch et al. [29], where their
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suggestion is the use of both self-cleaning concave screws and the removal of any outlet

screens for very cohesive materials.

Gamble et al. [58] further support this notion by demonstrating that bulk descriptors

alone, such as bulk density or FFC, do not always provide sufficient resolution to explain

observed processing behaviour. Their study highlights that powders with comparable par-

ticle size distributions may still behave differently due to underlying differences in particle

shape, fines content, or the distribution of elongation and width. Using image analysis in

combination with Principle Component Analysis (PCA), the authors produced morpholog-

ical distribution maps that allowed the comparison of powders with similar particle sizes

but differing shape characteristics. This approach is analogous to the use of PCA in feeder

studies such as those by Yadav et al. [57], although extended here by embedding a morpho-

logical fingerprint in the analysis of powder behaviour. The implication is that combining

morphology-driven data with bulk characterisation offers a more comprehensive framework

for predicting feeder performance and downstream stability, particularly in cases where con-

ventional metrics alone cannot sufficiently capture the complexity of powder behaviour.

Pereira Diaz et al. [59] show that routine physical properties alone can be leveraged to

predict flow behaviour with high fidelity. Using a library of 112 pharmaceutical powders that

span wide ranges of particle size / shape distributions, bulk densities, and measured FFCs,

the authors trained supervised models that classify flow behaviour with accuracies exceeding

80% under cross–validation. Feature importance (discussed in more detail in Chapter 5.5.4)

consistently elevated size metrics (D10, D50) and an aspect ratio descriptor, reinforcing that

distributional and geometric information embedded in standard characterisation carries an

actionable signal for flow prediction - without recourse to custom tests or extensive process

trials.

Based on this, Owasit et al. [60] extend the data–driven approach to blends, train
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supervised models on constituent–level descriptors (particle size/morphology, bulk densities,

surface energy) along with dry coating parameters, and report strong predictive performance

in multiple flow categories. Their feature importance analyses consistently prioritise coating

parameters and size/morphology, highlighting nonlinear and higher-order interactions that

simple linear correlations miss. In parallel, Chapter 5 applies similar AI/ML techniques to

CDC using targeted bulk / process descriptors (e.g., wall friction angle, feed rate, blender

RPM, region size) to predict process performance and process sensitivity [61]. Together, these

studies point to a clear and practical conclusion for elucidating the link between product

and process for CDC: Novel machine learning methods, trained in carefully curated physical

descriptors, can deliver predictive and interpretable tools for feeding and blending, reducing

experimental burden, sharpening risk triage, and improving control robustness beyond what

bulk metrics alone can provide.

Supervised regression techniques are a vital subset of machine learning. They con-

vert numeric inputs like bulk powder measurements or process parameters into measurable

outputs. This process allows for predicting responses at the process level from characteriza-

tion data. As the model learns from experimental datasets, it effectively captures complex

nonlinear relationships that traditional empirical methods struggle to describe [62].

Three classes of supervised regression models are of particular relevance to this thesis

and are explored in detail in Chapter 5:

• Random Forest Regression (RFR): An ensemble method based on decision trees,

useful for capturing nonlinear interactions and providing interpretable measures of

variable importance [63].

• Artificial Neural Networks (ANNs): An adaptable nonlinear function approxi-

mator capable of capturing intricate dependencies and demonstrating strong generali-

sation when trained on diverse datasets [64].
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• Symbolic Regression: An approach that searches for analytical expressions that

best fit the data, offering interpretability alongside predictive capability [65, 66].

2.2.2 Feeding Summary

Cohesion has been shown, across multiple studies, to worsen the flowability of powders,

in turn reducing the consistency with which powder flows into the conveying volume [48,

42, 32]. The transient inconsistency of material flowing into this volume persists and has

been shown to result, in turn, in an inconsistency in the mass powder flow of the material

delivered, and therefore a deviation from the desired set point [29, 48, 30, 67]. Thus, it is very

important to ensure that the powder, despite its cohesive nature, is consistently motivated

to enter and be transported through the conveying section of the feeder.

This review outlines just a few examples that have been used so far to reduce the

negative influence of cohesion on feeding: reducing interparticle contact between cohesive

species [50, 42]; reducing the effect of triboelectric charging [50]; refilling the hopper at

moderate fill levels [30, 67]; and adjusting screw speed and screw type [57, 29].

When applying the knowledge gained from Lumay et al. [50] to the work of Escotet-

Espinoza et al. [46] and Lopez et al. [48] it would perhaps be sensible to suggest that smaller

silica nanoparticles would be ideal to improve flowability at this stage of the CDC process.

Silica nanoparticles have also been shown to change the blend from shear-thickening to shear-

thinning, implying that, when the powder contacts the hopper’s agitator or the conveying

screws, one might expect a further transient, localised increase in flowability.

Despite silicates holding the much of spotlight for discussion, surrounding improving

powder flowability, it should be noted that several alternative materials could be selected.

However, every material in question, for flow modification, would need to be considered for
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its end-to-end impact on the process. Silicates, for instance, have been shown to negatively

impact compatibility [68, 69] but also improve flowability and therefore improve feeder pro-

cessing consistency [48, 42, 32], while magnesium stearate (a powder lubricant) has also

been shown to increase flowability, but due to its hydrophobicity—coating the surface of

API would hinder the dissolution of API within the formulation [70]. This would result

in the material being greatly undesirable for any scenario that may involve the intimate

blending, or over-mixing, of magnesium stearate with API. However, pre-blending API with

other materials such as tricalcium phosphates or microcrystalline cellulose [71, 23] propose

the ability to improve flow behaviour at a minimised trade-off, and as such, more research

should be carried out on both the use (to improve feeding performance) and the end-to-end

implications of selecting such materials.

Moreover, this review of the literature has also highlighted the benefit of future DEM

studies which could be undertaken to better understand the fundamental powder movement

that governs powder feeding, in particular using commercially-relevant geometries. Notable

areas of study could include modelling the effect of silication; altering, and potentially op-

timising, agitator and screw design; further investigation of the influence of refill regimes in

the hopper. The development of dynamic DEM simulations could also be used to develop

and test various control strategies, both existing and novel. Intuitively, it could be possible

to develop a control proposition for shear thickening powders involving a sudden reduction

in RPM followed by a slow build-up of screw speed back to setpoint.
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2.2.3 Blending

Blending Introduction

Despite diverse designs available commercially and in the academic literature, continuous

blenders can, in general, be reduced to four main components: an inlet, an outlet, a mixing

volume, and a mechanism for promoting blending while in the volume of the blender. Typi-

cally, this last component will be some form of rotating agitator, the geometry of which may

differ from mixer to mixer, or even formulation to formulation. Recognising the different

types and geometries of mixers that exist within this space is fundamental when evaluating

the role of powder mixing in CDC performance, as the features that differentiate one mixer

from another can have significant impacts on the behaviour of the powders being blended,

and thus may require different measures to handle the blending of cohesive powders.

Achieving good mixing is integral to the performance of any given pharmaceutical

tablet; the therapeutic efficacy and mechanical properties of the tablet will suffer without

the effective distribution of its constituent materials, ultimately compromising the safety of

the product [72, 73, 74, 32, 75, 76]. Thus, mixing inherently defines the final quality of the

formulation (although the final product cannot be delivered without the consistency and

precision of the upstream and downstream processes [32, 34]).

Practically defining whether a formulation is well mixed is a complex endeavour with

issues such as frequency of sampling [77, 72, 78], location of sampling [77, 72, 78], and scrutiny

(size) of the sample [77, 72, 78]. However, describing the mechanisms of mixing may be ever-

so-slightly easier, and is of more direct relevance to the present work.

The two commonly defined types of mixing—macro- and micro-mixing—are both es-

sential when looking to create ideal mixtures [72, 76, 73, 79, 80]. Macromixing is responsible

for large, global movements, of material—or bulk transport—allowing the material to flow
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and circulate around the vessel [72, 76, 81, 82, 83, 80]. Micro-mixing, on the other hand,

involves the movement and displacement of material at the particle scale, i.e., the local in-

teractions between particle species [80, 72]. Accordingly, micromixing achieves the detail of

the mixing action due to the mixing occurring at the smallest possible scale: the particle–

particle level [80, 72], whereas macro-mixing serves to smooth out the upstream mass flow

rate perturbations due to the flow and bulk motion of the powder [80, 72].

Fan et al. [84], succinctly discuss the evaluation of mixing in terms of cohesive mix-

tures. Figure 2.7 and Equation (2.2) encapsulate the majority of this discussion. It is shown

that by increasing the surface force —- which is also a function of particle size, and therefore

surface area—it is possible to reduce the influence factor defined in Equation (2.2). A low

influence factor means surface forces dominate, and the particle species adhere to the surface

of another particle species, creating a perfectly ordered blend. Small, less dense particles

would be the ones that adhere to the more dense carrier particles, because of gravitational

forces. Then, if the surface forces are minimal, gravity dominates, and thus the mixture

would involve non-cohesive species, following more typical solids mixing criteria.

Influence Factor =
Gravitational Force

Surface Force
(2.2)

Conversely, de-mixing occurs through several mechanisms, such as: segregation, the sep-

aration of a formulation into constituent particles of similar properties, for example, size and

density [72, 77, 85]; agglomeration, the formation of particle–particle dense macro-particles,

due to interparticle attractive forces [86, 87]; and electrostatic repulsion, or attraction, due

to inter-particle charge imbalances, which predominantly result from contact-induced elec-

tron transfer, as particles move relative to each other and the equipment surfaces [88, 89].

The part cohesion plays differs significantly in each of these mechanisms, and can either

subdue or exacerbate de-mixing [85]. For instance, electrostatic charges could be worked
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into powder, through the triboelectric effect, creating attractive or repulsive forces between

different species [78, 89]. These interactions underpin much of the following discussion of

how cohesion affects the mixing process and the competition between mixing and de-mixing.

Figure 2.7: Cohesive mixtures described by homogeneity vs influence factor (Equation (2.2)).

Adapted from Fan et al. [84].

Blending Discussion

Processing parameters such as the RPM of the agitator, the feed rate (throughput), and agi-

tator design, are the primary methods of manipulating the powder through a given blending

volume [32, 90, 76]. For example, trends have been identified to improve the quality of the

mixing through the use of processing parameters: macro mixing as a function of the mean

residence time; micro mixing as a function of RPM (agitation); residence time is a function
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of throughput [32, 76, 24, 91, 83]. These examples show the importance of the process pa-

rameters in mixing performance. However, the intricacies of powder behaviour in response

to these systems are rarely discussed in the wider literature.

As discussed in the preceding section, cohesion can be overcome through the use

of formulation additives and/or changes to the process [92, 50, 42, 79]. Additives, such as

glidants (for example, SiO2), are typically used to make bulk powder properties easier to deal

with, by increasing flowability [92, 50, 42]. However, additives change the overall composition

of the formulation, which can have detrimental effects on downstream processing-namely

tabletting [69, 68]. In contrast, process changes (processing parameters) can potentially

overcome issues related to cohesion without altering the composition of the formulation [32,

90, 76]. Using these favourable processing parameters is thus the more practical of the

two solutions for CDC processes, but the development and transfer of knowledge between

different systems appears to be a substantial hurdle. This is largely due to this approach

requiring a much deeper understanding of the specific unit operation being used in the

study. Therefore, the knowledge gained is often less transferable; each particular set of

process parameters may be unique to system geometry, orientation, or method of operation.

With this in mind, it is useful to note the use of dimensionless numbers/groups within the

discussed research, as it allows greater understanding and application of relative powder

behaviour between publications.

Portillo et al. [93] performed trials on an axial continuous blender (see Figure 2.8)),

the axis of which was adjustable between ±30� to the horizontal. The researchers found that

at (+30�) incline there was an increase in mean residence time which led to a decrease in the

relative standard deviation (RSD) of acetaminophen (APAP) concentration in two lactose

grades. This demonstrates the effect of longer mean residence time on macro-mixing and a

reduction in APAP RSD. The lactose grades differed in terms of average particle size and

size range: Lactose 100 (70–250 µm, average 130 µm) and Lactose 125 (55 µm), whereas
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APAP (36 µm) remained the same in both tests, and made up 3% w/w of the mass flow

rate. They also discussed that, despite typical behaviour, the smaller (and more cohesive)

grade of lactose did not affect mixing performance at high or low rotation speeds. It was

observed that, while the cohesive material readily formed agglomerates, these were relatively

weak and agitation from the impeller was sufficient in breaking the clusters and dispersing

the powder.

Figure 2.8: Example linear blender used in Portillo et al. [93]. Profile view of the blender

(A) view of the agitator shaft and blade angle orientation (B).

Later work by the same group [79] discussed the influence of cohesivity on powder

behaviour in a different continuous mixer (albeit similar to the blender shown in Figure 2.8),

inclined at +17º. The study used two different grades of lactose, Fast Flo and Edible, which

displayed flow indices (measured using a Gravitational Displacement Rheometer) of 24.9 and

34.8, respectively, suggesting that both are highly flowable powders. In addition, the bulk

density tapped density of the Fast Flo Lactose were 0.626 (g/mL) and 0.704 (g/mL), re-

spectively, while the Edible Lactose measured 0.629 (g/mL) and 0.981 (g/mL), respectively.

Portillo et al. [79] found that cohesivity negatively impacted axial mixing, becoming a statis-

tically significant factor at higher levels of agitation; thus demonstrating the effect of cohesion
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in resisting the separation or relative movement of particles. In addition, the authors ob-

served that particles with high cohesion experience longer residence times, with similar path

lengths, suggesting that the particles move at slower velocity through the blender. This pos-

tulates that methods that increase the shear rate, and therefore the relative particle velocity,

can combat the effects of cohesion by increasing dispersion [94], and consequently improve

micro-mixing. This could also be described as an increase in the dynamic granular tempera-

ture as a function of the increased shear rate [95, 96]. This finding may, at face value, seem

to contradict the findings discussed in the previously mentioned study by Lopez et al. [48],

in which the translational velocity of the powder going through the conveying portion of

the system was observed to be higher with increasing cohesivity. However, despite the net

velocity being higher, the relative velocity (which drives micro-mixing) may nonetheless

be lower.

It should be noted that any residence time distribution (RTD) data will be a function

of both the volume % of the tracer and the interaction of the tracer within the bulk that

it aims to measure. For more detail on RTD behaviour in continuous blenders see Escotet-

Espinoza et al. [81, 54], where the authors provide a comprehensive two-part study, analysing

the behaviour of tracers with different properties.

Vanarase et al. [24] investigated the blending performance of a horizontal linear

blender, both with and without the addition of a co-mill. The authors stated that under

optimal macro-mixing conditions, micro-mixing was identified as the limiting factor, leading

to poor mixing performance. The inverse was also found for optimum micro-mixing condi-

tions. This highlights the independence of these two types of mixing, and the consequent

requirement, to balance a blending system’s capability to deliver both sufficient micro and

macro mixing.

Interestingly, research by Portillo. et al. [93] contains contradictory findings, when
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compared to Vanarase et al.’s study [24]. They found that using an incline blender increases

the overall residence time when compared to a horizontal system—see Figure 2.9. Thus,

for the same residence time as was demonstrated by Vanarase et al. and therefore similar

macro behaviour, Portillo et al. showed that the agitator speed could be increased, which in

turn provides greater shear, achieving improved micro-mixing conditions with cohesive pow-

ders.

Figure 2.9: Acetaminophen residence time distribution plots from Portillo et al. [93], demon-

strating the effect of blender volume inclination and RPM on RTD; (a) 78 RPM, (b) 16 RPM.

Van Snick et al. [32] investigated the performance of different mixing blade configu-

rations (Figure 2.10, graphically demonstrates the orientation of blades along the agitator’s

axis) and found that despite the ‘P16’ blade configuration not delivering the highest dis-
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persion, it offered the best consistency (see Figure 2.11). The ‘P16’ blade config’ utilised

a series of two sets of transport blades (45º), followed by a set of radial mixing blades

(90º). Whereas the other example—‘D8’—delivered the highest powder dispersion, with the

downside of higher variability.

Figure 2.10: Blade configurations refer to a series of different blade orientations along the

agitator’s axis. Top left: side-by-side comparison of transport blade and radial mixing blade

(RMB). Top right: example of a blade combination that would take a position along the

agitator’s axis, denoted by a number in the configurations D8 and P16 below. D8 and P16

depict blade configurations; all positions that are not labelled as RMBs are transport blades,

and each collar position sees the blade combination rotate 60� clockwise to the direction of

the impeller. Adapted from Van Snick et al. [32].

This is supported by Vanarase et al.’s [24] findings, with both surmising that a bal-

ance is required between micro and macro mixing. Based on ‘P16’s performance, in Van

Snick et al. [32], it seems as if the ‘D8’ configuration provides a surplus of dispersion- lend-

ing to poor macro conditions. The authors also attribute the good performance of ‘P16’ to

the increased mass hold-up within the blender’s volume, as the mixing blades are shown to
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increase fill level, and therefore total mass hold-up [32]. Ultimately, the study suggests that

varying position, number, and angle of the blades could aid in controlling API within the

blending phase, and that different blade configurations may be selected according to the for-

mulations’ properties, such that the desired throughput is attained, whilst output variation

is minimised.

Figure 2.11: Tablet uniformity corresponding to the blade configurations seen in Figure 2.10

(D8 and P16); Upper graphs: content uniformity as a function of impeller speed and mass

rate (green triangle = 24 kg/h, blue square = 30 kg/h, red triangle = 36 kg/h). Lower

graphs: relative density distribution based on the target API dosage at the centre point of

the experimental design (250 rpm and 30 kg/h). Gathered with permission from Van Snick

et al. [32].
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Gao et al. [97] developed a two-blade (periodic) section of a continuous horizontal

mixer (see Figure 2.12), and evaluated mixing performance using a monodisperse DEM sim-

ulation of the blender. Gao et al. [97] subjected four different simulated powders (classified

as: control, lower density, larger particle size, and cohesive) to the same tests, and mapped

the axial conveying efficiency in fill level-rpm space. This conveying efficiency was quantified

by normalising the mean axial velocity of particles with the rotor speed and effectively giv-

ing the mean distance conveyed per revolution. The powders were subjected to various fill

levels (from 25–75%) and a range of rpms (50–250). Figure 2.13 shows that the relationship

between normalised axial speed, and fill level/rotational speed was very different for the

cohesive simulation: axial velocity is lower, when compared to the control and to the other

powder types, especially at low speeds (50–125 rpm) with a moderate-to-high fill level (50–

75%). In addition, the cohesive particles achieved a max velocity of only 38 mm/revolution,

the lowest of the four samples [97]. These results are in agreement with the discussion gained

from the work of Portillo et al. [79] work.

Figure 2.12: Periodic section of a continuous blender including two blades (a) Isometric

View, (b) Side profile view with dimensions. Gathered with permission from Gao et al. [97].

It is worth noting that, for all non-cohesive powders used in Gao et al.’s work, when
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going from high to moderate fill levels (i.e., from 75% to 40%) at 100 rpm, normalised axial

velocity increases. Cohesion is still shown to have an effect at higher rpms, demonstrated

by the increased distance between the contours. This finding corroborates with the rpm-

cohesion-significance result from Portillo et al. [79], clearly showing that the relative effect

of cohesion will depend on operating conditions (speed and fill/mass rate), and not neces-

sarily in a predictable way, reinforcing the need for more work in this area. This finding,

surrounding the three non-cohesive powders, was further supported by the work of Sarkar

and Wassgren [98], where the normalised axial velocity presented the same trend, despite

different geometry, particle properties, and operating conditions.

Gao et al. [97] also mapped the continuous blending rate (kc), which is the ratio

of the normalised mean axial velocity to the time-dependent RSD decay rate, where kc

essentially details the ratio between the axial (macro) and radial (micro) behaviour of the

system. The results obtained were a similar contour plot to Figure 2.13, but in terms of kc.

Across the different particle properties, it was shown that high RPM and low fill produced

the greatest kc. Moreover, there was little difference seen in kc at <125 rpm irrespective

of fill level. For rpm > 125: going from high-to-low fill showed a sluggish increase in kc,

as the space between contours and colour changes progressed slowly. This highlights that

cohesion does not only affect the axial aspect of the mixing process, but also contributes

to the hampering of radial mixing. Finally, Gao et al. [97] suggest further investigation on

segregating materials, which would prompt several questions on a constituent’s experience

within the bi-or-polydisperse system. Particularly, it is worth considering what might be the

best excipients to pair with different levels of cohesive materials, in order to best aid their

macro- and micro-mixing. This has the potential to result in a CDC formulation, of the

same drug, differing from their original batch formulation. Different excipient(s) may offer a

significantly improved CDC performance, without impacting the tablet’s therapeutic efficacy.
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Figure 2.13: Contour plots of normalized mean axial velocity: (a) control, (b) lower den-

sity, (c) larger particle size, and (d) cohesive particles. Gathered with permission from

Gao et al. [97].

Tomita et al. [99] utilised an atypical blending set-up, operating with both an impeller

and a scraper in a horizontal mixer (see Figure 2.14). The inclusion of the scraper allowed

for the control of the mean residence time in a manner that—unlike the previously-discussed

systems—was quasi-independent of the magnitude of the impeller’s agitation. In this sys-

tem, the rpm of the axial impeller was driven separately to the ribbon-shaped scraper, which

circumscribed the internal wall of the blender. Figure 2.14B shows the RTD curves of spiked

acetaminophen using different scraper rpm speeds, whilst running at a feed rate of 10 kg/s

and constant axial agitator speed of 3000 rpm. There is a considerable difference in the RTD
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performance between the slowest (5 rpm), and highest (50 rpm) scraper speed, which deliv-

ered a mean residence time of 84.3 s and 12.1 s, respectively. The mixer provides a method

of achieving higher micro-mixing whilst managing the macro-mixing through either increas-

ing or decreasing the mean residence time. A similar result could be achieved with both

the horizontal, or incline, blender through the alteration of either the angle of inclination,

and/or the quantity of blades, blade angle, and/or blade positions. These design choices are,

however, less practical to implement within a feedback loop or control strategy—though the

incline angle of a blender may conceivably be varied dynamically.

Figure 2.14: (A) Impeller and scraper continuous mixer with arrows detailing rotation di-

rection, (B) APAP RTD spike response. Adapted from Tomita et al. [99].

Despite the advantages of an incline blender from a high-shear perspective, practical

considerations must be made when attempting to maximise mixing capabilities. For example,

the use of two units in series (horizontal blender and co-mill), as shown in Vanarase et al. [24],

would allow independent, de-coupled, control in real-time. This reduces the risk that the

process would leave a state of control, as each unit would have the capacity to compensate

for the other. Conversely, if the incline blender is the only unit responsible for delivering

both micro and macro-mixing, given it has the capacity to do so, it is likely the domain of

control will be smaller when compared to the two units in series. This is because the process
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parameters controlling the micro-mixing also control the macro-mixing, and so there is a

smaller window for advanced process control to operate within to ensure the mixing balance

is maintained. This, therefore, showcases the strength of Tomita et al’s [99] blending unit,

as it possesses the ability to independently influence the macro and micro aspects of mixing,

in real-time, using process control.

Palmer et al. [76] evaluated fill level and content uniformity across a range of pro-

cessing parameters in an inclined (+15º) continuous blender. These processing parameters

include: throughput, number of mixing blades, and agitator RPM. The study then explored

the same parameters, using the same formulation, with different grades of API (APAP)—see

Table 2.1. The result is the proposed exponential decay model (see Figure 2.15), and micro-

mixing model (see Figure. 2.16), which uses both the Peclet Number (Pe, see Equation

(2.4)) and the strain (✏, see Equation (2.3)). In addition, Figure 2.17, showcases a series of

contour plots describing the effect of processing parameters on the fill level, for each APAP

formulation. The study explored a range of Froude numbers (Fr) between 1.5, and 13.4 (for

150 and 450 rpm, respectively).

Table 2.1: Material properties of the APAP grades used in Palmer et al. [76].

Material FFC
Bulk Density

(g cm�3)

Tapped Density

(g cm�3)
Hausner Ratio Carr’s Index

Micronized APAP 1.4 0.19 0.30 1.58 36.67

Powdered APAP 1.9 0.31 0.53 1.71 41.51

Special Granular APAP 19.4 0.73 0.83 1.14 12.05
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Figure 2.15: Tablet assay RSD plotted against Strain (see Equation (2.3)), an exponential

decay model is fitted to the data. Gathered with permission from Palmer et al. [76].

Figure 2.16: Peclet Number (Pe) and Strain relationship plotted on a log–log graph, grouped

by throughput. Gathered with permission from Palmer et al. [76].
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Comparing the bulk characteristics in Table 2.1, Micronized APAP (mAPAP) has

closer bulk characteristics to Powdered APAP (pAPAP), but shows a unique shape contour

in Figure 2.17. Despite pAPAP and Special Granular APAP (sgAPAP) being opposed in

flowability indices, they present similar contour shapes. This indicates a similar fill-level,

and therefore bulk powder response, to the number of radial mixing blades (see Figure 2.10)

across a range of RPMs. For the mAPAP, however, increasing the number of radial mixing

blades has more impact on the fill level at lower RPMs, and this impact reduces with increas-

ing RPM. Van Snick et al. [32], discussed the necessity of sufficient mass hold-up (fill level)

to attain good levels of macro mixing. The combination of these two studies suggests (i)

that it is critical to determine the fill level landscape for the desired formulation to achieve

and maintain sufficient mixing, and (ii) that different highly cohesive powders would be ex-

pected to exhibit different complex behaviours. What is more, using the mAPAP contour

from Palmer et al. [76], considerations have to be made regarding what variables can be

controlled in real-time. Since the radial mixing blades cannot be changed in real-time, it

could be inferred from Figure 2.17, that using the highest number of mixing blades would

be more optimum, as it would allow the system to have the largest range of fill levels.

Figure 2.17: Contour plots mapping the impeller speed, number of mixing blades, and fill

level at a throughput of 26.25 kg/h (a) Micronized APAP, (b) powder APAP, (c) special

granular APAP. Gathered with permission from Palmer et al. [76].
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Furthermore, Figure 2.15, from Palmer et al. [76], models the exponential decay of

content uniformity RSD with increasing Strain (Strain, Equation (2.3)). Strain is a con-

founded variable for this system (an incline (+15º) linear blender), as increasing the RPM

decreases the mean residence time, meaning that the number of blade passes also affects the

mean residence time [93, 76]. Thus, strain is dependent on the throughput, RPM, and the

powder’s material properties, making it essential to understand how the powder responds

to processing parameters. Understanding in this area can be gleaned from the work of Por-

tillo et al. [93, 79], Gao et al. [91], and Lopez et al. [48] regarding powder velocity, fill level,

and resultant changes in residence time due to cohesion. More cohesive powders would be

subject to longer residence times, but lower relative velocities. Therefore, more cohesive pow-

ders should be more resistant to increasing RPM in turn reducing cohesion’s effectiveness;

Figure 2.17 demonstrates the added complexity. Ultimately, strain is a great, yet elusive,

measure of effective work done to the powder. The model shows there is an optimum amount

of strain required (around 1500) to attain a high-quality blend.

Lastly, Palmer et al. [76] shows a linear log–log relationship between Peclet Number

(Pe) and strain, see Figure 2.16. Pe is a dimensionless number describing the ratio between

advective and diffusive mixing in the system (see Equation (2.4)). To give an example,

a high Peclet number would be expected to produce a narrow RTD. The model, at higher

throughputs (and therefore, higher residence masses), showed reduced scattering and more

linear behaviour, implying that the model may be favoured in predicting systems with high

residence mass, whilst also implicitly suggesting that systems with low residence mass may

present unstable micro-mixing capability and therefore may be unfavourable. Despite this,

across all throughputs, it was seen that with reducing strain, the Peclet number increased.

Strain = ✏ = MRT ⇤ ! (2.3)
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where MRT is the mean residence time and ! is the rotation rate of the agitator.

Peclet Number = Pe =
advective transport

diffusive transport
=

uL

D
(2.4)

where u is the flow velocity, L is the characteristic length and D is the mass diffusion

coefficient.

Froude Number = Fr =
centripetal force

gravitational force
=

!2R

g
(2.5)

where ! is the blade rotation rate, and R is the geometrically relevant length-scale—i.e., the

radial distance from the centre axis to the tip of a blade.

While, as outlined above, strain is considered beneficial for powder mixing, it has

also been shown that powders that experience high levels of strain (number of blade passes)

are also more likely to be subject to triboelectric charging [100]. Naturally, the effect will

present some interest in how electrostatics influence/interact with powder cohesion. Karner

and Urbanetz [100] investigated the influence of pharmaceutical mixing in a batch mixer and

found that particle size, the fraction of fine particles, and mixing volume were significantly

impacting the charging behaviour of the powder, stating that small particles were more

prone to generate higher charge density. How these findings would translate to a continuous

blender represents a potentially interesting and valuable line of inquiry.

Beretta et al. [36, 37] performed a two-part study on the triboelectric effect of charg-

ing powder via. powder transport in twin-screw feeding. This was followed by a study using

relative humidity (RH) to subdue the electrostatic effect. Given that it is typical to main-

tain a RH between 30–60% in ISO-graded GMP environments [101] and that additional air

moisture can increase the presence of liquid bridging, promoting cohesion [50], it becomes

difficult to assess purely on the grounds of cohesion. The downside of controlling relative

humidity is that it becomes difficult and expensive to maintain HVAC systems, especially

as temperature and humidity fluctuate across the year. There are other options to consider,

such as silication, outlined by Lumay et al. study [50], which was shown to be capable of
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electrostatic dissipation and localised relative humidity control. Therefore, the use of sili-

cates becomes a much cheaper and simpler option, despite what relative humidity may offer.

However, this assumption is limited by current knowledge and awareness of the author(s) at

the time of composing this review—novel literature may render this assumption moot.

Beretta et al. [36, 37] stated that the charging forces are primarily recruited through

particle–particle friction, while particle–wall friction did not directly contribute to charg-

ing. In addition, the authors made considerations for impacts on powder mixing; interest-

ingly, the discussion touched on utilising these static forces to aid the mixing process [36].

Huang et al. [23] provide evidence of this, as dry powder coating is seen in a high-shear

co-mill. Huang et al. [23] investigated the effect of dry powder coating of different APIs and

excipients and found that the coating of fine colloidal silica improved both bulk density and

FFC performance. SEM images displaying the silica coating are shown in Figure 2.18. There-

fore, charge- or cohesion-based coating could provide an avenue to attain what Fan et al. [84]

(see Figure 2.7) would describe as perfect ordered mixtures.
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Figure 2.18: SEM images showing the surface coatings of Top: excipient (lactose) and

bottom: API (Ascorbic Acid). Left: Non-coated and Right: 1% w/w Aerosil® R972

colloidal silica coating. Gathered with permission from Huang et al. [23].

Lastly, alternative silicates—such as magnesium aluminosilicates (MAS)—have been

trialled in some flowability studies; demonstrating an increase in flowability, without a con-

straint on mixing time and intensities, which is a limitation of several glidants [102]. Such

materials could be used in place of the more traditionally used MPS grades for processes

which may operate with different materials or mixing regimes.
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Blending Summary

The scope of this topic is multidimensional, and therefore increasingly difficult to surmise

without reducing the complexity of the situation; despite this, several trends—and avenues

for future work—have emerged throughout this review.

Firstly, and perhaps most obviously, the literature strongly suggests that, regardless of

differences between continuous blenders, cohesion provides a barrier to dispersion, and thus

a barrier to achieving micro-mixing [79, 91], which therefore decreases the quality of the mix.

Cohesion has also been shown to exhibit complex behaviour at higher fill levels and lower

rpms [91, 79, 76], where the particle–particle contacts are expected to be at their highest.

There is a common theme across the literature emphasizing the need to devise so-

lutions to mitigate the effects of cohesion through the optimisation of processing parame-

ters [76, 32, 90, 34, 103]. The literature suggests multiple manners in which this may be

achieved, for example through alterations in system or agitator geometry, agitator rotation

rate, feed rate, and various other factors. The differences in geometry for each blending sys-

tem, however, means that each system has its own approach to solving the cohesion problem,

thus making it difficult to generalise findings, and methodology, when attempting to under-

stand the mechanisms and behaviour which explicitly govern cohesive blending. This is then

exacerbated when considering that different formulations respond differently under the same

conditions. An important task for future research is to define common parameters—e.g.,

dimensionless numbers—which can successfully generalise previous findings.

In the literature to date, several variables have been determined to affect the influence

of cohesion on mixing. These include the Froude number (Fr, Equation (2.5)) or rpm,

the magnitude of powder cohesivity, and the fill level of the blender. It has also been widely

suggested that, due to cohesive particle–particle contact, a given system will require either a
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higher shear or more frequent agitation to break apart the additional cohesive forces. Strain

(✏, Equation (2.3)) is defined as the mean residence time multiplied by the rotation rate of

the agitator (RPM), and is a measure used to quantify the amount of work the agitator does

per unit of space-time (⌧) [76, 90, 32, 83]. This quantity has been suggested as a valuable

indicator of the degree of shear in a system and thus of blending success [76, 90, 32, 83].

It has also been suggested that cohesion loses its significance, and complex behaviour,

when rpm increases, implying that by running a continuous blender at high RPM, one may

improve (micro-)mixing. However, the work of Van Snick et al. [32] suggested the need

for a sufficiently large mass hold-up in order to ensure good macro-mixing. However, these

seemingly contradictory requirements can potentially be reconciled by ensuring that RPM

is high enough to minimise cohesion’s effect, thus improving micro-mixing, whilst altering

the system’s geometry (or other system-specific variables) to ensure a suitable amount of

hold-up mass is retained, thus retaining good macro-mixing.

Regarding future work, it would be interesting to see where the lines of significance lie

for each of the three cohesion-dependent variables and their interactions. Such a study would

most likely have to be conducted via DEM and should follow the suggestions left by Gao et al.

[91]. In general, there is potentially significant value to be found in using numerical modelling

methods such as DEM to address a number of the experimental observations discussed in

this section.

A Perspective on Continuously Blending Cohesive Species

A final thought on continuous blending; is that the tablet’s powder formulation could be

thought of as an emulsion, whereby work (in the form of strain) is given by the blender to

shear through existing API clusters, reducing their size, and promoting the distribution and

circulation of the new, finer API clusters around the bulk mass. The cycle then continues,
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by imparting even-more work and further distributing the API clusters. The remainder of

the tablet’s formulation (which is mostly excipient) should, therefore, promote and stabilise

the small API clusters, ensuring that they are maintained before they receive more work.

Similarly, emulsions require thickeners and surface active agents to develop and maintain

immiscible fluids [104]. Formulation development for CDC processes could look to use the

same methodology, namely, through the exploitation of dry powder coating [23] and electro-

static charging [100]. However, considerations have to be made to ensure that, if the API is

coated, it does not affect the therapeutic efficacy of the tablet.
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Chapter Three

Business Impact: AstraZeneca, Oral

Product Development

3.1 Introduction: Continuous Blending Equipment

Continuous blending in essence follows a similar method (in terms of mass transfer) to a

Continuous Stirred Tank Reactor (CSTR), albeit mixing powder within the tank’s volume,

rather than fluid. Thus, principles in the realm of mixing, such as residence time, influence

of impeller geometry, and dead zones, are readily translated (conceptually) into the space.

It is important to recognise that the selection of fixed parameters1 can significantly

affect the performance of mixing processes. These parameters often depend on the op-

tions provided by the equipment manufacturers. Naturally, in any market, manufacturing

equipment evolves to incorporate improved geometries, materials, and methods to enhance

manufacturing efficiency. Consequently, competition within the industry has led to various

geometrical innovations, most notably in the angle of the blender’s inclination. The literature
1In this context, ’fixed’ explicitly refers to process parameters that are selected before operation and

cannot be changed during operation, such as tank volume and impeller geometry.
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discussing the influence of these parameters on the mixing of cohesive species is presented

in Chapter 2.2.3.

Therefore, the strategic investment of AstraZeneca has led to the purchase of CDC-50

from GEA (Düsseldorf, Germany); it uses a 15� inclination from the inlet to the outlet, with

an idealised throughput of 50 kilogrammes an hour of powder. This investment is situated

within AstraZeneca’s Gothenburg (Sweden) GMP facility. At the beginning of the project,

there was a significant need for the equipment to meet the scheduling requirements for

both product development activities and clinical supply for various projects in the portfolio.

This project saw the introduction of MACH-1, a Good Laboratory Standard (GLS) suite

of equipment to assist early development work, enabling the GMP facility to focus on later

development tasks, such as clinical supply. The achievement of this achievement successfully

fulfils the first objective of the thesis.

3.2 Business Criticality: The Role of MACH-1

3.2.1 What is the MACH-1?

The MACH-1, or Macclesfield’s Accelerated CDC Hub, is a suite of Good Laboratory Stan-

dards (GLS) equipment assembled to perform early-stage product development experiments.

Data collected from instrument trials are used to calibrate and validate process modelling

platforms, thereby guiding the determination of optimal processing parameters, which also

inform the required parameters for the GMP CDC-50 in Sweden.

The GLS test bench includes the following equipment:

1. Two Loss-in-Weight (LIW) feeders: the first, a ‘GZD 200.22’ powder feeder from Ger-
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Figure 3.1: Simplified Computer-Aided Design (CAD) drawing of the MACH-1 equipment

arranged within the powder booth, equipment and arrangement are to scale. The set scale

can be seen by the 1-meter scale bar (of the 10 consecutive 10cm squares) outside the powder

booth.
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icke (Regensdorf, Switzerland), and the second, a ‘Compact feeder’ from GEA (Düs-

seldorf, Germany). Both have a variety of screw types and pitches, as well as their

respective proprietary attachments.

2. A prototype of an ‘incline linear powder blender’, which is the predecessor of the com-

mercially available CDB-1 Incline Linear Blender from GEA (Düsseldorf, Germany).

3. A Mettler Toledo (Greifensee, Switzerland) XS64000LX Balance, using Mettler Toledo’s

proprietary LabX software for data logging.

4. An in-house-fabricated manifold for the outlet with PAT probe port named the ‘JSS’

sampler.

This modular configuration can provide valuable information on the precision and

uniformity of the feeding and blending processes, making it beneficial for exploratory and

validation analyses. A CAD drawing (seen in Figure 3.1) displays the assembly organised

within the powder booth ready for operation; furthermore, a colour-labelled drawing can

be seen in Figure. 3.2 which describes by colour the different unit operations seen in the

MACH-1 assembly.

3.2.2 The Role of MACH-1

This section, while brief for confidentiality reasons, aims to outline the significant work car-

ried out for this project by the Oral Product Development, Pharmaceutical Technology, and

Development Teams at AstraZeneca UK. The concept of scaling up batch equipment is not

new and has been explored for many years. The goal of the MACH-1 suite aligns with

this traditional approach: to collect valuable data that inform the manufacturing process,

improve production efficiency, and minimise material use. Nevertheless, continuous manu-

facturing, such as CDC, represents a relatively new area of focus, particularly the scale-up of
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Figure 3.2: Colour labelled Simplified CAD Drawing of the MACH-1 equipment. Colours

correspond to the following equipment: blue, Gericke LIW powder feeder; gold, GEA LIW

powder feeder; green, fabricated stainless steel frames/trolleys; red, GEA CDB-1 prototype

blender; purple, Mettler Toledo catch scale.
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such processes, necessitating a deep dive into the expertise required to enable this capability

effectively.

In this project, a prototype of the CDB-1 blender was acquired from GEA. For context,

the CDB-1 functions as the initial blender in a sequence of two (CDB-1, which supplies CDB-

2) within the GEA CDC-50 equipment train. The equipment was subsequently adapted

in-house to improve alignment with the GMP CDC-50 (in Sweden) and to meet the specific

requirements of the experimental work. These modifications are detailed in more detail in

Chapter 3.2.3 and revisited in Chapters 4 and 5.

The primary objective of MACH-1, along with the data gathered from this prototype

and other additional equipment, was to accelerate the early stages of product development,

thus reducing waste. This approach allows for conducting experiments that deliver faster

results at a lower cost, which in turn enhances the overall development process. The mod-

ularity of MACH-1 and its dedicated use for GLS activities offers a unique opportunity to

deepen our understanding of the blending process. A notable example of its application is

discussed in Chapter 4, where the blender was used off-site for experiments using a novel

measurement technique to gain insight into the mechanics of mixing by tracking particle

trajectories under various conditions.

These empirical findings are particularly valuable at crucial stages of evaluating manu-

facturing techniques for specific pharmaceutical candidates. In addition, the device serves to

conduct verification tests for existing medicines. For example, if a new supplier is explored

for a formulation component, one can verify whether this change affects manufacturabil-

ity in a CDC setup. This is especially critical during periods of supply chain volatility,

where external factors such as global disruptions and the variability introduced by contract

manufacturers are concerns. Furthermore, streamlined experiments designed to measure

performance also offer insights into other variables, such as batch variability of supplied ma-
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terials or environmental conditions such as relative humidity, which could be significant for

manufacturing in different global locations.

In essence, the MACH-1 equipment is instrumental in enhancing the development

process and mitigating risks during the development phase. The insights from MACH-1

experiments enable the Digital Department to refine, calibrate, and validate digital models,

thereby informing processing parameters for feeding and blending operations during future

GMP trials.

Although GMP trials will still be mandatory to gain a thorough understanding of

various operational states, they require significantly more material and time; therefore, the

number of trials should be minimised. In contrast, MACH-1 presents an efficient, cost-

effective, and simpler approach to progressing from the early stages of product development

to the regulatory submission of a manufacturing method for continuous direct compression.

3.2.3 Required Modifications for the Prototype Blender

When the prototype blender arrived, it was important to confirm that the data it produced

truly mirrored that of the GMP blender situated in Göteborg, Sweden. First, a review was

carried out to assess the safety and appropriateness of using the blender and its auxiliary

equipment within the laboratory setup in Macclesfield, UK. Following this review, it was

identified that a few modifications were needed, primarily to enhance safety and additionally

to ensure the blender could accurately mimic the GMP outcomes.

The subsequent section provides a brief overview of the design and safety modifications

essential to the functionality of the equipment.

1. Mechanical adjustments/connections: The outlet flange was adapted to accom-
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modate a 3-inch triclamp ferrule, allowing easy attachment of a fixed coarse mesh

to prevent unwanted manual interference. Additionally, this ferrule allowed for the

connection of a containment bag (collecting the powder from the outlet) and the JSS

manifold used for PAT probes. In addition, stainless steel funnels and caps were in-

stalled at key entry and exit points. These versatile fittings served multiple functions:

they ensured that the vessel maintained adequate airflow during containment; they

blocked unauthorised manual interference; and they directed the material flow to the

proper locations, both before and after blending.

2. Motor upgrade: The original 3GVA082002-ASB AC motor from ABB (Zürich,

Switzerland) was replaced with an RX67-DRN90S4-IE3 AC motor from SEW (Bruch-

sal, Germany). This upgraded motor provides increased power, ensuring greater relia-

bility in maintaining the desired RPM during operation due to its higher torque.

3. Feedback PID loop for constant RPM delivery: By combining a proximity

sensor (which monitors rotations via a sensor on the impeller shaft) with a variable

frequency drive, variable power is applied to maintain a constant RPM. Consistent

RPM is essential to ensure that the blender runs at the desired speed. Moreover, this

setup, along with higher torque values, enhances the control of the impeller to achieve

a steady state.

These modifications were driven by two primary objectives: first, to improve contain-

ment and reduce dust generation, and secondly, to enhance the reliability and accuracy of

operation—the latter effectively addressed by the motor upgrade and control loop. However,

the former objective is particularly critical because of the potential processing of highly po-

tent substances by the equipment, necessitating the minimisation or elimination of exposure

for personnel handling or processing the materials. Furthermore, it is crucial to prevent

any local build-up (even within the powder booth) or surface coating in areas not properly
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grounded for static dissipation. The blender itself was equipped with a suitable ATEX rat-

ing (ATmospheres EXplosibles) to process such materials, and hence the modifications made

were aimed at enhancing experimental practices and mitigating risks within the available fa-

cilities in accordance with the UK’s Health and Safety Executive (HSE) ATEX [105] and

DSEAR (Dangerous Substances and Explosive Atmospheres Regulations) [106] regulations

and guidelines.

3.3 MACH-1 Integration

The execution of the MACH-1 and its integration into Oral Product Development proceeds

as follows:

The strategy for operating MACH-1 equipment involved placing it in a powder air

booth to prevent airborne dust, ensuring safety for operators and observers. Mechanical

enhancements included specialised manifolds and a bagged collection system at the discharge

point, creating a self-contained set-up that reduces dust in the workspace. To maintain the

airflow of the blender while ensuring containment, all external openings were designed with

a minimum diameter of 5 cm and equipped with a sock filter.

The equipment was subsequently installed on mobile frames specifically designed for

easy removal or positioning, individually or in groups. This setup not only improves op-

erational safety, but also simplifies cleaning. As illustrated in Figure3.1, the frames are

engineered to mitigate vibrations that could affect the load cells of the LIW feeders, thus

ensuring precise processing within a confined workspace. The principal frame design sub-

stantially obstructs the vertical cross-sectional area below the feeders, effectively isolating

the blender from the feeding units and protecting the blender’s motor from dust during pow-

der management, while still allowing unrestricted air circulation (from the booth) around
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the feeders to effectively capture airborne particles. In addition, secondary containment is

achieved using rigid transparent plastic containers for powder storage, preventing spills or

breaches.

The second phase involved refining best practices for work methods, cleaning pro-

cedures, and data management. After conducting several hundred experiments with the

MACH-1 using low-risk non-active powder materials, these practices were digitised into vi-

sual standard operating procedures. This step ensured that operational methods were fully

developed and optimised to reduce human error before progressing to finer powders and

eventually to active compounds.

A subsequent phase involved a comprehensive safety review of the equipment utilising

a safe active substance to measure exposure levels during its use and subsequent cleaning.

The operators donned protective equipment, including personal powered respirators and

Tyvek® coveralls with overshoes. The concentration of the substance, measured in Parts

Per Million (PPM) outside the containment area, was found to be negligible during both

the operational and cleaning phases, suggesting minimal and acceptable exposure risk. This

successful exercise confirmed compliance with AstraZeneca’s safety criteria, establishing that

the equipment is suitable for managing materials up to Operational Exposure Band (OEB)

5 when following the Standard Operating Procedure (SOP). However, for compounds within

OEB 3-5, operation requires a superuser following a detailed risk assessment to ensure ad-

herence to safety protocols.

In the fourth stage, data validation involved blind replication of experiments to com-

pare the results. The data matched within an acceptable variance, convincing the leading

engineers in the product development department of the MACH-1’s value as an initial testing

bench, aligning with the GMP CDC setup.

The fifth and final stage was the training of the personnel and the full integration of
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MACH-1 into business as usual operations. This knowledge transfer began with presentations

across sub-departments and the introduction of the equipment to project teams, followed

by a scheduling system for equipment use. As interest grew, prospective users shadowed

experiments before receiving 1-to-1 training. Feedback from these sessions informed the

training materials, resulting in the development of an interactive SOP on Tulip Software

(Boston, United States) for experimental methods, assembly/disassembly and cleaning, thus

completing the integration and knowledge transfer process regarding the equipment.

3.4 The Impact of the MACH-1

In Q2 2024, the MACH-1 facility was used for three drug projects and is scheduled to be used

for new projects that advance through the product development pipeline. Below are some

examples of experiments that each project could carry out to gather data on the project

journey through its early CDC evaluation or process optimisation stages.

• Process Development: Identify, and prove, that the blending parameters (e.g. mix-

ing blade configuration and impeller RPM) are fit for purpose to deliver the desired

uniformity of content with the desired formulation.

• Method Development: The development of PAT model(s), via. the use of inline

sensors, which can evaluate the uniformity of the formulation content at the outlet of

the blender. The resultant model can be imported to the complete CDC-50 rig for

validation, which accelerates the PAT method process. Accordingly, a study by Alam

et al. [107], where a Near Infra Red (NIR) method (for a tablet press feed frame) was

developed on a bench-top version of the system and directly translated (and validated)

to a full-scale continuous manufacturing line.
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• Optimisation: Evaluate the combination of processing parameters that aid in pro-

viding a more accurate and reliable powder feed rate of a constituent powder to the

blender, in addition to its accompanying top-up strategy.

3.4.1 MACH-1 Enabled Experimentation, Modelling & Simulation

Traditionally, experimental campaigns for process optimisation rely on a multi-run Design

of Experiments (DoE) approach often involving 12 or more trials [108], plus validation runs.

Given the system has 3 primary process parameters to use, and an expectation to see non-

linearity in the trending, either a CCD (central composite design) or a BBD (box-Behnken

design) would be suggested; the former requires a minimum of 15-19 runs and the lat-

ter 13-15 runs, both depending on the number of centre point repeats done. This can be

time-consuming and expensive, especially when dealing with highly complex Active Phar-

maceutical Ingredients (APIs) that can cost upward of £10,000 per kg [109]. Concerns about

cost and the availability of materials are typical at this stage of development, necessitating a

first-time-right strategy for determining the parameter ranges used in the DoE. The MACH-1

workflow, especially when supported by the web-based AI/ML tool, can reduce the number

of experiments needed through in-silico experimentation, thus shrinking development costs

and environmental impact.

Key Assumptions

• API per Experiment: For a blending study, it would be common to use 1 to 1.5

kg of API. This is defined by the downstream needs of clinical and biopharmaceutical

applications.

• Design of Experiments (DoE): A DoE that evaluates the nonlinear behaviour of

67



Business Impact: AstraZeneca, Oral Product Development

three factors for process optimisation typically involves 12 or more experiments. Three

to five additional validation runs (on the GMP equipment) are often performed to

verify reproducibility and robustness [108].

• API Manufacturing Cost: Hill et al. (2018) [109] explored the expenses involved

in producing generic APIs in various regions. The study highlights that the creation of

complex small molecule Active Pharmaceutical Ingredients (API), influenced by strict

quality requirements and intricate chemical processes, incurs costs ranging from $1

to over $ 100,000 per kg. Furthermore, Hill et al. (2016) [110] detailed the feasible

pricing of four generic tyrosine kinase inhibitors, which are used in cancer treatment.

These medications have price ranges from $347 to $4671 per kg. This pricing is fea-

sible for generic drugs, which face intense competition, prompting extensive process

optimisation that reduces production, manufacturing, and supply chain costs. Hence,

considering the cost variations due to the size, complexity, manufacturing scale, and

the development stage of the API synthesis, this evaluation employs a conservative

cost estimate of £10,000 per kg.

• API Requirement per Experiment: Each blending run requires approximately

1–1.5 kg of API. Material recovery at early-stage development is often infeasible, so

used API is typically non-recoverable.

• Carbon Footprint of API: An article by Witte et al. (2024) in McKinsey & Com-

pany [111] examined the decarbonisation of API manufacturing, delving into associated

costs and regulatory mandates. The authors noted that the carbon footprints for the

environmental factors of the API vary between 50 and 1000 kg, CO2 per kg, which

are affected by the complexity of the synthetic route, the intensity of the mass of the

process, as well as the efficiency of the supply chain and the operational efficiency.
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Comparison: Without vs. With MACH-1

Without MACH-1:

• High experimental burden: A typical 3-factor DoE investigating nonlinear conditions

run would require around 15 experiments; all of which would have needed to take place

on a GMP asset.

• Elevated cost: Each experiment would require between 1–1.5 kg of API, some of which

can be recovered for specific development tasks, but the majority are lost, leading to

substantial material consumption costs. The magnitude of API is high because the

system needs to reach steady state, resulting in losses start-up and shut–down, as well

as loss of material due to cleaning, or material at the outlet not content uniformity

specification.

• Greater environmental footprint: Excessive experiments within a GMP facility trans-

late to higher power and material requirements for the same effective experimentation,

resulting in higher carbon emissions.

• Higher opportunity costs: The GMP equipment experienced operational bottlenecks,

as it served both clinical and developmental purposes. With a significant focus on

helping clinical manufacturers, only essential development tasks were performed.

With MACH-1:

• Reduced experimental burden: The MACH-1 boasts only a single blender within the

modular equipment suite, resulting in reduced time to achieve steady state and de-

creased mass retention. Combined with accessible AI/ML tools, users can forecast the

region of interest, aiding engineers in model validation instead of constructing a surface
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model for process parameters, thereby achieving a 60–70% reduction in experimenta-

tion.

• Cost savings: Fewer runs significantly reduce API usage, potentially saving around

£100k per campaign.

• Lower environmental impact: Reducing redundant experiments reduces the consump-

tion of raw materials, such as APIs and cleaning solvents, thus curbing carbon emis-

sions. Furthermore, there is a decrease in facilities needed for GLS equipment in

contrast to those required for GMP.

• Faster insights: Accelerated development schedules and faster design modifications,

which aids in setting the initial parameters for the GMP facility. Furthermore, utilising

a modular GLS system, as opposed to the GMP system, offers greater adaptability,

permitting us to relocate the equipment to different locations for new insights, such as

those obtained from the Positron Emission Particle Tracking experiments mentioned

in Chapter 4.

Cost Calculations

(a) Cost per Experiment:

Material required per experiment = 1.25 kg ⇥ £10,000 (per kg)

= £12,500 .

(b) Total Initial Cost for DoE (No MACH-1):

Total DoE Cost = (12 experiments + 3 validation runs) ⇥ £12,500

= £187,000 .
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Estimated Savings (With MACH-1)

(a) Reduced Number of Experiments: By leveraging the AI-driven insights from

Chapter 5, the number of runs can be reduced by 60—- 70%. This is done by replacing

in vitro experimentation with in silico experimentation, from which a series of validation

experiments can be formed on the basis of the surface plot response to the formulation’s

quality under a range of processing conditions.

High Confidence = 1 Investigatory Experiment(s) + 3Validation Experiment(s)

= 4Total Experiments

= 73%Reduction

Low Confidence = 3 Investigatory Experiment(s) + 3Validation Experiment(s)

= 6Total Experiments

= 60%Reduction

Initially, scenarios may start with a strong level of confidence before transitioning to

areas with less certainty. This sequential experimentation is used to validate the model’s

surface, particularly as the formulation and process settings deviate from the training data

to which the model was exposed. For additional information on the model and its training

data, refer to Chapter 5.

(b) Associated Cost Reduction: Assuming a baseline of 60% reduction in costs while

excluding expenses related to power, non-API materials, preparation, execution, cleaning,

and skilled labour costs.
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Savings = £187,000 ⇥ 0.60 = £112,000 .

(c) Environmental Impact Reduction: Following the same exclusions of expenses and

following the median value between the ranges 50 and 1000 kg, CO2 per kg, land the value

0.525 T, CO2 per kg.

API Saved ⇡ 9 runs ⇥ 1.25 kg/run

= 11.25 kg of API saved (approx.)

Emissions Reduction ⇡ 11.25 kg ⇥ 0.525TCO2e/kg

= 5.91TCO2e (approx.)

3.4.2 Model Democratization

As modelling techniques advance in sophistication and complexity, the knowledge gap be-

tween technical experts and Subject Matter Experts (SMEs) has widened. Bridging this

divide has become increasingly critical, particularly as innovation requires the input of SMEs

across a broad spectrum of disciplines. Simplification, therefore, emerges as a key enabler

in this journey. It is vital to ensure that individuals with moderate expertise in modelling,

but deep domain-specific knowledge, can leverage these tools effectively without relying on

technical specialists.

The democratisation of modelling seeks to address this challenge by making models

user-friendly, widely accessible, and easily interpretable. The term "democratisation" encap-

sulates the aspiration to ensure advanced modelling capabilities are accessible to a broader
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audience, enabling a more inclusive approach to problem-solving. Marco Iansiti and Satya

Nadella (2022) [112] emphasise this concept as a crucial aspect of digital transformation.

Their article in the Harvard Business Review illustrates how intuitive tools can empower or-

ganisations to harness the diverse expertise within their teams, yielding substantial benefits

through enhanced collaboration and innovation.

In this chapter, a practical illustration of model democratisation is explored, with fur-

ther details provided in Chapter 5. At AstraZeneca, the trained model (discussed in Chapter

5) was hosted on the company’s secure intranet, ensuring accessibility while maintaining data

security. Users could interact with the model via a hyperlink that directed them to a ded-

icated website. This interface facilitated input through user-friendly mechanisms such as

value entry boxes, slider bars, and dropdown menus, providing a seamless experience even

for non-specialists.

The model instantly outputs a generated graph, predicting the performance quality

space based on the entered parameters. This interactive functionality allowed users to input

experimental values or hypothetical scenarios and adjust one (or more) variables to evaluate

the sensitivity of the operating space. This real-time feedback enabled users to navigate the

operating space dynamically, cultivating both quantitative understanding and intuitive grasp

of the behaviour of the system. This capability proved particularly valuable in assessing the

impact of processing parameters on formulation quality and vice versa.

The immediacy and flexibility of being able to simply interface with complex modelling

were instrumental in empowering users to explore and interpret results independently. This

not only reduced the reliance on modelling specialists, but also fostered a deeper engagement

with the modelling process. For more information regarding the specific technical details of

the model and its inputs/outputs, see Chapter 5. Moreover, this section within this chapter

is specifically placed in this chapter to highlight the broader implications for organisational
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impact.

3.5 Closing Remarks

The impact of this project can be summarised through two interrelated dimensions. Firstly,

the foundation of the GLS equipment, operating parallel to the GMP facility, addressed an

urgent need for additional experimental capacity. This modular suite of equipment was later

divided into project-specific work packages and integrated into AstraZeneca’s established

workflows for oral product development. Beyond its on-site utility, the equipment also proved

invaluable in supporting novel mechanistic studies conducted off-site, as detailed in Chapter

4.

Secondly, the GLS equipment was augmented with a digital layer: a democratised Ar-

tificial Neural Network (ANN) model. This model evaluates the performance of the blender

against specific formulation properties, as discussed in detail in Chapter 5. By embedding

this digital capability, the project exemplifies how user-centric design in modelling interfaces

can facilitate wider accessibility and operational efficiency. The ability to interact with such

a model in real time allowed users to evaluate performance and optimise formulation quality

independently, reducing the dependency on technical specialists.

Quantitative outcomes of these innovations include:

• Reduced experimental burden: Cut the total number of experiments by up to 60–70%,

resulting in significant savings on high-cost APIs.

• Cost efficiency: Lowered overall development costs by an estimated £100k per cam-

paign, with individual cases reaching savings of £112k.
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• Environmental sustainability: Reduced material consumption and carbon emissions by

nearly 6 tonnes of CO2, excluding auxiliary and operational environmental costs.

• Accelerated timelines: Transitioned from traditional in-vitro experimentation to rapid

in-silico studies, reducing timelines from days to minutes while improving early-stage

process knowledge.

These advancements align seamlessly with AstraZeneca’s commitment to sustainabil-

ity, innovation, and cost efficiency. The MACH-1 suite serves as a compelling example of how

the industry can approach early-stage drug development through modular process design,

leveraging digital transformation to meet both scientific and organisational objectives. The

project not only emphasises the power of democratized modelling but also demonstrates its

broader implications for fostering sustainable and cost-effective pharmaceutical development.
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Chapter Four

Application of Positron Emission

Particle Tracking (PEPT) for the

Evaluation of Powder Behaviour in an

Incline Linear Blender for Continuous

Direct Compression (CDC)

4.1 Preface

This experimental work was conceived as one of the first substantial investigatory tasks of

the thesis, designed to establish a foundation for later chapters. The focus was to develop an

understanding of the fundamental transport behaviour inside the blender, with the expec-

tation that such insight would simplify the treatment of more complex topics by providing

a benchmark dataset and a unique measurement technique to which subsequent analyses

could be referred.
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The core insights obtained in this stage are presented in Chapter 3 and provide the

basis for the next chapter (Chapter 5).

<The following chapter reproduces a research article published in Elsevier’s Inter-

national Journal of Pharmaceutics (Impact Factor = 5.8, available at https:// doi.org/ 10.

1016/ j.ijpharm.2023.123361 ), for which the candidate acted as lead investigator, lead au-

thor, experimentalist, and editor.>

4.2 Abstract

Positron Emission Particle Tracking (PEPT) is a non-invasive measurement technique which

offers the ability to track the motion of individual particles with high temporal and spatial

resolution and thus build up an understanding of the bulk behaviour of a system from its

microscopic (particle level) dynamics. Using this measurement technique, we have developed

a series of novel metrics to better understand the behaviours of powders during the steady-

state operation of a continuous blender system. Results are presented on the response of

particle motion to processing parameters (mixing blade configuration and RPM), quantifying

motion in terms of predicted mixing performance.

It was found that both increasing the rpm and increasing hold-up mass (by selecting

fewer transport blades and more mixing blades) provided improved mixing conditions. In-

terestingly, under specific conditions, there is evidence of convection-like mixing occurring at

the interface of the transport and mixing region. This suggests the existence of a potential

’folding region’ in which the powder is transported up the barrel (and away from the powder

bulk bed) before being reconstituted back into the bulk mass.
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4.3 Introduction

In the pharmaceutical industry, the shift from batch to continuous manufacture (CM) carries

the potential to significantly reduce both manufacturing cost and product variation [113,

114, 115, 116], thus ultimately reducing the cost to the end user, the patient. This mutually

beneficial outcome is being pursued by the entire pharmaceutical industry and the authorities

are active in parenting the development of these methods (e.g., ICH guidelines [117, 118,

19]), requiring that the introduction of new technologies is sufficiently understood to ensure

no risk is passed on to the recipient of these therapeutic products [31, 115, 19].

Therefore, it is paramount that understanding is demonstrated in the form of consis-

tent manufacture (i.e. process design and control strategy) and rigorous models to transition

from batch to continuous direct compression [114, 119, 115]. Furthermore, when considering

both the complexity of the task and limited of experience manufacturing CM therapeutic

products, it highlights that the journey to developing this knowledge is both challenging and

costly [120]. Reviews by Wahlich 2021 [19] and Teżyk et al 2015 [120] both surmise these

challenges in greater depth. Wahlich stated that– at the time the review was submitted

(June 2021)– only seven CM products were on the market, and of those seven products, they

were owned by four companies. As is evident from the above, from both a scientific, regula-

tory, and commercial standpoint, improved understanding of continuous process equipment

is vital to ensuring that the rollout of continuous manufacture can continue in a manner

which is both rapid and low-risk. The provision of new imaging capabilities stands to play

a crucial role in facilitating this understanding.

The continuous direct compression (CDC) process for solid dosage forms (tablets),

offers the simplest route to CM by using a minimal number of unit operations to continuously

produce tablets. However, our understanding of how powders respond to mixing process

conditions is limited. Excellent examples of work have been conducted by several researchers

78



Application of Positron Emission Particle Tracking (PEPT) for the Evaluation of Powder
Behaviour in an Incline Linear Blender for Continuous Direct Compression (CDC)

providing an initial understanding of how bulk powders respond to mixing processes across

units with different designs and orientations [79, 24, 32, 76, 99].

The seminal use of PEPT on small-scale continuous blenders was performed by Por-

tillo et al [79], and the findings are discussed later. Vanarase et al. [24] studied the effect

operating conditions had on a horizontal continuous blender through the use of RTD measure-

ments. Van Snick et, al. [32] comprehensively investigated several factors which contribute

to end-to-end CDC performance. Where blending is concerned (using a 15º incline blender),

Van Snick et, al. demonstrated the influence of blade configuration on mass hold-up and

its resultant effect on processing accuracy and consistency - in the form of content unifor-

mity. Palmer et al. [76] then furthered this by mapping the processing response of three

paracetamol formulations and produced a strain micromixing model - which demonstrated

an exponential decay between content uniformity (attained from tablet assays) and strain

(effectively defined as the number of blade passes). While Tomita et, al. [99] demonstrated

the independent control of micro and macro mixing by using a different blender system the

CTS-MG100 (Powrex Corporation, Hyogo, Japan), which utilised both a paddle impeller

and a circumscribing scraper.

Despite providing considerable insight into mixing processes within CDC, the afore-

mentioned studies nonetheless provide little direct insight into the internal dynamics of the

mixing process, due in large part to the optically-opaque nature of the systems studied.

Positron Emission Particle Tracking (PEPT) is a technique that uses highly-penetrating

gamma radiation to image particulate systems’ full, three-dimensional dynamics, including

metal-walled industrial process equipment. PEPT is able to track the motion of individual

particles through a given system of interest and use these individual traces to build up the

understanding of the bulk behaviour of the system, taking a ‘micro-up’ approach, rather than

the typical ‘macro-down’ approach. Moreover, the spatial-temporal data can be used to cal-

culate a multitude of metrics which are not possible from commonly applied PAT methods,
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such as NIR, and therefore, PEPT serves as a great tool for investigatory work. Full details

of the PEPT technique may be found in references [121, 122].

PEPT has already been used, in the previous work of Portillo et, al. [79], to investigate

the effect of RPM and blender inclination on 3 powder species using a small-scale linear

blender not dissimilar to that studied here. In their study, it was determined that an inclined

blender produced longer residence times and greater mixing potential; the powders travelled

similar path lengths but the more cohesive the powder the longer residence time; increasing

RPM decreased residence time (lending to poorer macro mixing conditions) but increased

radial dispersion- thus increasing the potential mixing quality [79].

An alternative method through which insight may be gained into the internal dy-

namics of mixing processes is the discrete element method (DEM). DEM, like PEPT, offers

a method of understanding the behaviour of not only the bulk but the individual particles

within a particulate system. Past studies of such systems have investigated the effect of

blade revolution rate (RPM) on axial and radial dispersion [82, 97] as well as the influence

on blade angle on powder transport and mixing [123, 124, 125, 97, 126].

DEM offers two pragmatic advantages over PEPT, namely a comparatively low finan-

cial cost (due to PEPT’s requirement for high energy and materials costs in the production

of tracers [122]) and more ready availability (there exist at present only a handful of ac-

tive PEPT facilities in the world). However, DEM simulations (depending on the number

of particles simulated) will typically take significantly longer than PEPT experiments and,

unlike PEPT, DEM simulations may provide misleading results without rigorous calibration

and validation. The necessary calibration and validation thereof is typically complex, time-

intensive and lacking a standardised ‘best practice’, meaning that in many cases such simula-

tions can only be trusted to provide at best qualitative information [127, 128]. Nonetheless,

through careful comparison with detailed experimental data such as that extracted via PEPT
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or other three-dimensional imaging techniques, near-quantitative accuracy may be achieved

[129].

This research presents the first application of Positron Emission Particle Tracking

(PEPT) on a commercially representative, manufacturing-scale continuous blender, following

the precedent set by Portillo et al.[79]. This approach utilizes industry-relevant geometries,

blade configurations, and RPM ranges. Drawing from the discussions of Gao et al.[125] and

Van Snick et al.[32], our goal is to critically analyze how these variables influence the mixing

conditions within pharmaceutical blending systems. This focus, however, is directed towards

the micro-behaviour of the powder at the crucial interface between the transport and mixing

blade sections of the blender, a region thought to significantly affect the mixing process.

In this study, local factors and their impacts on mixing conditions within the immediate

environment are specifically investigated, rather than evaluating the overall, global mixing

performance. The results obtained from this research will provide meaningful context for

our findings and contribute to a broader discussion on mixing conditions and regime-like

behaviour in similar continuous mixer systems.

4.4 Equipment, Materials and Methods

4.4.1 Equipment

Continuous Blender: GEA, CDB-1 Prototype

Experiments were performed using a prototype of the GEA CDB-1 continuous blender (GEA;

Frankfurt, Germany). The blender’s mixing volume is angled at a 15-degree incline from the

inlet to the outlet so as to increase the total hold-up mass as compared to an equivalent,

horizontal system. The internal diameter of the blender is 118 mm and the mixing volume
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of the blender is 9.3L. The blender has the same mixing dimensions as its commercial coun-

terpart but is more modular in its assembly. The blender’s axial shaft has 28 collars, each

of which accepts two blades which can either be at 45 degrees to the axis (push blades) or

90 degrees to the axis ((radial) mixing blades). The mixing configuration is set up such that

each collar is offset from the preceding collar by 60 degrees thus the progress of the mixing

blade(s) moves as a helix along the shaft. The helix rotation provides positive movement

in the direction of flow. The two configurations used for this experiment are ‘8H’ (8 mixing

blades) and 16H (16 mixing blades), meaning that the mixing section covers roughly 25 and

50 per cent of the shaft, respectively. Schematic representations of the two blade configura-

tions explored can be seen in Fig.4.3. The system is controlled using a variable frequency

drive allowing the user to manually control the RPM. The rotation rate was measured using

a CT6/LSR laser tachometer (Compact Instruments, Bolton, UK) with a contrasting marker

on the drive shaft. The rotation rate of the shaft is measured and the drive frequency is

adjusted accordingly.

Twin Screw Feeder: Coperion, KTron-20

For all experiments, particles were fed into the blender using a KTron-20 Feeder (Coperion;

Stuttgart, Germany) with concave screws. The feeder was calibrated prior to use, ensuring a

consistent volumetric feed over a range of hopper fill levels and screw RPMs. All experiments

used a volumetric feed rate equivalent to 15kghr�1. This feed rate was the highest feed rate

which provided a consistent mass flow rate. Due to the age of the feeder, and therefore the

settings available, only volumetric feeding was possible. The calibration gave confidence in

operating volumetrically over the full range of hopper fill levels. This is primarily attributed

to the free-flowing nature of the powder. Consequently, the feed rate remained accurate and

stable across all experiments.
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PEPT Detector: ADAC, PET Scanner

Data were acquired from the experimental system using an ADAC Forté dual-headed gamma

camera. The camera offers a peak acquisition rate of approximately 100 kHz [130] and, with

modern algorithms [131], can compute the three-dimensional position of a tracer particle

with sub-millimetre accuracy more than 100 times per second. Full details of the Forté can

be found in references [130, 132].

4.4.2 Materials

Bulk & Tracer Material: 1mm MCC

A coarse microcrystalline cellulose (MCC), Vivapur 1000 (JRS Pharma; Rosenberg, Ger-

many), was selected as both the bulk material and the tracer for this experiment. The

primary advantage of this material is its narrow particle size distribution and average par-

ticle diameter of 1.2mm; this large particle size provides a greater surface area which is

desirable for improved radioactive labelling tracer performance. The large size of the par-

ticles also reduces the total number of particles within the system, thus making our results

more viable as a calibration/validation data set for future DEM simulations. Furthermore,

the selected powder is a pharmaceutical-grade material and is free-flowing [133]; which would

be representative of a low-dose API formulation, as many excipient formulations prioritise

flowability for improved manufacturability [134, 25].

Lastly, the tracer was created via the surface adsorption of the positron-emitting

radioisotope Fluorine-18 (18F). Details of this procedure, known as ‘indirect activation’ can

be found in reference [131].
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4.4.3 Experimental Set-Up

Since the blender is commercial scale, with a length of 0.85m, the blender does not fit

fully within the maximum 0.55m field of view (FoV) of the detector. With the 15-degree

inclination of the blender, the total length that fits within the FoV is 0.57m or 67% of the

blender’s length. For the purposes of the present study, imaging of the interface between the

mixing blade zone and the former transport section is of primary interest. This volume is

expected to contain more than 80% of the residence mass; supported by the comprehensive

DEM work of Zheng et al. [133], which showcases analysis of a simulation calibrated for

the same blending volume and powder- Vivapur 1000. This will enable the specified FoV to

capture most of the trajectory of the tracers in the initial section of the barrel, as well as

the boundary between the transport and mixing zones.

Thus, the inlet of the blender was positioned at the start of the FoV with the interface

of the smaller mixing blade zone (8H) being captured by the end of the FoV. The finalised

FoV was 0.5m (in the length axis), and the interface was prioritised within the FoV (which

spanned from 0.22m to 0.42m). The region of interest for calculation is shown with greater

clarity with the following: Fig.4.2.

The blender sits, fastened, within the middle section of a two-tiered extruded alu-

minium frame. The upper section of the frame accommodates the feeder, which is bolted

in place (see Fig.4.1). The aluminium frame, and therefore the blender, is kept stationary

within the detector heads of the ADAC for all experiments. The ADAC detector head sepa-

ration is then narrowed in the width axis ensuring the highest possible geometric efficiency

(i.e. the largest fraction of gamma-rays detected) and thus in turn the maximal data rate

and location accuracy [131, 132].
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Figure 4.1: Picture of the Experimental Set-up; supporting frame holding the blender and

feeder in the ADAC detector’s FoV

4.4.4 Experimental Design

Two variables were investigated: blade revolution rate (RPM) and the number of mixing

blades (#MB).

Increasing the number of mixing blades has been previously shown to increase the

overall fill level (residence mass) of such a mixer system, while increasing RPM has been

shown to reduce the fill level [32, 76]. By varying both of these parameters, a range of

system fill levels can be explored, thereby providing insight into the behaviour of powder

under strongly varying conditions.
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Figure 4.2: Schematic of the Experimental Set-up; showing the blender, and the dimensions,

within the ADAC detector’s FoV. The Region of Interest (RoI) is indicated by the red box.

It was found that the combination of low speed and reduced transport resulted in

high material hold up, and consequently the torque required exceeded that deliverable by

the motor. For this reason, the lowest speed used for 16H is 225rpm. This, coupled with

the limited amount of time available to perform the PEPT experiments, means the analysis

includes only the following data sets: 150 RPM at 8H, 375 RPM at 8H, 225 RPM at 16H,

300 RPM at 16H, and 375 RPM at 16H.

4.4.5 Experimental Method

The blade configuration is set to the desired configuration and installed into the blender.

The blender is subsequently turned on and set to the desired RPM whilst filling. The MCC

is then added to the feeder and set to run at 15kg/hr. While the blender is filling, using both

the variable frequency drive and the tachometer, the frequency is adjusted until both remain
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Figure 4.3: Blade dimensions and angle arrangement for the 8H and 16H configurations.

The red dashed-line box indicates the FoV of the detector.

constant. When the torque (and therefore rpm) remains constant, there is an equal amount

of mass entering and exiting the system, effectively stating the system is at steady state due

to the constant load on the blades. To ensure the system was at steady state; the system

was monitored for a further 5-minute period, in which the rpm was regularly monitored for
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consistency.

Once at steady state, the tracer is then directly inserted into the neck of the feeder,

bypassing the hopper, and enters the blender. A bucket collects the powder output of the

blender and is returned to the hopper of the feeder when the tracer is detected in the bucket.

This is repeated to gather a sensible number of passes through the system. The data is then

processed using the method in the following section (Section 4.4.6). Finally, the residence

mass (hold-up mass) of each experiment was estimated by weighing the powder remaining

in the system at the end of the trial.

4.4.6 Analysis

Extracting and cleaning individual trajectories

In order to acquire data with the maximum spatial resolution, tracers are passed through the

system one at a time. Though PEPT is capable of tracking multiple tracers simultaneously

[135, 136], doing so reduces the accuracy with which each individual particle may be located,

meaning that single-particle tracking provides optimal data [131]. In order to build up

adequate statistics, therefore, for each set of system parameters, a single tracer is repeatedly

passed through the system. By exploiting the principle of ergodicity, data acquired from

a series of individual transits of the tracer particle through the mixer (for brevity referred

to throughout this paper as ‘trajectories’) may be combined and suitably averaged so as to

provide data representative of the system as a whole [137].

As the detector does not encompass the complete system, there is a possibility that

during the tracer’s full pass through the system, the tracer may leave and re-enter the field

of view, thus potentially being erroneously considered as multiple individual trajectories,

creating small, fragmented data sets towards the extremes of the Field of View (FOV)
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which, if incorporated into statistical analyses, may adversely bias results. Accordingly,

filtering measures were put in place to uphold the integrity of those tracers which have truly

re-entered due to back-mixing and expelling the erroneous traces. As such, methods were

developed to algorithmically remove such fragmented data sets in pre-processing by Firstly,

any data sets possessing an overall location error above a given threshold – as expected to be

produced by tracers outside the field of view – were eliminated. Secondly, any trajectories

containing < 120 contiguous data points – implying only a partial transit – were eliminated.

Thirdly, only trajectories containing data points spanning at least the central 200 mm (50%)

of the system’s field of view were included in our analyses, capturing the interface between

transport and mixing blade zone.

Once all erroneous data sets had been eliminated, the remaining trajectories in each

experiment were then subjected to a series of ‘post-processing’ analyses. Due to the sparsity

of the data acquired – an inevitable consequence of the complexity of the system and the

limited experimental time available – in addition to conventional PEPT outputs such as

occupancy and velocity fields, a number of novel metrics were developed specifically for this

project. These metrics are described in the following sections.

Novel Analyses

Traversal Classification During preliminary analysis, it was observed that the observed

particle trajectories could be reasonably classified into three primary ‘blender traversal

modes’:

1. Centrifuging: particles remain at the outer edge of the blender, resulting in bulk ro-

tation about the unit’s central axis with minimal transport along the radial direction.

This is not to be confused with centrifuging observed in rotating drums where the
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powder bed attaches to the wall as a solid body with no relative movement between

particles. In this case, the particles are held at the wall by action of the rotating blade.

2. Axial traversal: particles pass through the blender with minimal motion in either the

radial or azimuthal directions, resulting in relatively short, straight trajectories.

3. Random motion: particles are actively entrained between the blades, resulting in

stochastic axial and radial motion (i.e. a random trajectory).

This novel analysis has been included in the present work as the different behaviours are

expected to represent different mixing mechanisms and different mixing efficiencies. Further

work is required to explore this, but it is certainly arguable that the random motion mode

would lead to effective mixing while that of the axial traversal mode would be quite poor,

hence undesirable in pharmaceutical blending applications. The centrifugal mode is less clear

cut; it requires knowledge of the motion of the particles relative to the blade and hence the

relative extents of the blade pushing the bed of particles (convective motion, poor mixing)

versus shearing through (dispersive motion, good mixing). Identifying the prevalence of

these behaviours for different processing conditions can thus play a role in the optimisation

of said conditions.

To ensure rigour, an algorithmic approach has been taken to the classification of

trajectories. In order to classify a given trajectory, the following considerations are applied:

1. The PEPT tracer locations are rotated by �15� and centred such that the main blender

body lies horizontally, with the X-axis passing through the centre of the shaft.

2. Each trajectory’s points are converted to cylindrical coordinates, with the longitudinal

(shaft) axis corresponding to the Cartesian X-axis, such that the Y Z coordinates are

transformed into a radial distance r and an azimuthal angle ✓.
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3. In perfect centrifugal motion, the distribution of azimuthal angles will be uniform

between [�⇡, ⇡] and hence their standard deviation will be �✓ = ⇡/
p
3, while the radial

position r will be equal to the blender radius. Empirically-defined thresholds are used,

such that if �✓ < 0.75⇡/
p
3 and the 25th percentile of a tracer pass’ radial distances

is greater than half the blender radius P25%(r) > R/2, the trajectory is classified as

centrifuging.

4. Axial motion corresponds to minimal blade entrainment, such that the tracer radially

explores a small area of the pipe. The plane orthogonal to the main axis of flow is

extracted by converting each trajectory point’s coordinates into principal component

space (PCA, using the eigenvectors of their covariance matrix) and extracting the

coordinates of the two least important axes X2 and X3 (note that the most important

axis X1 corresponds to the main flow direction); the area spanned by the 5-th to 95-th

percentiles A = (P95%(X2) � P5%(X2))(P95%(X3) � P5%(X3)) robustly approximates

the radial side of an oriented bounding box containing the trajectory’s points, without

outliers - and hence the radially-explored area. As the principal components X2 and

X3 still have physical units, their dimensions can be compared with that of the blender.

If the computed area A is smaller than a blender octant A < ⇡R2/8, the trajectory is

classified as an axial traversal. This (axial) classification is supplemented graphically

by Fig. 4.4.

5. Finally, all remaining trajectories are considered to undergo random mixing.

In other fields of study, for example in rotating drum systems, the classification of

particle motion provides a valuable tool for the inference of mixing quality and other impor-

tant parameters [138]. It is hoped that these classifications may prove similarly valuable in

the pharmaceutical mixing field.
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Figure 4.4: Graphical supplementation of the axial classification calculation. The units of

the 3D scatter plots are in millimetres. Overlayed examples are not to scale.

Lagrangian Micromixing As more industrial systems are imaged using Lagrangian tech-

niques offering rich three-dimensional information of their internal dynamics, new mixing

measures must be developed beyond the classical approaches in chemical engineering. A

novel method for quantifying the radial movement of flow specifically targeted to moving

frames of reference (i.e. Lagrangian data) has been developed, providing richer information

regarding the ‘microscopic’ mixing [94] of tracer particles. The algorithmic steps are as
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follows (supplemented by Fig.4.5):

1. Take a cross-sectional slice through the blender at length L1 (axial position) along it

and record each tracer’s location as it passes through the slice.

2. On this slice, compute the radial distances from each trajectory to the pipe centre

(rL1
1 , rL1

2 , ..., rL1
N ) for N tracer passes.

3. Take a second cross-sectional slice at a later length L2 along the blender and similarly

compute the new radial distances (rL2
1 , rL2

2 , ..., rL2
N ).

4. Compute the radial deviations due to micromixing (rL2
1 � rL1

1 , rL2
2 � rL1

2 , ..., rL2
N � rL1

N ).

5. Quantify the distribution of radial deviations through its mean, standard deviation,

skewness and kurtosis.

6. Move the second slice, L2, to a new position further along the blender and repeat steps

3-5, keeping track of the radial deviations’ statistics as tracers pass through the mixing

region.

This method is robust to both axial and centrifuging types of trajectories, as: if

tracers follow laminar-like straight trajectories, the mean radial deviation will be zero; if

tracers follow the (centrifugal) bulk rotation, it will again be zero. This way, only true

micromixing is captured by the Lagrangian Micromixing metric. Specifically, a larger mean

value corresponds to stronger micromixing, with the standard deviation representing the

mixing uniformity. A larger skewness (i.e. a longer right tail on the distribution) indicates

that only a few tracers are mixed well; finally, a negative kurtosis suggests the presence of a

small number of mixing outliers.
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Figure 4.5: Graphical Representation of the Lagrangian micromixing metric discussed in

section.4.4.6

Auto-Correlation Auto-correlation within PEPT has been generalised from the molec-

ular dynamics’ velocity auto-correlation function (VACF) [139], defined as the ensemble

average - across N trajectory passes - of the dot product of a vector quantity (e.g. velocity

V = (vx, vy, vz)T ) measured at an initial time t0 and the same vector quantity measured at

a later time ti:

VACF(ti) =
P

N(V (t0) · V (ti))

N
(4.1)

The time can be substituted with any ‘signal’ S that has a lag added to it, e.g.

position along the blender, in which case it represents the correlation C of a vector quantity

~Q as tracers traverse the mixing region:
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C(Si) =

P
N(

~Q(S0) · ~Q(Si))

N
(4.2)

High auto-correlation indicates that tracers strongly follow a trend, while zero auto-

correlation represents unpredictable, or randomly-distributed values; for example, as tracers

are being mixed along the blender, their coordinates (x, y, z) are expected to become less

correlated and hence C to decay to zero.

While velocity auto-correlations have been previously applied in PEPT studies of batch

systems [140, 141], the present work develops a new formulation for continuous systems,

and generalises the algorithm to allow the auto-correlation of arbitrary parameters to be

computed. All algorithms described in this section are freely available through the authors’

open-source pept library (see https://github.com/uob-positron-imaging-centre/pept).

Classical Analyses

In addition to the novel analyses defined above, data were also obtained in the form of spatial

residence time distribution (otherwise described as temporal occupancy) and velocity profiles,

providing further insight into transport and mixing within the system, and the dependence

thereof on process conditions. The methodology for attaining these standard measurements

can be found in references [121, 122].

4.5 Results & Discussion

In order to improve CDC processes, it is vital to develop a better understanding of the

processes underlying both the micro- and macro-mixing of powders, thereby enabling their

prediction and, ultimately, control. While previous studies have elucidated correlations
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between the ‘input’ process parameters and the bulk response of the system, the use of PEPT

in the current study offers insight into the system’s microscopic response. This not only offers

a direct insight into the micro-mixing behaviours of the system studied but also carries

the potential to provide a greater mechanistic understanding of the previously-observed

macroscopic behaviours.

In the following section, the analysis methods described in Section 4.4.6 are applied to

provide both Lagrangian and Eulerian data, offering insight—both direct and indirect—into

the mixing dynamics of the incline blender system and their variation with key system

parameters.

4.5.1 Traversal Classification

Table 4.1: Tracer classification based on the definitions provided in section 4.4.6, followed

with the number of trajectories collected.

Blender Parameters
8H 16H

150 375 225 300 375

Froude No. 1.5 9.3 3.4 5.9 9.3

Axial 48% 4% 18% 25% 20%

Centrifugal 0% 73% 0% 2% 10%

Random 52% 23% 82% 73% 70%

n-trajectories 23 271 66 51 93

Table 4.1 (and Fig. 4.6 graphically) show, for each combination of blade rotation

rate and mixing blade number explored, the percentage of recorded trajectories classified as

‘centrifuging’, ‘axial traversal’ or ‘random motion’ based on the criteria described in section

4.4.6. As noted previously, random motion is expected to be desirable in terms of mixing,
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Figure 4.6: Graphical Representation of Table. 4.1 discussed in section.4.5.1

while both axial traversal and centrifuging trajectories, which limit transport in one or more

directions, are expected to be detrimental. Classified example trajectories can be seen in

Fig. 4.7

As might be intuitively expected, there is a clear positive correlation between the

percentage of centrifuging trajectories and the blade RPM, and thus the Froude number,

which in this context is defined as:

Fr =
!2R

g

where ! is the blade rotation rate in radians per second, and R is a relevant length-scale,
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here the radial length of a blade – i.e. the distance from the centre axis of the system to the

tip of a given blade.

Interestingly, at equivalent blade rotation rates, the percentage of centrifugal trajecto-

ries is significantly reduced for the 16H case as compared to the 8H case, strongly suggesting

that the presence of (more) mixing blades acts to suppress this undesirable transport modal-

ity.

The relationship between the system parameters and the recorded number of axial

traversal-type trajectories is less clear-cut. For an 8H configuration, the data emphatically

show that a low rotation rate produces a large number of such trajectories; and that this

number is significantly reduced at higher rotation rates. However, this positive reduction is

more than outweighed by the substantial increase in centrifugal trajectories. For the 16H

case, the number of axial trajectories remains constant, to within experimental error margins,

for all RPM tested.

Finally, consideration of the prevalence of (desirable) ‘random’ trajectories shows

that an increased number of mixing blades is preferable, with the overall fraction of such

trajectories higher for all 16H cases than for either 8H case explored. Within the 16H cases,

there appears to be a weak negative correlation between blade RPM and the percentage

of ‘good’ trajectories. As such, based on considerations of mixing alone, a lower RPM

seems desirable. However, considering the comparatively weak relationship observed, when

considering also throughput, a faster rotation rate may in fact be desirable.

4.5.2 Lagrangian Micromixing

As described in section 4.4.6, the Lagrangian Micromixing metric provides information re-

garding the overall strength of micromixing, illustrated by the mean ‘Deviation’ values pre-
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Figure 4.7: Example tracers plotted in 3D (with units mm), where each trace is labelled by

its corresponding classification, RPM and blade configuration. While the colour bar indicates

the time in seconds. 99



sented in Fig. 4.8, as well as the uniformity with which mixing is achieved across different

regions of the system, illustrated by the standard deviation thereof. As such, strong and

consistent mixing is represented in Fig. 4.8 by a large mean with a wide distribution. This

method would be categorised as a distance-based method within Bhalode and Ierapetritou’s

review on continuous solid-based mixing indices [142]; which comprehensively showcases a

plethora of useful comparable mixing indices across a range of publications.

The data presented in Fig. 4.8 strongly indicate that the 375 RPM, 16H case provides

both the strongest and most uniform micromixing, showing also – as one may intuitively

expect – an increase in the micromixing parameter within and immediately adjacent to the

mixing blade zone (MBZ). Curiously, this uptick in micromixing within the MBZ is not

clearly observable within the other data sets. From the figure, it can also be seen that the

poorest mixing performance is observed for the 150 RPM, 8H case.

The system with the greater number of mixing blades and the highest RPM (i.e. more

energy imparted to the system) results in the highest value for the micromixing parameter

(an indication of the speed at which particles are expected to diverge from one another),

while that with the fewer blades and the lowest RPM yields the lowest value, again makes

physical sense on a fundamental level. The existence of a correlation between RPM and the

micromixing of particles has been previously demonstrated (for a horizontal system) by the

numerical simulations of Sarkar & Wassgren 2009 [98], who investigated the variation of a

dimensionless radial-plane dispersion index as a function of the Froude number and mixer

volume-fill. For lower (< 0.5) fill fractions, a positive correlation was observed between the

dispersive index and the blade revolution rate, though at higher fill levels the inverse was

observed. As a result of the relatively low feed rate, a comparatively low average fill height

was achieved in the system, and the results are broadly in line with the expectations of prior

work.
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Figure 4.8: Lagrangian micro mixing along the axis between: Point 1, 220mm and Point 2,

420mm. The Mixing Blade Zone (MBZ) starts at 310mm and 390mm for the 16H and 8H

configurations respectively.
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Furthermore, by abstracting Sarkar & Wassgren’s [98] findings for this inclined system

(compared to their horizontal system), it would be sensible to map this similar behaviour

to the blender – i.e. considering an environment in which the fill level (and therefore, the

radial-plane dispersion) would vary down the length of the barrel. By Sarkar & Wassgren’s

[98] measures, the 8H at 375 RPM should show the greatest radial-plane dispersion index

and therefore the greatest mixing performance, as it would have the lowest fill with the

highest Froude.

Conversely, the results of Van Snick et al. [32] – who use a blender with the same

geometry as this study – show that configurations with fewer mixing blades and thus lower

residence mass provide poorer mixing outcomes than configurations which hold greater res-

idence mass. The results from the lagrangian micromixing (Fig. 4.8) align well with Van

Snick et al’s findings- but also suggest that there is further complexity associated with the

interaction between fill level (residence mass) and Froude number RPM. It should be noted

the differences in inclination between the two studies (0� and +15�, from the horizontal

respectively), however, the pure comparison between fill level and RPM on the dispersion

performance, contradict one another. Highlighting the fact that the underpinning behaviour

is still poorly understood. Employing methodologies like the lagrangian micro mixing help

elucidate both the local behaviour and regional behaviour along the length of the barrel–

effectively describing radial dispersion as a function of conditions experienced along the axial

length.

4.5.3 Auto-Correlation

The autocorrelation functions presented in Fig. 4.9 illustrate the rate at which the radial

positions of particles become decorrelated from their initial values as a function of the dis-

tance, x, travelled along the blender axis. A value of Cr(x) = 0 thus indicates chaotic,
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Figure 4.9: Auto-Correlation (Cr(x)) of the [y, z] radial plane as a function of [x] the axis

length. Detailing predictability of the radial position along the barrel. AC = 0 shows no

predictability between the radial and axial plane, suggesting a high level of radial dispersion.

N is the number of traces in the AC calculation, and therefore an indicator of confidence.
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history-independent behaviour [143], making it a valuable proxy measurement for mixing.

For all cases investigated, a general decrease in Cr(x) is observed as the distance from

the inlet increases, indicating an increase in mixing. For the 16H cases in particular, Cr(x)

decreases to approximately zero within the mixing blade zone, indicating the presence of

strong, chaotic mixing in this region, as might be inherently expected.

Cross-comparison of the autocorrelation data shown in Fig. 4.9 with the residence

time profiles presented in Fig. 4.10 shows that this behaviour coincides with a distinct peak

in occupancy indicative of a ‘pile-up’ of material at the interface between the ‘push-blade’

zone and the mixing blade zone which is not present in the other data sets. The presence of

this additional mass hold-up suggests a region of back-mixing or ‘folding’ as the fast-moving

particles from the push-blade region meet the slower-moving MBZ, thus creating in essence

an extended ‘effective mixing region’.

The folding region’ is shown by the 16H blade configuration at 300RPM and 375RPM,

identified by the combination of key ‘signatures’ in both the autocorrelation (AC)(Fig. 4.9)

and the spatial residence time (Fig. 4.10) at axial length 290mm. Specifically, in the presence

of a folding region a sharp drop in the radial correlation is expected, combined with a

significant increase in hold-up before the mixing blade interface. The simultaneous expression

of these phenomena describes a behaviour in which axial transport is converted into the

radially promoted section, resulting in the powder undergoing an increase in dispersive radial

mixing, as well as an increased probability of slipping back down the barrel. This provides

a remixing effect in the axial direction, mimicking the behaviour observed in a rotating

tumbler [138]. The tumbling and reconstitution of powder within a rotating-drum mixer,

or the convective remixing inside a bubbling fluidized bed, are both known for their ability

to promote micro- and macro-mixing [94] and, as such, a similar effect can reasonably be

expected here.
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In the case of the 225 RPM, 16H system, this ‘folding region’ is seemingly absent,

likely due to a reduced differential in the transport rate between the push-blade and mixing-

blade zones at lower RPM. In this instance, Cr(x) does not reach 0 until well within the

MBZ. Such a zone is also absent from both 8H cases.

Unlike the 16H cases, which show a generally monotonic decrease in Cr(x) with x,

the 8H data sets – in particular the 375 RPM, 8H case – show an autocorrelation function

which oscillates on a relatively large length scale, indicating that the particles – or at least

a subset thereof – retain some degree of ‘memory’ of their initial conditions even after they

have travelled a significant distance through the system [144]. This observation aligns with

the earlier finding (Section 4.5.1) that the 150 RPM, 8H and 375 RPM, 8H cases elicit,

respectively, a large number of axial traversal and centrifuging trajectory modes.

Finally, it is worth noting that calculating the autocorrelations for both a constant

initial position with varying lag (as presented in Fig. 4.9) and a constant lag with varied

initial position produced similar results, indicating the robustness of the observations.

4.5.4 Axial Spatial Residence Time Distribution

The spatial residence time profiles presented in Fig. 4.10 illustrate the relative fraction of

time spent by tracers, on average, within different axial regions of the system. As described

in Section 4.5.3, the higher-RPM 16H case shows a tendency to produce a hold-up region

at the interface of the push-blade and mixing zones, whereas such a region is absent in the

lower-RPM case.

In the 8H cases studied, no hold-up region is observed for either blade rotation rate,

and – unlike the 16H cases – the difference in residence between the push-blade zone and

mixing-blade zone is stark, in particular for the 375 RPM case, where the minimal occupancy
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in the former region indicates an extremely rapid transit therein. This observation once again

ties in well with previous observations (sections 4.5.1 and 4.5.3) suggesting a tendency for

tracers to take a direct path through the system (either axially or centrifugally) rather than

experiencing any significant back-mixing.
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Figure 4.10: Spatial Residence Time plots, normalised by the area under the graph, for the various speeds and their given

blade configuration. The region of interest for the calculation spans between 220mm to 420mm. A black dashed line denotes

the Mixing Blade Zone and corresponds to where the mixing zone starts along the axial length (mm), the zones start at 310mm

and 390mm for the 16H and 8H respectively. To remove any erroneous tracers, a filter was applied to the calculation excluding

points which had; traces shorter than 200mm, min velocity of 0.01m/s, max velocity of 3m/s, and points with relative error

>95th percentile.
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These distributions are expected to change significantly, depending on the bulk ma-

terial’s characteristics and processing conditions. Moreover, it would be interesting to in-

vestigate whether the spatial residence time distribution remains the same for materials

operating with equal strain; where strain is described as the number of blade passes multi-

plied by the mean residence time. If true, it would show evidence of mixing being influenced

by regime-like behaviour within the blender- which may be a parameter to optimise.

4.6 Conclusion

In this study, positron emission particle tracking (PEPT) was used to investigate the un-

derpinning particle-level (microscopic) behaviours of a simple pharmaceutical powder in a

commercial-scale incline linear blender. Data were obtained for a variety of blade rotation

rates and two distinct blade configurations, including either 8 or 16 ‘mixing blades (orien-

tated, as their name implies, to encourage mixing) with the remainder of the system occupied

by ‘push blades’ (oriented to encourage transport).

Leveraging the unique capabilities of PEPT to extract Lagrangian information from

particulate systems with high temporal and spatial resolution, a series of novel metrics

was developed to probe and quantify the powder’s dynamic response to differing process

parameters in an incline linear blender.

Firstly, a set of algorithms was established through which the trajectories of particles

through the system could be classified as either ‘random motion’ (desirable for mixing) or

‘centrifuging’ or ‘axial’ motion (less desirable). Knowledge of the existence of these less-

desirable modes, not previously documented in the literature, may prove valuable to indus-

trial users of continuous blenders, who will naturally aim to avoid the process conditions

that give rise to them.
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The results show that the ‘8H’ systems – those possessing a lower number of mixing

blades – exhibited a larger number of less-desirable transit modes than the ‘16H’ systems,

with a shift from axial to centrifuging motion as the blade rotation rate increased. For the

16 mixing blade case, a similar increase in the percentage of centrifugal trajectories was

observed, though this apparent shift is less statistically significant.

Secondly, a ‘Lagrangian Micromixing’ metric was introduced, similar in interpretation

to the more conventional ‘dispersion’ metric used in prior PEPT studies [145, 121] but capa-

ble of handling sparse, discontinuous data in rotating reference frames. The data obtained

using this metric suggest that the 16 mixing blade system at the highest tested blade rotation

rate exhibited the strongest (micro)mixing conditions, with the 8H case at the lowest RPM

producing the weakest (micro)mixing conditions.

Finally, a generalisable PEPT auto-correlation function suitable for continuous sys-

tems was developed. As the autocorrelation function can be meaningfully interpreted as a

measure of order and thus, by definition, an indicator of the presence of chaos, it provides

another valuable predictor of mixing. This parameter once again indicates that improved

mixing conditions may be achieved with more mixing blades and at a higher RPM. These

data, combined with additional data in the form of spatial residence time distributions, show

the existence of a high-hold-up ‘folding region’ at the interface of the push-blade and mixing

blade regions, creating in essence an extended mixing zone. This folding region was observed

only for the 16-blade configuration at relatively high (& 300 RPM) blade rotation rates.

Overall, the results suggest that – for the range of parameters tested – improved

mixing conditions may be achieved through the combination of more mixing blades and

higher RPM. The positive influence of high blade rotation rate in particular is a potentially

valuable finding for the field, as it reduces the need for a compromise between mixing quality

and throughput. Nonetheless, these data were acquired only using a comparatively simple,
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non-cohesive powder, and a relatively low feed rate and (thus) fill fraction. Further work

should be performed using additional materials and feed rates in order to assess the generality

of these results.

It is important to note that more mixing or improved mixing conditions may not

always have a positive effect. In the case of powder lubrication with, for example, magne-

sium stearate, over-zealous mixing may lead to over-lubricated tablets, which then result in

reduced tablet tensile strength [146] and slower disintegration/dissolution rates [147]. There-

fore, processing parameters such as the 8H (at high speed) may be better suited for a given

formulation and specific use case.

In addition to the insights gained directly from the results, the detailed three-dimensional

data obtained provide a valuable calibration/validation data set for future DEM models of

continuous blender systems [128].
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Chapter Five

Using AI/ML to Predict Blending

Performance and Process Sensitivity for

Continuous Direct Compression (CDC)

5.1 Preface

This chapter describes the experimentation and development of Artificial Intelligence / Ma-

chine Learning models to provide a digital layer over the MACH-1 capability. This chapter

builds on Chapter 3, which details the development and structure of the equipment. The pri-

mary business objective is to take advantage of the physical and digital together, as described

in this article, to minimise the risk and experimentation involved in the OSD development

stages.

A tool was created and provided via an easy-to-use Graphical User Interface (GUI)

on the intranet to enable distributed departmental access, referred to as the model demo-

craticisation. For further information on model democratisation, see Chapter 3.4.2.
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Figure 5.1: Demonstration of using the Web-Based Artificial Neural Network Application.

<The following chapter reproduces a research article published in Elsevier’s Inter-

national Journal of Pharmaceutics (Impact Factor = 5.8, available at https:// doi.org/ 10.

1016/ j.ijpharm.2024.123796 ). The candidate served as lead investigator, lead author, ex-

perimentalist and editor of the paper.>

5.1.1 Preface: Model Democratisation & Re-training/parameterisation

In addition, a supporting script was supplied to the department which automates the re-

training and parameterisation of the three most important parameters in the ANN: Learning

Rate, Dropout Rate, and Layer Width (of Hidden Layers 1 and 2) [64]. Meaning, an ap-

proved scientist in the department can update the training data file, run the script, and

then copy the saved files for the retrained model over to the intranet (by replacing the ex-

isting ones) and redeploy the application. Similar to Chapter 3, this aims to streamline and

simplify work without sacrificing functionality or adaptability.
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5.2 Introduction

A significant volume of research on continuous powder blending has focused on understanding

how processing parameters affect performance using metrics such as residence time distribu-

tions and dispersion. [83, 24, 148, 32, 149], while other – typically simulation-based – studied

have demonstrated the differences that particle properties have on processing efficacy [82,

97, 91, 98, 150, 103]. However, there is little work mapping physical experimental bulk

powder characteristics to processing conditions in the blender. The only research done to

the researchers’ knowledge lay with that of Bekaert et al. [90, 151], who investigated blend

properties in a horizontal blender and the development of an empirical predictive model in

an incline blender.

With the advent of readily-available, open-source Artificial Intelligence and Machine

Learning tools, this study looks to leverage these methodologies to propose a novel frame-

work to approach new pharmaceutical development projects. These methods allow the de-

convolution of material properties and processing parameters by mapping processing out-

comes to powder characteristics and processing parameters. This, in turn, allows for the

prediction of key process outputs, such as the fill level within the blender and (thus) the

strain experienced by the formulation, which has been shown to be a good predictor for

blending performance [83, 25, 90].

The utilisation of the three different models in the study ideally highlights the indi-

vidual strengths of using each of the specific modelling methods. Random Forest Regression

(RFR) can ‘pull the logic’ from the data by providing insights into feature importance and

parameter relationships. Individual ‘trees’ extracted from the model may also provide useful

guidance to system operators. PyTorch’s Artificial Neural Networks (ANN), on the other

hand, fit highly complex nonlinear functions to the data to enable accurate and reliable

predictions of the data surface, though are somewhat more of a ‘black box’, offering only

113



Using AI/ML to Predict Blending Performance and Process Sensitivity for Continuous
Direct Compression (CDC)

limited physical insight regarding the outputs they produce. Finally, M2E3D was used, a

tool that utilises evolutionary AI and symbolic regression to transform complex systems into

simple equations [152, 153]; the methodology of the tool is discussed further in Section 5.5.5

and accessible on GitHub: https://github.com/uob-positron-imaging-centre/MED.

Ultimately, by using these tools, this study unveils a correlation between fill level

and optimum strain, which holds true for varied processing and material properties. The

discussion focuses on how this relation develops by relating it to current literature and explor-

ing space-time optimisation and optimum Peclet Numbers in specific regime-like behaviour.

The study then discusses the use of such tools in an industrial setting by touching on how

best to use this mapping ability to inform decisions to mitigate risk whilst navigating the

complexities of drug project development.

5.3 Equipment

5.3.1 Prototype GEA, CDB-1, Linear Blender

A prototype of the commercially available GEA CDB-1 Linear Blender (GEA, Dusseldorf,

Germany) was used for these experiments. The blender, made of stainless steel (316L), has

an internal radius of 59mm and a volume of 8.2L at a 15° incline to the horizontal. The

equipment is driven by a motor paired with a proximity sensor (to measure the rotation of

the impeller’s shaft) and feed-back controlled variable frequency drive - allowing RPM to be

set and maintained.

The shaft of the mixer has 28 removable collars each with two paddle blades the

orientations of which can be adjusted from 0° (parallel to shaft axis) to 90°(orthogonal to

shaft). Resulting in the ability, with the adjustable paddle blades, to simply change the
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angle and position of the collars to create a blade configuration. In this study, the ‘number

of mixing blades’ refers to the helical organisation of 90° (to the axis) radial mixing blades

from the centre of the mixer out towards the ends of the blender. In effect, the mixing

blades are aligned in a helix along the shaft with 60° rotation between adjacent collars; thus

increasing the number of mixing blades increases the size of the mixing zone. Ultimately,

allowing the categorical variable (of a set configuration) to be considered continuous (as

the number of blades varies the size of the mixing zone). The remaining blades in the

configuration are aligned in transport orientation, at 45° to the axis. Fig 5.2 displays these

orientations and their positions in the configurations investigated; 8 mixing blades (8H) and

16 mixing blades (16H). These configurations are the same as the two configurations used in

the PEPT study reported by Jones-Salkey et al [154].

Each blade configuration is examined across five blender speeds: 150rpm, 225rpm,

300rpm, 375rpm and 450rpm. This choice allows the investigation across the full range

of relevant blending speeds, exhibited by the CDB-1. Palmer et al. [76] investigated in

increments of 150rpm, demonstrating a significant difference in mixing performance. In this

work, the increments were reduced to 75 rpm to provide better resolution and more reliable

model fitting. Each configuration was run with every material at feed rates of 10 kg/hr and

20 kg/hr. Additionally, 3 materials (which are very commonly used filler excipients) run at

26.25kg/hr and 50kg/hr.
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Figure 5.2: The above figure graphically describes the Experimental Set-Up, Blade Arrangement, and Impeller configuration

used for the experiments
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5.3.2 GEA, Compact Powder Feeder

The powder is fed to the blender using a Loss-In-Weight (LIW) GEA Compact Feeder (GEA,

Dusseldorf, Germany). The LIW feeder holds roughly 2L of material and can operate in

gravimetric (constant mass/time) and volumetric (constant screw speed, effectively constant

volume/time) modes. Furthermore, the feeder is accompanied by a combination of a top-up

ball valve, with varying volume inserts, and a 10L chute facilitating automatic system refills.

Gravimetric feeding operates by controlling screw speed to maintain a constant mass/time.

Thus, a target feed rate can be maintained in the presence of powder flow disturbances, which

may occur due to transient disturbances within the hopper or during powder transfer into

the conveying screw volume. Therefore, gravimetric operation should be prioritised and the

system’s mechanical components should be configured to comfortably achieve the desired

mass/time setpoint.

The calibration for the feeder is discussed in the following method section 5.5.1.

The calibration allows for each experiment to have the highest gravimetric feeding up-time,

meaning the feeding of each powder is as accurate and reliable as possible.

5.3.3 Mettler Toledo, Catch Scale

The XS64000LX Mettler Toledo Balance (Mettler Toledo, Greifensee, Switzerland) was used

to monitor the mass flow rate at the blender’s outlet, recording mass (g) over time (s). Real-

time response from the catch scale is used to monitor the mass flow rate from the outlet to

ensure the system is operating at steady-state and to determine the residence mass at the

end of the run. The scale is linked to Mettler Toledo’s LabX software which records the mass

at a frequency of 2Hz, saving it to an output file. The position of the balance, relative to the

system, can be seen in Fig. 5.2. The fill level is then calculated from the residence mass and
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the bulk density of that powder, the calculation is discussed in the following section 5.5.3.

5.4 Materials & Characterisation

5.4.1 Material List

Nine commonly used commercial excipients were used in this study, comprising: Avicel PH-

101, Microcrystalline Cellulose, abbreviated to ‘PH-101’ (DuPont, Cork, Ireland), Avicel PH-

102, Microcrystalline Cellulose, abbreviated to ‘PH-102’ (DuPont, Cork, Ireland), Avicel PH-

105, Microcrystalline Cellulose, abbreviated to ‘PH-105’ (DuPont, Cork, Ireland), Vivapur

350, Microcrystalline Cellulose, abbreviated to ‘VP350’ (JRS Pharma, Rosenberg, Germany),

Fast Flo 316, Lactose Monohydrate, abbreviated to ‘FF316’ (Kerry, Tralee, Ireland), Phar-

matose 110M, Lactose Monohydrate, abbreviated to ’PH110M’ (DFE Pharma, Veghel, Hol-

land), Pharmatose 200M, Lactose Monohydrate, abbreviated to ’PH200M’ (DFE Pharma,

Veghel, Holland), Pharmatose 450M, Lactose Monohydrate, abbreviated to ‘PH450M’ (DFE

Pharma, Veghel, Holland), A-Tab, Dicalcium Phosphate Anhydrous, abbreviated to ’A-Tab’

(Innophos, New Jersey, USA), and Pearlitol 200SD, Mannitol, abbreviated to ‘PT200SD’

(Roquette, Lestrem, France). In addition, the formulation utilises two additional materials:

Powdered Paracetamol, abbreviated to ’pAPAP’ (Mallinckrodt, USA) and Gycolys, Sodium

starch glycolate (SSG), abbreviated to ‘Gycolys’ (Roquette, Lestrem, France). Furthermore,

the drug surrogate formulation (F) in Table 5.1, is made up of 4 materials at the following

weight percentages: Powdered Paracetamol (27% w/w), Avicel PH-102 (41% w/w), DCPA

A-TAB (27% w/w), and Glycolys (5% w/w).

The materials list was selected according to use in commercial formulations and their

relation to one another, with the intention of filling the characterisation space occupied
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by typical formulations. The first step was to select the more common formulation ma-

terials (i.e. PH102, 316FF and P200M), which had innately different material properties.

Secondly, alternative grades of the same material were selected to evaluate the differences

between the grades, allowing us to evaluate the effect of particle size distribution on both

bulk characteristics and ultimate process outcomes. Lastly, after evaluating the characteri-

sation space, additional materials were selected that either filled the characterisation spaces

(e.g. PT200SD), provided an extreme value (e.g. VP350), or would be considered a good

filler excipient for CDC formulations (e.g. ATAB), resulting in the final material list for the

experiments.

Despite the powder (Vivapur 1000) investigated in Chapter 4 being excluded here,

the mechanistic insights remain relevant. The microcrystalline cellulose used in the PEPT

experiments is a free-flowing excipient, with flowability and intrinsic bulk density comparable

to coarse MCC grades, and most notably to its finer grade equivalent, Vivapur 350, which is

included in the modelling dataset. The larger particle size of Vivapur 1000 places it outside

the domain of typical formulation excipients and could bias model training, providing the

rationale for its omission and inclusion of Vivapur 350. Nevertheless, both experimental

and numerical studies have shown that Vivapur 1000 is a suitable surrogate for other free-

flowing excipients. Hu et al. demonstrated, through combined PEPT measurements and

DEM simulations, that Vivapur 1000 exhibits reproducible flow and dispersion behaviour

characteristic of low-cohesion powders [hu2025dem], while Zheng et al. employed it in

GPU-enhanced DEM studies, where its high flowability and stable residence time distribution

enabled robust calibration and validation of continuous blending models [zheng2022dem].

In Chapter 4, this free-flowing behaviour was shown to promote predictable transport

through the blender and to enable clear differentiation of particle trajectories under varying

impeller speeds and blade configurations. As Vivapur 350 and similar excipients exhibit

analogous flow characteristics, the transport and mixing mechanisms revealed in Chapter 4
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Table 5.1: Characterisation results for the ten materials and the surrogate formulation.

#) Material Grade Abbreviation Basic Flowability Energy (BFE) [mJ] Bulk Density [kg/L] WFA @ 2kPa, 0.4Ra 1/FFC @ 2kPa d10 [µm] d50 [µm] d90 [µm]

1) MCC Avicel PH-101 PH101 202 0.35 13.4 0.26 26.3 69.4 142

2) MCC Avicel PH-102 PH102 191 0.35 15.2 0.15 33.1 113 240

3) MCC Avicel PH-105 PH105 81.9 0.37 49.4 0.47 7 21 49

4) MCC Vivapur 350 VP350 124 0.86 3.87 0.01 377 432 509

5) Lactose Pharmatose 110M P110M 119 0.73 10.2 0.14 78.9 153 219

6) Lactose Pharmatose 200M P200M 128 0.60 44.5 0.31 21.8 57.8 122

7) Lactose Pharmatose 450M P450M 100 0.47 11.4 0.63 3 21 56

8) Lactose Lactose FF316 316FF 274 0.61 36.5 0.08 39.8 92.9 173

9) Mannitol Pearlitol 200SD PT200SD 297 0.54 14.5 0.03 40.3 143 238

10) DCPA DCPA A-Tab ATAB 253 0.74 16.3 0.02 48.2 168 305

F) Formulation Surrogate — 242 0.58 11.6 0.12 23 123 257

can therefore be considered transferable. This provides complementary validation that the

data-driven modelling approaches presented in this chapter capture physically meaningful

blending behaviour rather than artefacts of a specific material system.

5.4.2 Material Characterisation & Methods

The powders in Section 5.4.1 were subjected to a series of powder characterisation tests to

determine intrinsic properties and flow behaviour. These are described below and the results

are given in Table 5.1. All characterisation measurements were repeated in triplicate, from

which the mean value is used.

Basic Flowability Energy (BFE) was measured using the Freeman FT4 Powder Rheome-

ter (FT4, Freeman Technology, Tewkesbury, UK). BFE is, effectively, a measure describing

the energy required for a stainless steel blade to initiate and sustain the bulk flow of a pow-

der. Powders in the FT4 rheometer are exposed to a comparatively similar form of excitation

to those in the CDB-1, suggesting that this measurement method may provide useful predic-

tors of the powders’ behaviours in the blender. For more information on the measurement

technique see Freeman [155] and for evaluation of the dynamics within the environment see

Hare et al [156]. In the present work, each powder went under four conditioning cycles and
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four test cycles.

Bulk density was measured using a 50ml glass measuring cylinder and scale, where

the powder was loosely deposited into the cylinder amounting to the maximum (50ml) line.

The powder mass is recorded and the bulk density is calculated (weight/volume). The

samples were prepped by shaking the 250ml holding vessel, ensuring the powder was not

consolidated prior to pouring the powder into the measuring cylinder. Pouring the powder

from the holding vessel, the cylinder is then filled to the measuring cylinder’s 50ml volume

mark, the mass is recorded and used to calculate the bulk density. After each measurement,

the powder was returned to the holding vessel before shaking the powder and taking another

measurement. Furthermore, there was no manual intervention, agitation or extraction of

powder while filling the cylinder- if the volume was not correctly poured the first time, the

measurement was removed and repeated. Lastly, the bulk densities were all measured at the

same time, negating the influence of humidity when comparing the results to one another.

Flow Function Coefficient (FFC, (using a consolidation pressure of 2 kPa) and Wall

Friction Angle (WFA (0.4 Ra @ 2 kPa)) are two measurements describing powder cohesion

and powder adhesion, respectively, characterised using the Schulze Ring Shear Tester (Dr.

Dietmar Schulze, Wittenburg, Germany). For additional information on FFC and WFA

see both Schwedes and Schulze [157] and Schulze [158]. Additionally, the FFC values were

transformed into their reciprocal to linearize the measurement sensitivity. This is because it

is difficult to discern differences between high values of FFC compared to low values of FFC.

Particle Size Distribution (PSD) was obtained from dynamic image analysis using the

QICPIC Rodos (Sympatec GmbH, Clausthal-Zellerfeld, Germany), resulting in d10, d50 and

d90 measurements. The Rodos powder disperser was set to 0.6 bar pressure and the M5 lens

was used for all measurements.

It shows that the materials demonstrate a wide range of material properties (seen in
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Table 5.1), spanning those that would be appropriate for a typical pharmaceutical formula-

tion [134], offering a variation of suitably significant magnitude to successfully monitor their

impact. The BFE can be varied from 81.9 to 297.2 mJ; Bulk Density from 0.346 to 0.86

kg/L; WFA from 3.87 to 49.4°; 1/FFC from 0.01 to 0.47; d10 from 3 to 367 µm; d50 from

21 to 432 µm; d90 from 49 to 509 µm.

VP350 has the highest bulk density, FFC and particle size distribution, and lowest

WFA, whereas, Avicel PH-105 has the lowest BFE, lowest bulk density, and smallest particle

size distribution, with the highest WFA. This is a rather striking result since both of these

materials are different grades of the same material (MCC).

The characterisation techniques used in this study were selected based on their ful-

filment of one or more of the following criteria: First, they closely resemble the processing

environment – for example, the basic flowability energy, BFE, which directly involves the

motion of a rotating impeller through a non-compacted particulate medium. Second, they

are extensively used in literature to describe a particular behaviour – for example the FFC,

which is widely considered to be an accurate measurement technique for quantifying powder

cohesion. Third, they are simple and/or widely accessible measurements that succinctly

detail bulk powder behaviour, such as bulk density. Furthermore, the fewer measurement

techniques required for an accurate prediction, the lower the number of material character-

isation experiments needed to make that prediction; as such, parameters were deliberately

chosen to encode a considerable amount of information about the system into a single pa-

rameter. The result is a set of measurements which can be performed with relative speed

and ease, and require minimal use of proprietary equipment.

It is worth noting that, while a simple poured bulk density measurement was sufficient

for the comparatively free-flowing powders and formulations examined in this study, the use

of the FT4’s conditioned bulk density measurement may be preferable when investigating
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more cohesive powders, as it provides a more reproducible and representative measurement.

For the materials tested, both methods yielded equivalent results.

5.5 Methods

5.5.1 Feeder Calibration

Before the feeder is used to take a measurement, it must be calibrated to ensure the system

configuration can accurately dose the desired gravimetric (mass/time) feed rate. Therefore,

duplicate/triplicate calibration runs are used to determine the feed factor profile and the

hopper top-up strategy.

Feed factor is defined as the mass delivered (from the feeder spout) per screw revo-

lution (g/rev). Due to the differences in the physical properties of the materials used, the

loading of the conveying screw and behaviour within the hopper will vary with each material,

so each one must be calibrated prior to each investigation.

The feed factor profile is gained through GEA’s calibration method, which effectively

measures the feed factors whilst emptying the hopper from full with volumetric feeding.

The hopper is separated into 10% fill level intervals (Fn), the mass fill of the hopper is then

divided into 10 slices in the vertical direction, and the average feed factor within each of those

intervals is stored against that hopper fill level. The resultant profile (see Fig. 5.3) provides

insight into the stability of powder dosing, at constant screw speed, with the expectation

that free-flowing powders will have minimal change in feed factor across the full range of fill

levels. Had a material being discharged suffered from disturbances to feeding, changes to

either the gear ratio or screw type/pitch would have been tested to ensure a more consistent

feed. Fortunately, the calibration was assessed for all materials and found that the same

123



Using AI/ML to Predict Blending Performance and Process Sensitivity for Continuous
Direct Compression (CDC)

gearbox ratio of 63:1 and a pair of conveying screws with a concave pitch of 10 mm width

were appropriate for all tests.

Lastly, the feed factors are also used to define the stable operating region for the

hopper fill level for triggering a hopper top-up event. This was done by plotting mean feed

factors from F9 (full hopper) to F0 (empty hopper)(100% into 10% intervals, respectively)

and identifying the most stable region during discharge. From this, the time and volume

of the top-up event were defined, for each material; this event was to be initiated during

the stable period of the volumetric emptying and the volume of top-up was selected to be

the total volume dispensed over the identified stable region. This was then validated and

optimised to ensure the automatic refills occurred with the largest proportion of gravimetric

feeding to volumetric feeding. For three different grades of the same powder, the refill window

is indicated by red dashed lines in Fig. 5.3.

This methodology ensures that the system operates with the utmost accuracy and

reliability. The stable operating region, describes the operating window that is most re-

sistant to feeding variance under volumetric operation, signifying that the feeding is the

least sensitive to the fill level within the hopper. This is because the powder above com-

presses the powder below, as explained in Engisch and Muzzio 2015 [30]. This means that

during a top-up event, when the feeder switches from gravimetric to volumetric, the feeder

will show a consistent and accurate feed in grams per revolution, which is indicated by the

aforementioned feed factor profile.

5.5.2 Residence Mass (RM) Measurements

Residence mass (RM) is defined as the mass of powder within the blender’s mixing volume

during steady-state operation. Several studies have highlighted its importance for improving

124



Using AI/ML to Predict Blending Performance and Process Sensitivity for Continuous
Direct Compression (CDC)

Figure 5.3: Three example feed factor profiles, showcasing the profiles for the three different

grades of the same material, Avicel (MCC). Error bars indicate the range of values from the

duplicate/triplicate calibration runs (indicated by n = in the graph’s title). The red dashed

lines indicate the feed factor at which the top-up occurred. The following windows were used

for the three powders: FF1 to FF4 (0.8L top-up) for Avicel 101, FF2 to FF6 (0.8L top-up)

for Avicel 102, and FF4 to FF6 (0.4L top-up) for Avicel 105

the macromixing potential of pharmaceutical blenders [159, 79, 32]. RM is particularly

useful because it can be measured directly, without sensors, detectors, or imaging devices.

Its real value lies in its sensitivity to both processing parameters and material properties.

For example, increasing RPM reduces RM (Section 5.6.1) and enables calculation of the

Mean Residence Time (MRT, Equation 5.1). Together, RM, RPM, and MRT form the basis

for evaluating strain (Equation 5.3, Section 5.5.3).

MRT (s) =
Residence Mass (g)

Feed Rate (g/s)
(5.1)

Each run begins by setting the blender to the target RPM. Once at speed, the LabX

software records the powder mass exiting the blender via the catch scale. Simultaneously,

the GEA Compact Feeder communicates with TwinCAT 2 (Beckhoff, Henley-on-Thames,

UK), exchanging operational data such as hopper weight, screw speed, and gravimetric

mode. Once both dispensing and receiving data are recording, the feeder is set to dispense

gravimetrically at the desired setpoint.
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The powder is delivered into the blender until steady state is achieved, confirmed when

the feeder’s mass flow matches the catch scale’s. During this period, RPM is controlled by

a feedback loop from the proximity sensor and variable frequency drive. At steady state, all

equipment is stopped simultaneously, and the RM within the blender is measured.

To measure RM efficiently, the blender is run at 450 RPM without powder input. The

powder mass emptied to the catch scale is recorded (Fig. 5.4). As 450 RPM does not fully

empty the blender, the residual mass was quantified (by manual extraction) and confirmed

to be independent of speed history. This residual was determined after a sequence of runs

(150–450 RPM) and treated as an offset, which was then added to the “450 RPM empty”

values across all feed rates and blade configurations.

Mass removal during emptying is inherently time-dependent, particularly at 450 RPM.

Therefore, the mass discharged over time was recorded until stable, and an inverse log curve

was fitted to extrapolate the mass at t = 1 (Fig. 5.4). This standardised approach ensured

consistency, with only minor differences (a few grams) across runs.

While Residence Mass (RM) underpins the experiment, the response is better repre-

sented as fill level (%), defined as the volume fraction of powder occupying the blender

at steady state and calculated by normalising RM with blender volume (and bulk density)

(Eq. 5.2). Expressing the results as fill level, rather than RM, provides a more transfer-

able target for prediction, enabling like-for-like comparisons across materials, scales, and

geometries. Beyond this normalisation, fill level has direct relevance to blending perfor-

mance: it governs the flow regime within the blender, where low fills promote free-fall and

poor exchange, high fills restrict motion and localise shear, and intermediate fills promote

turnover and redistribution. These regimes are recognised to influence mixing efficiency and

the likelihood of achieving homogeneity [160].

Effectively, fill level, as a composite measure, integrates material properties, process
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parameters, and blender geometry, while serving as a practical proxy for bulk motion be-

haviour. Furthermore, as it is a function of RM it also provides access to MRT relating to a

key descriptor for mass transfer, and therefore mixing performance. Consequently, fill level

is adopted as the predictive target in this work and is used in place of RM when evaluating

process parameters and identifying optimal operating regimes (Section 5.7.2).

Figure 5.4: Example of a ’450 RPM Empty’, where the offset (remaining mass in the blender)

would then be added to the asymptote collected from the curve fitting to gain the final

residence mass at steady state.

5.5.3 Calculations

Fill Level

Fill level [%], is defined as the percentage volume the powder occupies within the mixing

volume.
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Fill Level (%) =
(Residence Mass/Bulk Density)

Mixer Volume
(5.2)

Strain

Strain (!) can be considered as a measure of ’work done’ to the powder. In the case of a

continuous blender, it can be defined as the mean number of blade passes the powder flux

would experience [83].

Strain (!) =
FL ⇥ ⇢ ⇥ vblender

ṁ
⇥ RPM (5.3)

The influence of the mixing blades is implicitly expressed in this equation due to how

the mixing blades alter the fill volume and thus the mean residence time of the powder at a

steady state.

where RPM is the rotation rate of the agitator in rotations per minute; ṁ is the feed rate in

kg/hr; FL is the fill level (as a fraction) of the powder at steady state; vblender is the volume

of the blender in m3; and ⇢ is the bulk density of the powder in kg/m3.

5.5.4 Predictive Modelling

The predictive modelling in this work draws on three complementary families of super-

vised learning algorithms to interrogate the same dataset from different angles. Random

Forest regression, introduced by Breiman [63], combines many decision trees to produce ac-

curate predictions while providing measures of variable importance that reveal which factors

drive system performance. Feed-forward artificial neural networks are employed to capture

complex, nonlinear relationships; these models follow the principles outlined in Goodfel-
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low, Bengio and Courville’s Deep Learning [64] and have proven effective at approximating

intricate functions when sufficient data are available. To bridge empirical modelling and

mechanistic insight, we also use symbolic regression, which automatically discovers analyti-

cal expressions that relate inputs to outputs; the approach pioneered by Schmidt and Lipson

demonstrates how genetic-programming-based symbolic regression can extract interpretable

equations from experimental data [65]. By integrating these ensemble-based, data-driven and

equation-discovery paradigms, the analysis balances predictive accuracy with interpretability

and lays a robust foundation for the results presented in this chapter.

Random Forest Regression

Figure 5.5: Random Forest Regression (RFR) Model Parameter Tuning. Results were or-

dered from worst (left) to best (right) r2 value, with the secondary axis plotting the assess-

ment of the residual’s normal distribution using the Shapiro-Wilk Test (SWT)– higher SWT

scores indicate a normal distribution. The x-axis shows the combination of the following 5

hyperparameters (in respective order): number of estimators, maximum depth, minimum

number of samples to split, minimum number of samples for a leaf and maximum features.
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Figure 5.6: Random Forest Regression (RFR) Model Performance. The top left graph shows

a parity plot of the measured vs predicted fill level. Top right, training data (only) k-fold

cross-validation. Bottom left, RFR’s residual histogram. Finally, the bottom right shows

the Feature Importance (FI) of each of the parameters on the RFR’s predictive capability,

higher indicates more importance. The error bars show the standard deviation of the FI

across the n = 20 generated estimators.

Despite the numerous insightful findings drawn from various studies using methods

such as Partial Least Squares (PLS), [31, 161, 24, 90] the method presents a few key con-

straints. For instance, PLS is inherently linear and tends to obscure the intricate interplay

of variables behind its principal components. In contrast, Random Forest Regression (RFR)
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offers the ability to capture nonlinear relationships, providing a descriptive, ‘logic-like’ por-

trayal of the variables’ interaction. When the primary focus is comprehending the system

from both a material and processing perspective, it is crucial to understand these interactions

and their resulting sensitivities.

RFR is a machine learning algorithm that combines the predictions of multiple de-

cision trees to produce a more accurate and robust model. In this context, x represents an

individual input data point (or a set of feature values) for which an output is to be predicted,

while y is the actual output or response value corresponding to that input. Hence, for each

instance of x, the goal is to predict its corresponding y value. This process can be depicted

as multiple trees each making a prediction for a single x, followed by the aggregation of those

predictions to obtain ŷ(x).

In this formulation, ŷ(x) denotes the predicted value for the dependent variable based

on the input x, aggregating the insights from all n decision trees. Mathematically, given n

decision trees, the prediction of RFR for an instance x is given by:

ŷ(x) =
1

n

nX

i=1

Ti(x) (5.4)

In the context of the equation, Ti(x) represents the prediction of the ith tree. Each tree

is sculpted using bootstrapped data subsets, a technique where random samples are drawn

with replacements from the original dataset, allowing some observations to be repeated in

each sample. At every decision point, whether it’s a split or a branching, a random selection

of features (variables) is integrated to ensure that the trees are decorrelated and there is

reduced inter-tree correlation. This inherent randomness can be observed in both the data

samples and feature subsets. These techniques enhance the model’s generalisation potential,

making it more robust and accurate.
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To train the model, the entire dataset was randomly split into a train:test split of

80:20 (203:51, datapoints respectively) and training data passed into the tuning stage of

modelling. The RFR model was tuned by training approximately 240 models with different

combinations of ’sensible’ hyperparameter values: the number of estimators, max depth

range, minimum samples to split, minimum samples for leaf, and maximum features range

(for additional information on RFR see Sci-Kit’s documentation: https://scikit-learn.org/

stable/modules/generated/sklearn.ensemble.RandomForestRegressor.html).

To clarify the function of the aforementioned (RFR) hyperparameters, the following

explanation(s) is provided:

• Number of Estimators: Specifies the total number of decision trees within the

forest. Increasing the number of trees can improve the model’s performance, but there’s

a threshold beyond which accuracy gains are marginal, trading-off for an increased

computational cost.

• Max Depth Range: Designates the maximum depth or levels each tree can achieve.

Deeper trees can discern more intricate data relationships but risk overfitting. An

optimal depth strikes a balance between bias and variance.

• Minimum Samples to Split: Specifies the minimum number of samples required for

a decision tree split. Increasing this value can prevent the model from incorporating

small patterns that may be noise, which serves as a regularisation technique.

• Minimum Samples for Leaf : Specifies the minimum number of samples required

to be at a leaf node (end of tree branch). Increasing this value, like the prior hyperpa-

rameter, can prevent overfitting and enhance generalisation across training examples.

• Maximum Features Range: During optimal split determination, the number of

features to consider is specified. Random feature selection for each split promotes tree
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decorrelation and model generalization.

In this context, sensibility refers to the principle of aligning the complexity of the model

with the size and richness of the dataset being modelled. For large and complex datasets,

it is appropriate to use more expressive models (e.g. multilayer neural networks with a

greater number of parameters) that can capture intricate nonlinear patterns. Conversely,

applying the same level of complexity to a relatively small or simple dataset risks overfitting,

where the model begins to learn noise rather than meaningful trends, thereby reducing its

practical utility. To avoid this, hyperparameters are initially selected within a conservative

range considered to be ‘sensible’, balancing model flexibility against the risk of overfitting.

The results obtained from these initial hyperparameter choices then provide feedback for

subsequent refinement, ensuring that the final model is both robust and generalisable.

The resultant fitted models were then rank-ordered for r2 (and adjusted) and plotted

alongside the residual’s frequency distribution, which is then quantified by the Shapiro-

Wilk test (SWT); The Shapiro-Wilk test (SWT) is a statistical analytical test which checks

whether a sample comes from a normally distributed population. The null hypothesis (1)

assumes that the data is normally distributed, while the alternative hypothesis (0) assumes

otherwise. A normal distribution would indicate a lesser propensity for the model to under- or

over-predict values, while a narrow distribution indicates lesser error between the measured

and predicted values; both a normal and narrow distribution are thus desirable.

The final selected model (Fig. 5.6), which held the following hyperparameter values:

number of estimators (50), max depth range (4), minimum samples to split (4), minimum

samples for leaf (4), and maximum features range (None), possessed a high r-squared value

of 0.85 (showing a good fit) whilst demonstrating a good normal distribution of the residuals

(quantified by the SWT, which was 0.97)– see Fig. 5.5. Any additional hyperparameters

were held at SciKit Learn’s default values.
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The RFR model’s performance is shown in figure 5.6, by the Parity Plot and Feature

Importance graph. The Parity plot is the use of the model to predict the ‘test’ data, which is

not used to train the model and shows a good r2 fit of 0.848. However, there is considerable

spread in places, leading to higher RMSE values– namely the cluster of points that are

over-predicting at 10% fill. Furthermore, there is greater variability at the higher fill levels

but this is potentially due to increased sparsity of data points at higher percentages. This

sparsity at these higher fills, is a feature of the experiment, due to RPM highly dominating

the system, irrespective of material or alternative process parameters (discussed in Section

5.6.1); the result is a higher number of points around lower fill levels due to increased RPMs.

The generated data from the full experimental dataset indicates that most operations

should be at or below the 35% fill mark. However, further experimentation within these

higher fill levels, through both material and process changes (e.g. higher feed rates), would

provide the model with greater reasoning, and therefore, the improved capability to predict

these fills.

The model was intentionally limited, in terms of accurate predictive capacity, to be

able to derive the ‘logic’ from the system. In this simplified model, only the most important

features will be shown, with the most contrasting changes between turning at each feature.

This is done in contrast to having fewer samples to split and minimum samples for leaf– which

would result in more and longer branches to reach the answer– giving rise to less granular

predictions. Accordingly, these trees with higher complexity result in a cumbersome tree

with many turns, inevitably resulting in the loss of ’what factors really matter’.
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Artificial Neural Network (PyTorch)

Artificial Neural Networks (ANN or NN) have demonstrated a great ability to make predic-

tions from data on a wide range of applications. The following ANN model was developed

from the guidance provided by Goodfellow et al.’s [64] comprehensive book on machine learn-

ing (ML); the book covers foundational elements of ML in detail, with Chapters 5 and 7

playing a pivotal role in this model’s creation.

Figure 5.7: ANN training and performance: Left, parity plot of the measured vs. predicted

fill level percentage. Centre, training and validation losses (in MSE (Mean Squared Error))

of the model vs. the number of epochs. Right, histogram of the residuals (measured -

predicted). The relative root mean squared error was 12%.

ANNs function by propagating input data through layers of artificial neurons. These

neurons apply a linear transformation followed by a nonlinear activation function. Mathe-

matically, each layer’s output, h, is computed as:

h = �(Wx+ b) (5.5)
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In equation 5.5, � represents the activation function empowering the model to cap-

ture intricate relationships between inputs and outputs. The term W stands for the weights,

which dictate the significance of each input. The bias b adjusts the neuron’s output, while

x is the input to the neuron. As data is fed into the network, it undergoes transformations

by each layer. The process, known as forward propagation, continues until the final layer

produces the network’s output or prediction. The connections between neurons, character-

ized by the weights and biases, determine the strength and nature of the relationships the

network captures. However, after a single forward propagation, the network’s predictions

may not be accurate. This is where backpropagation comes into play. Backpropagation is

an optimization algorithm used for minimizing the error in the predictions. It works by

computing the gradient of the loss function with respect to each weight by the chain rule

and iteratively adjusting the weights and biases in the direction that reduces the error. An

epoch refers to one complete forward and backward pass of all the training examples. By

running multiple epochs, the network continues to refine its weights and biases, aiming to

enhance its prediction accuracy over time.

ANNs are complex systems that require iteration to configure and fine-tune model

performance. The following hyperparameters (used for the model) are detailed and described

below:

• Architecture: This study employs PyTorch to construct an Artificial Neural Network.

Given the dataset’s size, this architecture was chosen to be relatively simple to prevent

overfitting, which occurs when the model becomes too closely tailored to the training

data and performs poorly on unseen data.

– Input Layer: Comprises 9 nodes, corresponding to the number of features in the

dataset.

– Hidden Layers: Two hidden layers with 41 and 14 nodes, respectively, were
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employed to transform the input data prior to the output layer. As emphasised

by Goodfellow et al. [64], network capacity must balance accuracy and generali-

sation: too few nodes risk underfitting, while too many increase the likelihood of

overfitting without regularisation. Initial comparisons of large and small networks

showed no benefit to substantially increasing size. Consequently, a configuration

of 41 nodes in the first hidden layer was chosen as the basis (half of the input

layer squared), with systematic evaluation of alternative sizes (41, 14), (64, 21),

and (128, 42) used to assess sensitivity and accuracy within a constrained archi-

tecture. The final model parameters were selected on a similar basis to what has

been shown in Chapter 5.5.4.

– Output Layer: A single-node layer, providing the final prediction.

• Hidden Layer Nodes (Linear): Each node applies a linear transformation to the

data, based on the weights and biases. Using the following equation: h = �(Wx+ b).

These nodes within the network form the basis of the prediction.

• Activation Function (ReLU): Defined as �(z) = max(0, z). It introduces non-

linearity into the network, allowing the model to understand and represent complex

relationships in the data.

• Dropout Rate (0.0155): A regularization method where a fraction of neurons are

randomly deactivated during each training iteration. This helps in preventing the

model from over-relying on specific neurons and mitigates overfitting.

• Learning Rate (0.0185): Determines the magnitude of adjustments made to the

network’s weights during training. A smaller learning rate means slower convergence

but possibly more precise outcomes, while a larger rate could speed up the training

but risk overshooting the optimal solution.
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• Epochs (500): Refers to the number of times the entire dataset is presented to the

network during training. More epochs can allow for better learning, up to a point,

after which overfitting might occur.

• Batch Size (32): The number of data samples processed before the model’s internal

parameters are updated. Using batches is more memory-efficient than using the entire

dataset.

• Optimizer (ADAM): An optimization algorithm that adjusts the weights of the

network. ADAM is known for its adaptive properties, where individual learning rates

are computed for each parameter.

• Loss Criterion (Mean Squared Error (MSE)): Measures the squared differences

between the predicted and actual values. The goal during training is to minimize this

value.

• Data Normalization (MinMaxScaler): Transforms features to lie in a range be-

tween 0 and 1. This ensures that no particular feature dominates the learning process

due to its scale, leading to more balanced and efficient training.

• Other Hyperparameters: Any parameters not explicitly mentioned were kept at

PyTorch’s default settings to maintain stability and general best practices in training.

The Python package OpTuna was utilised to methodically search for the best combina-

tion of two vital parameters: learning rate and dropout rate. The learning rate determines

how quickly the model updates its weights in response to the calculated error, while the

dropout rate is a technique where certain neurons are randomly “dropped" or deactivated

during training to enhance model robustness. OpTuna’s search spanned across 100 combina-

tions, bounded within 1e�5 to 1e�1 for the learning rate and 0.0 to 0.5 for the dropout rate.
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The performance of the model was gauged through a combination of metrics, visualised in

Fig. 5.7.

First, a key indicator of a good model includes a steady decrease in the training and

validation loss (centre), indicating that the model is learning, and a close match between

these two loss curves, suggesting minimal overfitting. The training loss provides a measure

of the model’s error on the data it is actively learning from, effectively the loss seen at its

current epoch. The validation loss measures the error on a separate subset of data not used

during training (unseen data at the current epoch), offering insights into the model’s ability

to generalise to new, unseen data.

Second, once the model has been trained on the ’training data’ (80% of the dataset)

the model is asked to predict the remaining ’test’ (20%) data, the result is the parity plot

(left)– which further validates/indicates the model’s ability to predict unseen data. The fit

of the model can be quantified by an RMSE of 2.27(%) and a high r2, which in this case is

exceptional with 0.97.

Third, a residual histogram plots the distribution of the actual data minus the pre-

dicted data. A narrow and normal distribution here would conclude that the model has

minimal bias under or over-predicting across the range of predicted test values. In addition,

the frequency distribution of the residuals is greatly improved compared to the RFR’s.

Lastly, the developed ANN was investigated using SHAP (SHapley Additive exPla-

nations) analysis, a method rooted in game theory [162]; further details and documentation

can be found at https://github.com/slundberg/shap. Effectively SHAP treats each discrete

data point as a player and allows the ’game’ to unfold to determine which features are the

most ’useful’ for predicting the response variable. The resultant is a graph (fig. 5.8) similar

to that found in the RFR’s Feature Importance (fig. 5.6).
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Figure 5.8: ANN SHAP analysis, showing the mean of the modulus SHAP Values. Effec-

tively, the average impact of each of the variables on the output magnitude. This is then

ranked-ordered from the most influential feature to the least. The scale quantifies the rela-

tive importance of the variables.

The top-performing features match in the same rank order for both models; highlight-

ing the reliability of these factors in the prediction of fill level. The remaining features differ

in rank order suggesting the models utilise the remainder of the variables differently. Alter-

natively, it suggests that the variables (and/or the differences between them) are statistically

insignificant compared to the important ones.
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5.5.5 Symbolic Regression – M 2E3D

Multiphase Materials Exploration via Evolutionary Equation Discovery - or M2E3D, further

abbreviated simply to MED, is a data-driven tool for discovering analytical equations mod-

elling the underpinning physics or correlations of industrial systems that are too complex to

be modelled from first principles [152, 153]. The core algorithm of M2E3D is its symbolic

regression engine, the SymbolicRegression.jl library written in the Julia programming lan-

guage [163, 164], which discovers analytical expressions f mapping given input values X to

a measured output y = f(X); the general algorithmic steps are:

1. The user selects the operators available to the symbolic regression engine, including

common binary operators (addition, multiplication, etc.) and unary operators (log, sin,

etc.) or custom functions - allowing users to incorporate some domain knowledge into

the equation search, e.g. if the process outputs are modelled against system geometry,

trigonometric functions might be included.

2. The operators, along with inputs and fitting coefficients are combined in a tree to form

equations (see Figure 5.9).

3. The free coefficients are fitted against the measured data y and the residuals are com-

puted f(X) � y.

4. An evolutionary algorithm is used to minimise both residuals and equation com-

plexity (the latter measured simply as the number of branches in the equation tree)

- this multi-objective optimisation problem is necessary to discover sensible, physical,

interpretable equations rather than overfitted chains of functions.

5. The process of equation generation - fitting - evaluating - evolving is continued until

the best-performing equations at each level of complexity are found to stabilise (i.e.
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not change between generations) - and hence a Pareto front of equation complexity-

accuracy is found.

Figure 5.9: M2E3D representation of an example analytical model (bottom right), built as

a tree with its nodes (circles) representing input parameters (purple), constants which need

fitting (green), binary operators (blue) and unary operators (orange).

The main advantages of the technique include:

• Interpretability: the equations found give insight into the underlying physics gov-

erning the system, while coefficients bear physical units which, again, allow physical

interpretation of the correlations found.
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• Robustness against noise: as equation complexity is also minimised, the most per-

sistent underlying physical terms are identified, naturally removing measurement noise.

• Requiring few measurements: if the system is governed by underlying physical

laws whose inputs are included in the training data, identifying them requires O(10)

data points, which is orders of magnitude lower than what surrogate models and neural

networks typically require.

• Ability to solve the inverse problem: oftentimes it is not just a predictive model

that is desired, but the ability to dynamically change a process input to achieve a fixed

output (e.g. fill level); this is possible by rearranging the equations found and can be

integrated in continuous on-line process control schemes.

• Allowing some degree of extrapolation: unlike virtually all surrogate modelling

approaches, if an underlying physical law is identified (e.g. Stokes’ law in fluid flow),

it can be extrapolated beyond the input training data range to a point (e.g. in the

previous example, until turbulence becomes significant).

Both the algorithm and the codebase for M2E3D can be found on GitHub:

https://github.com/uob-positron-imaging-centre/MED

M2E3D has been trained on the same 80:20 train-test split data as the other AI/ML

methods and produced an equation (Equation 5.6) whose specific form and interpretation

are discussed below. The equation was then used to predict the test data and produced

the parity plot shown in Figure. 5.10. It is recognised that there is a single prediction with

a negative fill level, this would be considered erroneous and scrapped (since a negative fill

level is impossible), but displays the potential limitation of selecting an equation which is

not complex enough. M2E3D could also be told to use different or more complex operators

and re-trained, this may improve the tool’s ability to generate more suitable equations– for
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Figure 5.10: M2E3D Parity Plot, Measured vs Predicted. With an r-squared of 0.83, a Mean

Absolute Error of 0.04 and a Relative Mean Squared Error of 0.05

the training of this model, it was limited to binary operators.
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5.6 Results

5.6.1 General Data Trends

The correlation between the response and variables (normalised between +1 and �1) was

calculated and plotted as a heat map (5.11). The correlations between the response variable,

Fill Level, and the other variables highlight the effect that variables have on the response. For

instance, it shows that RPM is highly negatively correlated with Fill Level, whereas Mixing

Blades are moderately positively correlated with Fill Level. It is of particular interest how the

material properties are related to the Fill Level– but there are no correlations of a moderate

magnitude that point to a specific characteristic being a significant influence.

Plotting the fill level against RPM (shown in Figure.5.12) produces a clear, negative

linear trend, and in some cases resembles a reverse Sigmoidal curve. The figure. 5.12, shows

the fill level response against the three processing parameters: RPM, Mixing Blades, and

Feed Rate. As mentioned, RPM dominates the system, reducing the fill level, irrespective of

both material properties and mixing blade configuration. A higher feed rate sees a translation

upwards, effectively increasing the fill level- but not necessarily changing the shape of the

curve- this is seen to have an increased effect for a higher mixing blade configuration (16H).

Perhaps this is due to a decrease in axial transport in the centre of the mixing volume, and so

there is less direct transport of the powder from the inlet to the outlet. Moreover, increasing

the higher mixing blade configuration, resulted in higher fill levels across the rpm range but

had a lesser effect at higher RPMs– again suggesting RPM is the most influential parameter

on fill level. These observations agree well with prior experimental and numerical studies

[93, 79, 83, 32, 76, 133].
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Figure 5.11: Correlation Heatmap (-1 to +1) between Process Parameters, Material Prop-

erties and Response Variable (Fill Level). The colour bar indicates the positive correlation

(+1, Red) and negative correlation (-1, Blue)
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Figure 5.12: Scatter graphs showing the fill level response of the materials used for the experiment with respect to the three

processing parameters: RPM, Mixing Blades, and Feedrate (kg/hr)
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5.6.2 Model: Random Forest Regression

Evaluating the general data trends with a single material property provides no significant

distinction or correlation. This may be due to the difficulty of discerning a true pattern

with a single bulk characteristic– as it would be considered too granular. Therefore, their

behaviour can be better understood by modelling how these bulk characteristics interact

with other material characteristics or process parameters.

The decision tree (35 of 50), seen in Fig. 5.13, showcases an example of the logic

output. The tree can be interpreted by moving down the tree from the initial top node.

Each node then passes another if statement, questioning if the assessed sample possesses

values greater or less than what the node is asking, which will decide the following node.

The final box (called a ‘leaf ’ ) contains the predicted (value) Fill Level %, for the specific

path of logic gates used to reach the leaf.

The results align with Section 5.6.1, insofar as saying that both RPM and Mixing

Blades show great significance on the final fill level as these parameters dictate the breadth

of the fill levels, sitting at Tier 1 and 2 of the tree. Interestingly, BFE, WFA, d10 and

RPM show on the 3rd tier but these are shown to be dependent on the fill level at this

point. Furthermore, this is reflected in the initial correlation plot (Fig. 5.11), meaning that

at higher fill levels BFE and WFA are shown to be factors to make a further distinction on

the fill level.
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Figure 5.13: Decision Tree (35 of 50) from the Random Forest Regression Model, with darker colours indicating high Fill

Level. Samples refer to the number of data points, and value is the mean Fill Level for those samples– in percentage (%)– for

that node.
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Furthermore, when evaluating the positional importance of a node it is also impor-

tant to consider the colour of the node– which highlights the mean fill level of all samples

at the current node. It is shown at higher fill levels (where motion is likely more friction-

ally dominated), particle physical properties influence the prediction, demonstrated by the

position and colour association of BFE, WFA and FFC. Whereas at lower fill levels (where

motion is more likely collisionally dominated) the rotation rate seems to dominate; intu-

itively described by the increased influence of processing parameters due to the reduction of

powder volume and the resultant increase in both the frequency and intensity of particle-wall

collision and reduction of particle-particle contacts.

5.6.3 Model: PyTorch ANN Feature analysis & Contour Mapping

The wall friction angle (WFA @ 2kPa, 0.4 Ra) is shown to be the material characteristic

with the greatest feature importance in the model, which holds true for both ANN and

RFR models. The practical application of understanding this is formulation adjustment.

Different excipients can be paired with the existing blend or powder, in order to modify the

final powder characteristic.

The result of this allows a quality-by-design approach, as the prediction allows for

the understanding of how sensitive a particular property is to processing parameters. This

is especially important when building in robustness and early mitigation of risks associated

with potential batch-to-batch variation.

This operational sensitivity is best shown in Fig. 5.14, where the two highest-ranking

operational parameters have been plotted against the range of WFA values used to train the

model. Thus, the sensitivity of the material property can be effectively gauged.

The model shows that the effect of WFA on fill level is, generally, lower at rpms

150



Using AI/ML to Predict Blending Performance and Process Sensitivity for Continuous
Direct Compression (CDC)

greater than 300– agreeing with the RFR decision tree (Fig. 5.13). At these RPMs, the

fill level is lower, typically ranging from 6-20%, which complements the previous discussion

point (from the previous section) on collision-based bulk motion/mixing. The mixing blade

configuration comes into play by holding up more mass, promoting a higher fill level. This

interaction, which promotes more ’frictional’ mixing, results in a more complex interaction

between the WFA and the discussed process parameters. This is best demonstrated by the

change of shape and colour across the three contour plots.

The application of this knowledge in a practical setting suggests that: if there were

(for example) a perturbation from the feeder and thus a slight transient change in the

formulation’s WFA (due to compositional change), this combination of parameters would

provide greater confidence that the fill level (and thus the desired process outcome) will

be preserved. This methodology and philosophy build in key quality by design aspects to

harmonise formulation development and operational robustness.

Figure 5.14: Fill Level Contour Plot Prediction using the ANN as a function of RPM and

WFA. The (shared) colour bar indicates the fill level in percentage for the 3 plots. The held

values for the contour plot are as follows: RPM (150-450), MB (8, 12, 16), Feed Rate (22

kg/hr), BFE (188 mJ), WFA (5-50), d10 (61µm), d50 (122µm), d90 (206µm), 1/FFC (0.189)
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Fill Level = 100
⇣
0.0032Feed Rate � 0.003WFA � 0.0004 d10 + 4.284Mixing Blades

RPM

⌘
(5.6)

‘Predicted = 100 ⇥ (t1 + t2 + t3 + t4)0 (5.7)

5.6.4 Model: M 2E3D’s Symbolic Regression

While ANNs and random forest regressors can be interrogated to some extent – as has

been demonstrated in the preceding sections – they remain, to some extent ‘black boxes’.

M2E3D’s methodology (discussed in section 5.5.5), meanwhile, produces complete, closed-

form equations to describe the behaviours of the systems to which it is applied. For the

present data set, the M2E3D equation which provided the highest ‘score’ was the following:

The linear equation can also be viewed as separate terms (seen in 5.8), where the

following terms can be used as descriptors for their relation to the fill level. Furthermore,

these equation terms can be evaluated using an ANOVA. To do this, the M2E3D Equation’s

terms were gathered and fit into an OLS (ordinary least squares) model before assessing the

statistical significance of each of the terms.

The ANOVA results can be found in Table 5.2. Each term was found to have signif-

icance in predicting fill level, which was expected as M2E3D ensured that every term was

significant. However, by assessing the sum squared variance of the prediction based on each

term’s sensitivity—quantified as the change in the predicted fill level in response to a stan-

dardized perturbation, such as a 1% or 10% increase from the mean value of each term—the

relative importance of each term in predicting fill level can be determined.

The rank order is as follows: t4 >> t1 > t2 > t3. This indicates that the fourth term

is responsible for the largest range of variability in the prediction. These findings align with

152



Using AI/ML to Predict Blending Performance and Process Sensitivity for Continuous
Direct Compression (CDC)

Where:

[Predicted] ! Fill Level

[t1] ! (0.0032 ⇥ Feed Rate)

[t2] ! (�0.003 ⇥ WFA)

[t3] ! (�0.0004 ⇥ d10)

[t4] !
✓
4.284 ⇥ Mixing Blades

RPM

◆

(5.8)

the other modelling (in sections 5.6.2 and 5.6.3) methods as they show RPM and Mixing

Blades to be the most important features for predicting.

Table 5.2: ANOVA Table for the generated M2E3D equation (See Eq. 5.6) based on the

split terms (See Eq. 5.7 and Eq. 5.8), showing the sum squared variance (sum_sq), degrees

of freedom (df), F-Statistic (F) and P-Statistic (PR(>F))

sum_sq df F PR(>F)

Term1 0.38 1 7.1e+15 0.00e+00

Term2 0.35 1 6.8e+15 0.00e+00

Term3 0.29 1 6.2e+15 0.00e+00

Term4 2.96 1 2.0e+16 0.00e+00

Residual 0.00 249 nan nan
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5.7 Discussion

5.7.1 Blind Formulation Validation and Model Comparison.

The described models (Sections. 5.6.2, 5.6.3 and 5.6.4) have been developed with the same

single excipient data. In this section, the ability of the models to accurately predict the

behaviours of a full pharmaceutical blend is tested, despite considerable limitations in their

training data. The same experiments were run using a 4-component blend that served as

a surrogate for a real drug formulation, in which the active compound of the campaigned

drug was replaced with powdered paracetamol, ensuring that the final characteristics of

the surrogate blend remained representative of the campaign. The surrogate was validated

by ensuring the bulk properties of the surrogate formulation and the true formulation still

possessed similar bulk physical characteristics (notably the bulk density and FFC), after the

proprietary API was switched out. The bulk characteristic behaviours of this blend were

gathered using the same methodology described in Section.5.4.1, and included in the final

row of Table.5.1.

The experiments measured the fill level of the surrogate formulation at 3 speeds (250,

350, 450 rpm) at 15kg/hr feed rate and 16 mixing blades. The blend’s material characteristics

were then measured and used to predict the fill level. The results can be seen in Figure. 5.15.

The models were all, to varying degrees of precision, able to predict the fill level of the blend

and the variation thereof with RPM. This means that, despite the complexity of a multi-

component formulation, there is a correlation between the formulation’s characteristics and

the resultant fill level. This is an important and potentially exciting finding, as it suggests

that the models developed may be used to predict the behaviours of new formulations with

no additional training.

The prediction accuracy ranked the model’s Mean Absolute Error (MAE) in the
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Figure 5.15: Parity Plot between the experimental and predicted fill levels. The parity

plot shows the three different models predicting the fill level. Each experiment was re-

peated 3 times, the mean is shown and the bars indicate the range of values (on the x-axis).

Each model demonstrates the operating space between the RPM and mixing blades. The

three models are ranked by the MAE (Mean Absolute Error) prediction of the experiment.

Subsequently, an example of the design space showing the two most important processing

parameters is plotted for each of the models. The model’s contour plots are indicated by

the graph’s title. Furthermore, all contour graphs share the same colour bar and number of

gradient steps (12) between the min and max.
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following order ANN (1.4), M2E3D (3.7), and then RFR (4.6). The contour plots between

the ANN and M2E3D are similar, displaying similar fills in the same areas. ANN and

M2E3D differ in terms of linearity, M2E3D generally presents a very linear progression of

contours– with tighter packing (of boundaries) in the lower corner and wider packing at

the maximum. ANN showcases complex shapes and curvature, which has been shown to be

advantageous for prediction. RFR, on the other hand, shows almost categorical boundaries.

highlighting that despite the granularity of the model, there are some key features which

allow for reliable fill level prediction. Ultimately, the following can be said: using each of

the predictive methods provides a trade-off between accuracy and conceptual understanding.

By using all three tools, however, one can achieve both highly accurate prediction, as well

as strong mechanistic insight.

It is important to note that data-driven models exhibit the highest predictive accuracy

within the bounds of their training data. While the models demonstrate strong predictive ca-

pabilities within the parameter ranges on which they were trained, the same level of accuracy

cannot be guaranteed outside this parameter space. Nonetheless, as additional experiments

are conducted, the model can be retrained and the predictive confidence boundary corre-

spondingly expanded. Furthermore, if the blender used were not fixed in inclination, it could

be another processing variable for the training data. Thus making it possible to evaluate

the mixing conditions across a wide set of inclinations, improving applicability for other

commercial blenders.

5.7.2 Predicting Mixing Performance

Strain, determined as the number of blade passes through a given powder (calculated using

Equation 5.3) has been demonstrated to be a strong predictor of good mixing in several prior

publications [83, 93, 76, 24, 133].
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Figure 5.16: Surface plots showing the strain by the three processing parameters for the drug surrogate formulation. The

continuous parameters (those that can change during operation) share the same plot as the strain. The colour bar indicates

the ANN predicted fill level, the three graphs share the same colour scale– allowing comparison.
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Using the validated ANN, a given blend’s material properties can be input to calculate

the strain from the predicted fill level. The resultant strain values across the range of

processing parameters can then be plotted as a set of surface plots in Fig. 5.16. The detailed

landscape describes the interaction between the formulation’s properties and the range of

processing parameters in the context of mixing performance. The surface plots seen in Fig.

5.16 are generated for the surrogate formulation (detailed in Table 5.1). The surface plots

are then coloured by the ANN’s prediction of the fill level at those same conditions. The fact

that the model is able to predict the surrogate accurately (demonstrated in Section. 5.7.1)

provides confidence in the surface’s shape and position of the colours.

It is immediately interesting to note that, irrespective of processing conditions, the

optimum strain seems to consistently be found at or near a fill level of 1/3. The correlation

suggests that the material in the blender has reached an idealised balance between the RPM

and Mean Residence Time. To speculate on exactly why this occurs; it seems to suggest

that the powder is, at this fill level, exhibiting regime-like behaviour which promotes ideal

mixing conditions.

To better describe the hypothesis of optimum strain occurring around 1/3 fill level,

it is useful to consider similar surrogate systems which show regime-like behaviour. There

are two situations that can be conceptually related: rotating drums and fluidised beds.

• Rotating Drums utilise a single continuous motion within a batch vessel to mix

the granular media within. Thus, when different processing conditions are used, the

granular media (e.g. powder) within the drum demonstrate different bulk motion

behaviours, which are described as regimes. Increasing the rotating speed of the drum,

results in a progressive pulling of the granular media up the side of the drum in the

direction of motion, resulting in regimes labelled as (from low to high RPM) rocking,

rolling, cascading, cataracting, and centrifuging (to name a few) [138]. The transitions
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between these regimes are known to be affected not only by drum RPM, but also fill

level – as is the mixing achieved thereby [165]. If mixing is intended for the media,

motions which cause high levels of granular dispersion (cascading/cataracting) result

in improved mixing. In the context of the incline linear blender, the described 1/3 fill

level suggests that this fill may be the balance for adequate powder volume for the

powder to mix into (increasing MRT, and therefore macro mixing), whilst providing a

sufficient mixing rate (RPM).

• Vibrofluidised Beds utilise mechanical agitation in the form of vibration to cause

an effective reduction in gravity, invoking fluid-like or even gaseous motion of discrete

solid particles [166]. To achieve this, a certain amount of agitation (i.e. a suitably high

vibration strength) is necessary for the powder bed to reach fluidisation. Similarly,

in the context of the inclined linear blender, the rpm agitator also has a mechanical

agitation influence. The suggestion for the incline linear blender is that at a suitably

high rpm (Froude Number), the motion of the impeller causes the powder to reach this

fluidised state, in which the effects of both gravity and inter-particular cohesion are

sufficiently overcome to markedly reduce the resistance to inter-particular mixing.

Thus the hypothesis describes the resulting regimen as a combination of the two

situations but in the context of continuous powder blending, where the powder flux receives

enough work through agitation, leading to semi-fluidised behaviour. This overcomes the

effects of gravity and inter-particulate cohesion of the powder, therefore promoting the local

displacement and replacement of powder leading to improved micromixing. When paired

with higher ‘H’ mixing blade configurations (otherwise described as larger mixing zones)

there is an increase in axial slippage, which promotes the similarly described re-constitutive

behaviour as the cascading regime seen with rotating drums. This, in turn, explains that

for a given powder (or formulation), feed rate and blade configuration there is an optimum

rpm, at which the powder reaches this regime; which coincides with the blender being 1/3
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full. Either side of this apparent optimal fill level leads into contact-dominated mixing (for

higher rpms) or friction-dominated mixing (lower rpms)– similar to that outlined by Zheng

et al. [133].

However, to attain this regime at a higher strain value- and therefore improved mix-

ing, blade configuration is key, as it will manage the bulk mass- due to its role of promoting

both axial and radial transport. In the context of this study, that would be the 16H configu-

ration (when compared to 8H and 12H), which should, by these standards, supply adequate

transport at the base (inlet), improved ‘slippage’ and radial dispersion in the mixing region,

and lastly enough transport at the latter part of the barrel to remove sufficiently blended

powder. This is supported further by the ‘folding region’ seen in the Positron Emission

Particle Tracking (PEPT) study of Jones-Salkey et al. [154] which describes localised spatial

residence time retention of powder in the former part of the barrel, just prior to the mixing

zone.

While it is possible that this is a specific feature of the helical mixing blade configu-

ration (H) arrangement, the findings implicitly suggest that alternative blade configurations

can form different regime-like behaviour. Nevertheless, in this instance, it would be sensible

to offer the use of the H-configuration in order to exploit the described feature. It would be

interesting to evaluate alternative configurations, like those discussed in Van Snick et al [32],

to see if they present varied regime-like behaviour; and if not, would the configurations they

describe present different processing sensitivities to those regimes?

To expand upon the insights from Figure 5.16, let us examine how the proposed theory

compares with the broader literature on this subject.

Building on the work of Kushner and Schlack [167], who explored the scaling of

blending powdered lubricant in both bin and tubular batch blenders, they highlighted a

parameter K that could scale blending across vessel sizes spanning five orders of magnitude,

160



Using AI/ML to Predict Blending Performance and Process Sensitivity for Continuous
Direct Compression (CDC)

given a constant Froude number of 0.4. Here, K denotes the ‘amount of mixing’, which is

the product of the ‘number of rotations (r)’, the ‘batch blender’s characteristic length scale

(L)’, and the ‘fraction of headspace (Fheadspace)’.

K can be broken down into two components: ‘mixing intensity’ (L ⇥ Fheadspace) and

‘mixing duration’ (r). Specifically, the characteristic length roughly indicates the mixing

region and the headspace gives the powder room to move, facilitating mixing. These com-

bine to show the dispersive potential of each rotation. Meanwhile, the number of rotations

conveys the number of times the powder undergoes dispersive rotations. Fortunately, for

batch systems, these two components are de-coupled, meaning ‘mixing intensity’ can be

compensated by increasing ‘mixing duration’, and vice versa.

Transitioning this concept from batch to continuous processes leads to the formulation

of the strain equation (strain = rpm⇥mean residence time), where rpm and mean residence

time encapsulate the mixing intensity and duration, respectively. In continuous systems,

however, since the MRT is a function of RPM (assuming a constant feed rate), one cannot

independently adjust intensity and duration, emphasising that a balance is required.

Critical to these discussions is the underlying principle that regardless of scaling in

batch or varied continuous setups primarily depends on fostering particle-particle interac-

tions—the real catalyst for mixing. This becomes evident in bulk powder flow regimes,

especially visible in granular mixing within rotating drums.

Relevant studies by Van Snick et al [32], Palmer et al [76], Bekaert et al [90], and Zheng

et al [133] offer deeper insights. The first three emphasize that maximizing strain results in

better content uniformity in both horizontal and inclined (15°) linear powder blenders. The

latter provides context on regimes.

Interestingly, Bekaert et al. [90], using a horizontal mixer, found no interaction be-
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tween the number of blade passes and blend properties, which contrasts the findings of this

study. The interpretation is that the inclination of the blender seems to play a pivotal role

in powder transport, which is best illustrated by materials showing different fill levels at

the same rpm- see Figure 5.12. This highlights the importance of understanding how the

material properties interact with the geometrical differences.

Van Snick et al [32] indicated that in the same blender used in this study (15° linear

blender), accurate and consistent content uniformity was achieved at intermediate residence

mass and an intermediate rpm. This finding was reinforced when comparing two different

blade configurations under identical conditions.

Moreover, Palmer et al, [76] demonstrated that after achieving a certain strain, there

is only a minimal further increase in blend uniformity, effectively stating that there is an

effective ‘ideal strain’ for a formulation which achieves optimal mixing for a minimal time-

and energy-expenditure. Thus, by utilising this tool, the maxima can be predicted and used

to work back towards the ‘effective’ strain. Such insights enable researchers to pinpoint the

optimal strain for increased processing efficiency whilst ensuring consistent content unifor-

mity. Furthermore, an additional graph shows a V-shaped dip in the Peclet Number (Pe)

plotted against fill level, with the lowest point (of this V-shaped dip) at around 1/3 fill level.

Pe number is a ratio which indicates a balance between advective and diffusive transport

rates; which could be effectively described as a balance of micro-to-macro mixing. A Pe of

one, seems to occur at the fill level that provides the highest strain (demonstrated in Figure

5.16).

Lastly, Zheng et al. [133] utilised calibrated DEM simulations to identify two distinct

regimes, which transition at an intermediate RPM of 250. This aligns with the first logic

gate in the RFR decision tree shown in Figure 5.13; whilst it is important to note, the model

has similarly outlined this RPM across the ten different excipients and remains comparable
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to the simulation.

In conclusion, the body of literature, when analysed in tandem with the findings

from Figure 5.16, and the related discussions provide a comprehensive rationale of the be-

haviour being exhibited under these conditions. The significance of this should provide both

researchers and industry professionals with an initial look into continuous blending regimens.

5.7.3 Application: Identifying the Strain Window

One potential practical application of these tools could be to adjust the process to compensate

for a large disturbance. For example, APC could be used to reduce the RPM, and therefore

increase the MRT, in response to a large disturbance. Following the disturbance, the RPM

can be returned back to the steady-state set-point.

Referring to Palmer et al [76], the lowest rpm on the APC should match the most

suitable point on the exponential decay curve, which could be effectively termed ‘Strain Point

(!P )’. This represents the minimum blade passes needed for desired content uniformity.

Given that cohesive species are given an effective shear rate (tip-speed) to sufficiently break

particle agglomerates/aggregates. This leads to questions for future research: “what’s the

minimum tip speed required for effective blending of cohesive powders" and “are two equal

strain values with different RPMs similar for mixing?" especially concerning values above

or below the specific shear requirement for a formulation.

The predictive toolkit illustrated in Figures 5.14, 5.15, and 5.16 enables the iden-

tification of the ’Maximum Strain’ (!M) for specific processing parameters, which can be

verified through subsequent experimentation. Upon confirming the attainment of minimum

shear, the focus shifts to optimising the ’Strain Window’ (!W )—defined as the difference

between !M and !P—as shown in Figure 5.17. Experiments can be directed to maintain
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content uniformity around the ideal RPM, as illustrated by points 2 and 3 in the figure.

These experimental points establish a strain window from the lowest acceptable strain value

to !M . Further exploration, as seen at point 4, could widen this window. For a comprehen-

sive understanding of the process limits, additional guided experimentation, towards point

n (!P ), may be performed to identify the threshold of failure.

It is noteworthy that theoretically, the toolkit could streamline experimentation to just

three pivotal points. This top-down approach defines a steady-state set-point and establishes

bounds for upper and lower RPM ranges. Similarly, it can assess the impact of other variables

like feed rate changes on blend properties.

The deployment of these modelling tools is instrumental in developing robust control

strategies, offering a nuanced understanding of the process and its operational parameters up

to the point of failure. This outlines a safer operating domain, ensuring the product meets

Figure 5.17: Graphical Representation of the Strain Window (!W ). Points 2, 3, and 4,

indicate guided experiments to find the Strain Point (!P )– or the expansion of the current

Strain Window (!W ).
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critical quality attributes. The use of these tools allows this understanding to be achieved

with reduced experimentation, which is particularly important as extensive large-scale exper-

imentation can slow development as well as impact on cost and sustainability. Furthermore,

they can verify the consistency of processes or formulations, valuable for modifications like

reformulation or changes to processing set-points. This process similarity can be corrobo-

rated through a series of validation trials, affirming the model’s accurate prediction of the

operational landscape.

5.8 Conclusion

This paper presents several machine learning and artificial intelligence models for predicting

the performance of a continuous pharmaceutical blender, while also facilitating new insight

into its fundamental behaviours.

The methods used include RandomForestRegression (RFR), which extracts logic from

the data; a novel symbolic regression and evolutionary AI tool (M2E3D), which produces

complete, closed-form equations, effectively creating a reduced order model of the data; and

Artificial Neural Networks (ANN), which provide more accurate predictions at the expense

of a less-interpretable model. All three models independently identified the agitator speed

(RPM), the number of mixing blades, the wall friction angle (WFA, 2kPa with 0.4 Ra

coupon) and the feed rate (kg/hr) as the most important features for the prediction of fill

level, and thus the strain experienced by the powder – an important predictor for mixing.

By interrogating the models further, valuable insight into the dynamics and mechanics of

the blender was gained through prediction of the operating space.

In terms of pure predictive capability, the ANN demonstrated the greatest strength,

both for the single components on which it was trained, as well as in further blind validation,
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predicting the behaviour of a 4-component formulation to a high degree of accuracy. Its

ability to accurately predict the fill level of a previously unseen formulation, containing an

API not included in its training data set, shows considerable promise for such an approach,

in the future, to be used as a means of reducing the time and cost currently associated with

bringing new drugs to market.

It is worth noting that an interesting correlation has been identified between the

maximum strain and the one-third fill level (during steady state) in the prediction of the

operating space. This correlation applies regardless of formulation or variable processing

parameters, and it represents a crucial set point for blending processes that use a 15-degree

incline blender. By achieving this, 1/3 fill level, set point during operation, a balance between

advective and diffusive mixing can be attained. It is of further interest if other fill-level, and

thus space-time, optimisations exist for other blending platforms and inclinations.

The magnitude of strain can be increased if the process is intensified- in effect simul-

taneously increasing both RPM and MRT. Yet, since RPM and MRT are coupled, increasing

RPM will decrease MRT. Therefore, it is important to consider both the feed rate and the

blade configuration. Decreasing the feed rate will increase MRT while decreasing the number

of radial mixing blades will decrease MRT.

Given that maximising throughput is often desired, the blade configuration should

be adjusted to include more radial mixing blades to retain higher fill levels (at the same

RPM) and the RPM should be increased– thus intensifying the process. Similarly, this

resolves the issue for highly agglomerated species, where using a higher RPM provides a

higher tip speed, which then acts to break the highly agglomerated species. There may

be slight differences between the clinical commercial equipment and the prototype (used in

this study), however, the fundamental understanding remains the same. To validate this

observation, additional runs were performed using various blade configurations, feed rates,
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and surrogate formulations (as detailed in Section 5.3.1). These runs were not included in

the model training. However, they have shown that the maximum strain is also consistently

observed at a fill level of 1/3. In addition, these findings were checked against a backlog of

development runs for other formulations using the GMP-compliant CDC-50 from GEA and

saw the same relationship of around a 1/3 fill level delivering the highest strain values.

Ultimately, the predictive tools described in this publication can find this optimum

range of processing parameters for a newly characterised formulation and then evaluate both

the operational and formulation stability of that formulation within the blender. Said tools

thus stand to both mitigate risk and reduce wastage of time, energy and materials during

product development through prediction of the variability at these early phases, meaning a

directed first-time-right approach to experimentation, validation and process establishment,

carrying benefits both economic and environmental.
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Chapter Six

Conclusion

6.1 Thesis Conclusion

6.1.1 Industrial Conclusion

The development of complex pharmaceutical products presents significant challenges. Mul-

tiple teams typically work in parallel, often with interdependent objectives, while facing the

combined pressures of high regulatory standards, market competition, and the requirement

to deliver high-quality medicines to patients. Achieving rapid, accurate, and cost-effective

development is, therefore, difficult, with progress frequently constrained by trade-offs be-

tween these factors. Although this limitation remains true for current best practices, it can

be mitigated through innovation. The work described in this thesis addresses a key challenge

within AstraZeneca’s CDC development process.

This contribution is reflected in three main areas:

1. The establishment of the MACH-1 GLS testing bench (Chapter 3), which enables rapid,

modular, and cost-effective at-scale experimentation to inform and de-risk GMP clinical
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supply campaigns.

2. The development of standardised ways of working and their integration into the prod-

uct development pipeline, resulting in a practical playbook for powder feeding and

continuous blending (Chapter 3).

3. The creation and deployment of digital tools for predicting processing performance,

thereby reducing experimental burden and broadening access to complex modelling

approaches. These tools were made possible by the insights gained from Chapter 4,

which informed the modelling framework in Chapter 5.

Although each of these outputs could be considered individually, their interdepen-

dence is best demonstrated in Chapter 5, where a hybrid model (ML-mechanistic), trained

on single-component excipients using data generated from MACH-1, was shown to predict

the behaviour of multicomponent formulations. This model is independent of any specific

drug project, allowing development teams to establish processing parameters for new for-

mulations without re-building the framework from the ground up. The combined use of

non-destructive characterisation methods and in silico experimentation further reduces cost

and accelerates project timelines.

Ultimately, the Engineering Doctorate (EngD) iCASE programme has enabled the

development of novel approaches that contribute to the wider scientific community while si-

multaneously addressing tangible industrial problems within the UK’s largest publicly traded

company (at the time of writing, Q3 - Q4 2024).

6.1.2 Technical Conclusion

This impact was delivered through the establishment of the MACH-1 (Chapter 3), where the

prototype of a commercial continuous powder blender CDB-1 by GEA (Frankfurt, Germany)

169



Conclusion

was adjusted to align with the results of the GMP asset in Göteborg, AstraZeneca. Being

resourceful was essential, as constraints such as facilities, budget, and lead times resulted in

adaptations to the establishment. CAD drawings, 3D printing, liaising with facilities and

fabrication teams, and risk assessments were actions taken that allowed the establishment

to remain relatively flexible within these constraints. Once the modular GLS equipment

was developed, installed and accommodated for business as usual, it, alongside the following

chapters, was woven into the product development process. But in the context of this thesis,

it enabled all the experimental work described in 4 and 5.

Chapter 4, outlines a key application of a unique and novel measurement technique.

These experiments were able to describe and categorise the spatial-temporal pathing of

particles in response to processing parameters, fundamentally describing how particles can

be influenced through the adjustment of these parameters. Interestingly, a relationship

was observed within the blender describing a ‘folding zone’, a region of powder slippage

and turnover due to the combination of the geometrical inclination of the blender and the

arrangement of the transport/mixing blades on the impeller. This “folding zone" interacted

with the processing parameters, indicating that intermediate agitation rates coupled with

a larger number of arranged mixing blades (which push powder azimuthally around the

impeller’s axis rather than pushing the powder up the length of the barrel) were optimal.

This suggests that further studies using techniques such as PEPT or DEM could establish the

finding and identify the key drivers of this behaviour, thereby exploiting it to improve mixing

conditions. Lastly, the implementation and development of a GLS continuous blending rig

allow for the collection of experimental data for the continuous blender, expediting and de-

risking development activities. This has been a significant advancement for the department.

The deployed ANN model, featured in Chapter 5, provides a digital layer/twin to

the MACH-1 and was developed in parallel with two additional models, all of which were

interrogated using various techniques to identify the importance of the features. Interestingly,
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the features, most notably in the Random Forest Regression (RFR) model, aligned with the

results of other authors (Zheng et al. [133]) in the field. The RFR model specifically

demonstrated two distinctive regimes around the 250 rpm mark: contact-dominated mixing

and frictional-dominated mixing; further discussion on this can be seen in Chapter 5.7.2.

Importantly, typically for a given feed rate, the void fraction (fill level) and the space-

time (e.g., mean residence time, MRT) are not independent: increasing the feed rate si-

multaneously raises the mass of powder within the blender and reduces the residence time

available for mixing. In response, higher rotational speeds (RPM) may be needed to main-

tain a “peak strain rate” but this in turn can further decrease residence time as material is

pushed through the system more quickly. Thus, these parameters, feeding rate, fill level,

space-time, and strain rate, are interdependent rather than individually tunable.

Despite this coupling, the findings from this thesis suggest that there is an empirical

optimum mixing often where strain rates peak, coinciding (for the blender used in this study)

with roughly a one-third fill level. This phenomenon may reflect a blender-specific trade-off

between the void fraction and mixing space-time. One way to rationalise this is considering

the Péclet (Pe) number; a Pe ⇡ 1 implies a balance between axial transport (throughput),

convective transport, and dispersive (or diffusive) mixing. In practice, each blender design or

inclination can change the exact fill level associated with Pe ⇡ 1, but the principle remains

the same: balance feed rate and mixing intensity (RPM) to maintain a zone of maximum

strain rate and thus optimise continuous blending performance.

Investigating whether this one-third fill level is similarly optimal in other inclined or

geometrically different blenders would help confirm the broader applicability of this rela-

tionship. By balancing void fraction, residence time, and mixing intensity, manufacturers

can pinpoint and sustain the strain-rate “sweet spot” essential for achieving consistent, high-

quality blends under real-world process conditions. Furthermore, it may also be sensible

171



Conclusion

to alter a given formulation in ways that allow an effective mixing regime over a wider

strain window, expanding this “sweet spot" (for example, increasing the flowability of the

formulation), particularly when operating at higher feed rates.

6.2 Future Work

The scope of future work is vast and, as a result, it would make sense to focus the scope into

areas in which the greatest industrial impact could be seen.

6.2.1 Scaling Over & Technology Transfers

A key challenge for continuous blending remains the transfer of processes across different

commercially available platforms. The high capital investment required for equipment has

limited most research to specific blender types (highlighted in Section 2.2.3), constraining the

ability to translate knowledge between geometries. Building on the mechanistic and mod-

elling insights developed in this thesis, future work should address both scale-up (increasing

blender volume and throughput) and scale-over (translating processes across geometries and

inclination angles), as these represent critical steps towards flexible and robust manufactur-

ing.

When scaling over, the primary objective is to preserve the fundamental mixing dy-

namics of the system. This requires identifying scale-independent descriptors that link the

variety of geometries across the industry. As highlighted in Chapter 5, strain offers a promis-

ing route for parameter optimisation. In addition, future studies should evaluate the Péclet

number (in conjunction with strain) as a potential scaling parameter, since it quantifies the

balance between convective transport and diffusive dispersion within the blender. Estab-
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lishing such dimensionless metrics would enable consistent comparison across platforms and

provide a rational basis for technology transfer in continuous blending.

6.2.2 Advanced Drug Formulation

An important direction for future work is the extension of the approaches developed in

this thesis to advanced drug formulations. These systems present additional complexity

due to the need to balance API properties, excipient functionality, and the requirements

of downstream continuous manufacturing. For continuous powder blending, in particular,

further work should focus on elucidating the powder–powder interactions that govern mixing

performance in complex formulations. Once these properties are understood, the formulation

design and selection of process parameters can be aligned accordingly, consistent with a

Quality by Design (QbD) philosophy.

Key research priorities include

• Balancing Trade-Offs: Investigating how strategies to improve blend uniformity or

flow can be implemented without compromising tablet mechanical strength or dissolu-

tion performance.

• Predictive Approaches: Extending the empirical and modelling frameworks devel-

oped in this thesis to accelerate formulation development and support QbD principles.

• Enhanced PAT: Applying high-resolution chemometric tools (e.g., Raman or near-

infrared spectroscopy) to monitor and correct deviations in real time, with particular

emphasis on low-dose and oncology therapeutics where dose accuracy is critical.

These priorities should be pursued with three overarching goals:
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• Manufacturability: Identifying excipient combinations and process designs that en-

hance the blending performance and ensure optimal compaction behaviour.

• Bio-Pharmaceutical Performance: Selecting excipients that maximise the delivery

performance (for example, solubility, release profile).

• Process Analytical Technology: Choose and compose formulation components

based on distinct PAT signals from the API, optimising PAT technology to detect

minimal (or trace) amounts of essential constituents (e.g. API).

Building directly on the mechanistic and modelling insights developed here, such in-

vestigations would establish stronger links between formulation design, process behaviour,

and product quality, ultimately allowing for more robust continuous manufacturing of ad-

vanced medicines.

6.2.3 Improving Upstream Processing — Powder Feeding

As discussed in Chapter 2.2.1, powder feeding is critical to the blending performance. Up-

stream disturbances (e.g. feed rate fluctuations or density drift) can propagate through the

system and impair downstream quality by altering the residence time distribution and local

composition at the blender inlet. Although macromixing provides some buffering capacity, a

stochastic sequence of feeding perturbations can still bias instantaneous blend composition

and reduce overall mixing efficacy. Therefore, robust feeding performance is essential.

Building on the approaches developed in Chapters 4 and 5, future work should (i)

identify the mechanisms by which feeder dynamics couples to blender transport and disper-

sion, and (ii) characterise the interactions between feeder setpoints, powder properties (e.g.

PSD, shape, cohesion), and measurable inlet-state variables using high-fidelity models and

data-driven methods. Four priorities are proposed:
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• Mechanism-led modelling: Apply DEM to analyse mass flow stability, screw-pocket

filling, and re-filling dynamics for powders with wide size and shape distributions, with

the aim of predicting conditions that exacerbate inadvertent segregation. Outputs

should be linked to input-state descriptors compatible with RTD and ML frameworks

(e.g., mean and variance of instantaneous mass flow and solid fraction).

• Sensing and control: Evaluate continuous feeder geometries in conjunction with

inline sensors (e.g. load cell analysis, vibration, imaging, NIR/Raman) and feedback or

feedforward control strategies to attenuate disturbances before they reach the blender.

• Generative design: Employ AI-driven generative design methods to explore auger

and impeller geometries that improve the conveyance of cohesive species and minimise

pulsation, thus increasing the consistency of mass throughput.

• Scope boundaries: Deprioritise “mixing within the feeder” as a development tar-

get; feeders should ensure rate stability and outlet-state consistency, while blending

equipment should be designed and optimised for mixing.

A further consideration is API attrition within the feeder. Attrition commonly arises

late in API synthesis (e.g., during agitated drying in filter-bed, conical, or spherical dryers,

whose hoppers are geometrically similar to continuous feeders) and can persist into secondary

manufacturing. Although agitation aids mass transfer and moisture homogenisation, it also

imposes mechanical stresses that fracture particles, potentially degrading manufacturability

and altering critical quality attributes [168, 169, 170, 171]. Considering that CDC often

begins immediately after API drying, quantifying and minimising shear within the feeder

is warranted. Recommended tasks include: (i) evaluating an operational control strategy

around size-distribution drift over extended campaigns; (ii) identifying operating windows

and geometric modifications that reduce attrition; and (iii) integrating these findings into

process control (advanced process control) to adapt process parameters on the fly to preserve
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API attributes, while maintaining throughput and final tablet quality.

In line with these priorities, future work should first focus on DEM-guided design and

operation of feeders that handle polydisperse and anisometric powders, as this represents

the greatest source of variability at the blender inlet. A second priority is the development

of integrated sensor suites and control architectures tailored to continuous feeders, enabling

disturbances to be detected and corrected before they propagate downstream. Extending the

combined methodology developed in Chapters 4 and 5—mechanism identification, dimen-

sionless descriptors, and predictive modelling - to the feeding stage will provide a systematic

understanding of the sensitivities and processes for manipulating complex powders effectively,

while building tools which can be leveraged across projects to deliver across the portfolio.
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Appendix One

Attached Publication for Chapter 2

Publication Jones-Salkey et al. 2023 [25] has been included below:

<Reference to the author’s full first author contribution on sections ‘Feeding’ and ‘Blending’

with joint collaborative contributions on the ‘Abstract’, ‘Introduction’, ‘Summary Table’ and

‘Conclusions’ sections>
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Abstract: The pharmaceutical industry is undergoing a paradigm shift towards continuous pro-
cessing from batch, where continuous direct compression (CDC) is considered to offer the most
straightforward implementation amongst powder processes due to the relatively low number of
unit operations or handling steps. Due to the nature of continuous processing, the bulk properties
of the formulation will require sufficient flowability and tabletability in order to be processed and
transported effectively to and from each unit operation. Powder cohesion presents one of the greatest
obstacles to the CDC process as it inhibits powder flow. As a result, there have been many studies
investigating potential manners in which to overcome the effects of cohesion with, to date, little
consideration of how these controls may affect downstream unit operations. The aim of this literature
review is to explore and consolidate this literature, considering the impact of powder cohesion and
cohesion control measures on the three-unit operations of the CDC process (feeding, mixing, and
tabletting). This review will also cover the consequences of implementing such control measures
whilst highlighting subject matter which could be of value for future research to better understand
how to manage cohesive powders for CDC manufacture.

Keywords: continuous direct compression (CDC); powder cohesion; loss in weight (LIW) feeding;
blending; tabletting; continuous manufacture

1. Introduction
The pharmaceutical industry is currently undergoing a paradigm shift from batch to

continuous processing in order to improve manufacturing efficiency [1]. Continuous direct
compression (CDC) (Figure 1) is considered highly efficient because of the reduced number
of unit operations involved [2,3]; however, there currently exists only a limited range of
formulations for which it is viable. Suitable formulations will generally have low drug
load, a need for adequate flowability (as the material has to be transported through the
system), and have sufficient tabletability, for the CDC process to work [4].

There are several critical material attributes (CMAs) which impact the flow of pharma-
ceutical powders and hence the successful formulation of oral solid dosage forms, of which
cohesion is thought to be the most significant [5]. Powder cohesion refers to the affinity of
particles to adhere to each other. It manifests in the bulk as resistance to powder flow often
accompanied by adhesive behaviour, which refers to the tendency of a material to bind to
surfaces and other materials [6]. Factors which contribute to cohesion include:

• Liquid bridges (liquid bridges will not be discussed in this literature review as there
already exist comprehensive reviews of this topic [7–9]). Our focus in the present
work will also be on the effect of cohesion in CDC processes rather than the causes of
cohesion) [10];

• Van der Waals forces [11];
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• Electrostatic forces [12];
• Frictional charging during handling [13];
• Particle shape and size [3].

Figure 1. Schematic of the CDC process. Feeding: (where A, B, & X; are example labels of the
formulation’s constituents) powders are fed into the blending stage. Blending: Shows the constituents
entering and being blended by the agitator, before entering the hopper of the rotary tablet press.
Tabletting: (where F, PC, C, & E; corresponds to the Die Filling, Pre-Compression, Compression
and Ejection, respectively) the final formulation fills the die cavity, undergoes compression forces—
forming the tablet—before being ejected from the die.

Although humidity is controlled in a GMP environment, moisture is still present in the
air and can be adsorbed and or absorbed into the powders, increasing cohesivity [14–16].
This increase in local moisture content in powders results in transient, complex interactions
between powder surfaces and water, resulting in higher cohesion and decreased flowabil-
ity [14–16]. Therefore, for every instance where good flowability is desired, an increase
in humidity will have a negative effect. On the other hand, with compaction, there is
evidence that some moisture can produce higher-strength tablets. However, too much
moisture impacts the tablet strength negatively [17]. Thus, the positive effect of humidity,
during tabletting, is largely outweighed by its negative effect across all the other unit
operations in the CDC process. Therefore, generally or where suitable, moisture content
should be kept to a minimum. In the interest of the review, relative humidity will be
discussed when it is the only variable suited to solving an issue, for instance mitigating the
triboelectric effect during powder feeding (Section 2). Furthermore, there are additional
reviews [8,9] which discuss the influence of humidity on powder cohesion.
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Active pharmaceutical ingredients (APIs) are typically the components of tablet for-
mulations that give rise to handling issues, due to their often very high cohesivity, low
bulk density, and highly aspherical geometries, in turn resulting in undesirable operating
performance for CDC [6,18]. Many APIs are needle-like and very fine (<10 µm) resulting
in a high contact area and cohesion (and thus poor flowability), whereas excipients are
typically coarser and have a more favourable (spherical) particle shape, leading to better
flowability. This difference in flow properties is perhaps unsurprising, as excipients are
inactive substances whose purpose is to aid the formulation process by supporting or
enhancing the stability and tabletability [19] of a pharmaceutical dosage form; as such,
cohesive excipients would be omitted during the experimental design stages [20] as they are
much easier to replace than APIs. Based on the above, it is clear that a high concentration
of API may heavily affect the processability of powders, rendering the CDC manufacturing
route non-viable [21].

In spite of the above, cohesion is not always a negative influence on CDC operations.
In some instances, moderate cohesion has been found to aid the proper functioning of
a given unit operation. For example, during powder feeding the addition of nano-sized
silica was shown to result in reduced adhesion to feeder surfaces and improved powder
flow as will be discussed later in this review [6,22]. However, in most cases of high
cohesivity, flow is inhibited [23,24], which is problematic for feeding [25], mixing [26] and
die filling [27,28]. Conversely, during the tabletting stage, powder cohesivity (specifically
interparticle adhesion) is generally desirable, inviting smaller particle sizes and higher
surface energy powders [29–36].

There are three main ways in which cohesion can be managed in tablet production:
1. Formulation modification, through the introduction of glidants or lubricants [37].
2. Operational process changes which are documented in many different studies for

each unit operation [38].
3. Granulation, which also manages cohesion as poor flowing powder fines are made

into coarser more uniform agglomerates. (This is beyond the scope of this literature
review as this unit operation is not a part of CDC processes [39]).
However, most literature does not consider how cohesion controls impact downstream

unit operations. As far as the authors are aware there are no literature reviews that encom-
pass the mitigation of the effects of cohesion and how those controls may affect certain unit
operations. Therefore, the primary aim of this literature review is to explore and consoli-
date current knowledge concerning the impact of powder cohesion and cohesion control
measures on all unit operations in the CDC process (feeding, mixing and compression),
discuss the consequences of cohesion control measures implemented, and establish what
further studies could be valuably conducted in the future.

2. Powder Feeding
2.1. Feeding Introduction

Powder feeding for CDC processes needs to be accurate and consistent for CDC
performance success. Feeding modes are commonly defined by the delivery and main-
tenance of material, in a given time frame. As such, there are two main categories for
feeders: volumetric and gravimetric, which supply material according to volume per unit
time, and mass per unit time, respectively [2,22,25,40,41]. Volumetric feeding is often
used to understand the characteristics of powder behaviour within the hopper, whereas
gravimetric feeding seeks to smooth out any volumetric perturbation through feedback
control, arguably resulting in gravimetric being the superior of the two modes for mass
delivery [2,22,25,40–42]. Powder feeding is the first unit of operation in the CDC process;
thus disturbance or variation from the set point can propagate downstream, fundamentally
impacting the tablet quality [25,43].

One of the tasks of the blending stage in ensuring that constituents are well-mixed is to
smooth out the perturbations from the feeder. The lower the intensity and frequency of these
perturbations, the lower the chance that content uniformity or manufacturability issues
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will arise downstream [22,44,45]. Moreover, it should be noted that not all disturbances
result in a detrimental impact. It is both dependant on the magnitude and duration of such
disturbances—Gyürkés et al. [46] aptly discuss this concept with the use of funnel plots.

Powder cohesion impacts feeding performance by introducing variation through
complex bulk behaviour, which results in the variation of flow behaviour [22,25]. This
contributes to both the restriction of power into the converting screws, and the resistance
to flow within the swept volume of the screws. In addition, these materials are prone to
electrostatic charging, causing attraction-repellent behaviour, which can lead to deposits of
material residing and adhering to surfaces post-feeding [15,47]. This buildup can migrate
into the bulk feeder, dosing it with a spike of material, therefore resulting in a compositional
imbalance [15,47]. The following section aims to discuss the work of several publications,
exploring the complexity surrounding powder feeding.

2.2. Feeding Discussion
The difficulty associated with powder feeding directly derives from the handling

of larger volumes of powder (in the hopper) and converting this into smaller, consistent
streams (at the outlet). Essentially, this refers to the driving of powder down a pathway of
lowering power-to-powder contact, to instead increase powder-to-wall contact. When there
is resistance to this gradient of increasing powder-to-wall interactions, it suggests there
is a lack of flowability, which commonly manifests in the form of cohesivity. Though co-
hesion is ultimately a microscopic process (i.e., it occurs at the scale of particle-particle
contacts), at present its effects are predominantly characterised via macroscopic (bulk)
measurements [48].

The Flow Function Coefficient (FFC) is a measurement used to quantify the amount
of stress required to cause a powder to yield, and is one of several manners in which
a powder’s ‘flowability’ may be characterised [49,50]. Gathered from a ring shear tester,
for example, the measurement applies a normal consolidation force to a powder bed
and measures the tangential force required to cause failure (incipient flow). A yield
locus of shear stress vs normal stress is plotted and, applying Mohr–Coulomb failure
theory, the major principal yield stresses of consolidated and unconfined material are
obtained. FFC is the ratio of these values. The theory and methodology is discussed in
various degrees of detail in the following papers: [5,49–51]. Leung et al. [5] performed
a comprehensive analysis on 1130 ring shear measurements and effectively surmised that
particle friction coefficients are negligible on FFC measurements, suggesting that cohesion is
the primary characteristic which influences the measurement. In addition, the authors state
that mitigating the effects of cohesion is far more influential than mitigating the frictional
aspect(s) of the powder when it comes to improving powder flow, and also suggest that
altering interparticle forces is the best approach to take when combating cohesive powders.

Leung et al. [5] demonstrated the effect of introducing 1% w/w of colloidal silicon
dioxide into two excipients on FFC, cohesion and angle of internal friction. The first
excipient—hypromellose—showed a significant drop in cohesion and an increase in FFC
(Figure 2). Meanwhile, the second excipient—dicalcium phosphate anhydrous—showed
the inverse behaviour, but to a much lower degree. No significant changes were seen in the
angle of internal friction for both materials. Additional work regarding the use of colloidal
silicon dioxide nanoparticles for formulation adjustment is seen in [52,53]. The mechanism
at work involves the surface coating of SiO2 nanoparticles, which introduce additional
distance, therefore lowering the strength of the van der Waals attraction between the two
surfaces of the more cohesive species [5,6,52,53]. Furthermore, Leung et al. state that
particles with uneven shapes and rough surfaces may receive little beneficial effect from
the SiO2 surface coating, and therefore minimal improvement in flowability. The SiO2 will
fail to act as a barrier to the contact of the carrier species as it is shown that using SiO2 as
an additive can be detrimental to FFC.

Tran et al. [54], investigated these underpinning mechanisms which govern flow modi-
fication through the use of colloidal silica—their findings agree with those of Leung et al. [5].
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Tran et al. studied the differences in silica loading for two different excipients using flow
characterisation, static image analysis, and particle size distribution. It was found that
materials with higher surface area (described as rugged) were able to accommodate higher
silica loads, and that the optimal amount of silica loading is dependent on both the surface
area and the size of the carrier particle but, most notably, their results discussed the possi-
bility of taking a ‘quality by design’ approach by determining silicate (glidant) loading by
carefully assessing the carrier powder’s physical properties.

Figure 2. (Left): Graphs highlighting the difference in characteristics (Flow Function (FFC), Cohe-
sion, and angle of internal friction) of the two excipients: Hypromellose and Dicalcium Phosphate
Anhydrous with and without colloidal silica. (Right): Scanning Electron Microscope (SEM) of the
two excipients mixed with 1% w/w colloidal silica. Adapted from Leung et al. [5].

Lopez et al. [55] published a DEM study on the effect of increasing cohesion on
feeding performance. The researchers began by calibrating the powder used in the system,
first identifying and assigning the physical properties and particle shape of paracetamol,
before performing a sensitivity analysis across different adhesive stiffness values (Kadh)
and conveying impeller rotation rates. When the conveying impeller was kept at a constant
rotation rate (10 rad/s), the particles saw an increase in translational velocity in conveying
barrel with increasing Kadh (ranging from 0 to 0.5). This effect was lesser but present on the
interface between the conveying barrel and hopper. On the other hand, keeping Kadh at a
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constant 0.2, across increasing conveying speeds (10, 20, and 50 rad/s) saw an increase in
the overall translational velocity of the particles. Perhaps unsurprisingly, for the range of
parameters explored, increasing conveying speed was observed to have a greater influence
on particle velocity in the hopper than altering cohesion.

The DEM simulation of Lopez et al. [55] also provides valuable insight into the
expected power draw; given the CDC system is continuous, it would mean the process
would be running for days, if not weeks, at a time, making this an important consideration.
The authors demonstrated the average mass discharged per Watt as a function of the Kadh
(between 0.1 to 0.5 Kadh), which showed an exponential decay with increasing Kadh Figure 3.
Accordingly, Kadh values higher than 0.5 showed arching: a phenomenon which occurs
when the cohesive forces between particles are stronger than forces due to gravity. Arching
(also referred to as bridging) is a semi-stable instance of particles forming particle–particle
structures suspended in a hopper or opening, which are resistant to the displacement
of powder beneath them [25]. For additional information on the influence of particle
properties on arching, see the following papers: [25,49,56]. Lopez et al. described this
behaviour with absolute translational velocity where they revealed instances which lead
to inconsistent feeding of the conveying screw, which in turn lead to flow irregularities
Figure 3. The authors link this artefact of transient macro behaviour to the micro by stating
that inconsistencies in flow result in the improper filling of the screw pitch, giving rise to an
inconsistent mass flow rate. This is best demonstrated by the plot of mass per screw pitch
vs. Kadh shown in Figure 3). Finally, the researchers indicated what future work would be
of value, notably suggesting the mapping of the transient cohesive behaviour by altering
the particle properties, feeder’s geometry and rotational speed.

To build upon the above suggestions, it would be interesting to see the implementation
of a DEM study on a more commercially representative feeder, which possesses both a
hopper agitator and twin screw conveying elements. Allowing the exploration of concepts
such as agitator design and rotation speed to increase barrel/screw filling consistency or the
breakage/mitigation of arching. What is more, the research conducted by Leung et al. [5],
which discussed the minimal effect of friction in powder flow consistency, could utilise
simulation tools such as DEM to more directly support their claims.

Escotet-Espinoza et al. [6] present a publication showcasing the use of silication to
improve feeder performance. The researchers began by pre-blending the three different
APIs explored with 1% silica, before characterising the bulk behaviour of the pre-and post-
silicated API. The APIs (and their silicated counterparts) were then fed through the feeder,
whilst a catch scale continuously measured the mass exiting the feeder. The response was
then measured over time, with attention being paid to the consistency and accuracy of the
feeding process.

Like Leung et al. [5], Escotet-Espinoza et al. [6] also found that the introduction of
silica improved flowability by reducing the interparticle cohesion. Feeding improved with
the addition of silica, with each of the API case studies showing improved screw speed con-
sistency, a reduction of mass flow RSD (relative standard deviation), a reduction in powder
adhesion to the hopper surfaces, and a reduction of remaining mass. This suggests that the
addition of silica is hugely advantageous for feeding. The improvement can potentially be
attributed to an increase in flowability, allowing the powder to better fill the swept volume
of the screws, thus leading to an increase in mass per revolution with the addition of silica.
This observation is supported by the work of Lopez et al. [55] which shows that, with a
reduction of Kadh, there follows an increase in mass per screw pitch. Furthermore, with FFC
(as previously discussed) being a strong indicator for powder cohesion, it would suggest
that it would be useful to understand this screw-filling behaviour. This conveniently leads
to another suggestion to further Lopez et al’s work [55], whereby similar DEM studies could
be undertaken to understand the effect of additives on feeding and powder conveying.
Escotet-Espinoza et al. [6] also describe the material used generating electrostatic charge,
which enabled the API to stick to the agitator. However, in the silicated API case study,
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there was very low powder adhesion, suggesting that adding silica also suppressed the
effects of electrostatic adhesion.

Figure 3. (A): Mass per screw pitch as a function of cohesive stiffness (Kadh). (B): Mass per Watt as
a function of cohesive stiffness (Kadh). (D): Visualisation of the powder arching/bridging within
the hopper volume. The images show both the back and front of the hopper from two different
simulations using the same Kadh. (C): Irregular filling of the conveying volume due to cohesive
stiffness (Kadh). The images compare Kadh = 0.3 and Kadh = 0.5. Adapted from Lopez et al. [55].

A study by Lumay et al. [57] explicitly investigated the influence and mechanisms
of mesoporous silica (MPS) on the electrostatic charge, again finding that the addition
of silica species improves powder flow. The experiments differed from those discussed
previously in several manners. Firstly, the study differed in the materials and methods
used—the authors tested three different grades of silica, varying in particle and pore size,
in three common excipients (microcrystalline cellulose, lactose, and maize starch) using a
rotating drum. Secondly, the authors applied different experimental analyses: the dynamic
effect of silication was evaluated in this case by measuring the cohesive index [58] of
materials (with and without MPS) across a range of rotation speeds. Finally, through the
use of a standardised charge density measurement technique [59], the charge density of the
material blends is shown in the presence of different types and amounts of MPS.

It was found that the MPS with the smallest particle size provided the greatest im-
provement in flowability. Furthermore, the addition of just 0.5% w/w made a considerable
impact on the cohesive index—see Figure 4A. The authors attribute this improvement to the
particle size of the MPS, explaining that there would be an increase in effective surface area,
which would suggest greater coverage, and thus intervention between, cohesive species.

An additional striking finding of the study was that the addition of silica was also
found to change the shear-dependent rheological properties of certain tested materials,
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with typically rheopectic materials becoming thixotropic when mixed with a small volume
of silica. Specifically, the study evaluated the cohesive index of the powder dynamically by
testing the excipients against their 2% w/w silica counterparts across a range of rotation
rates (see Figure 4B). Both materials, maize and lactose, were shown to be more cohesive
(thickening) with increasing rotating speed (ranging from 2 rpm to 10 rpm) and in the
presence of silica, less cohesive (thinning) with increasing rotating speed. The silicated
maize showed a greater decrease in cohesion than the silicated lactose with increasing
rotation speed.

Figure 4. (A) Comparing the differences in the dynamic cohesive index (�) with the addition of
different types and weight percentages of Mesoporous Silicates (MPS). (B) Dynamic influence of
MPS on the cohesive index, demonstrated through plotting the cohesive index over different rotating
speeds. (C) Comparison of Charge Density (nC/g) in two excipients and resultant performance
with the addition of 2% weight silicates. Where: +S244 is Syloid® 244FP, +SAL1 is Syloid® AL–1FP,
and +SXDP is Syloid® XDP3050. Adapted from Lumay et al. [57].

Finally, the inclusion of MPS was shown to decrease the static charge density of
the powder—see Figure 4C. Across all materials and MPS grades, the addition of 1% (of
MPS) saw similar results to the addition of 2—suggesting 1% was sufficient for charge
mitigation, with any greater amount being surplus. MPS incorporated into maize saw a
decrease in charge after just 0.5% w/w, with the grade of MPS used making a minimal
difference. Conversely, MPS in lactose still produced a decrease in the magnitude of charge
density, though different grades responded differently. This suggests there may be some
complexity associated with the use of MPS with lactose. It is potentially important to note
that Lumay et al. [57] stated that the lactose varied in positive or negative charge on the
day, which was dependent on the air’s relative humidity. Given the magnitude is roughly
the same but the charge differs, if the S244 (Syloid®FP244) was positive it would suggest
that the grade of MPS used would have little effect on the charge density and vice versa for
SXDP (Syloid®XDP3050). Research by Ramires-Dorronsoro et al. [60] supports this: when
completing a similar study—with a different measurement technique—they also witnessed
spray-dried lactose exhibiting a positive charge density. Ultimately, this suggests that
the use of silica in poorly flowing hygroscopic powders greatly improves the flowability,
and decreases the sensitivity to triboelectric charging.

The previously discussed papers showcase the underpinning behaviour of cohesive
powders during feeding, and the discussion of silication demonstrates the advantage of
understanding the mechanism underlying a powder’s cohesive properties. Despite this,
when considering CDC in its entirety, the predictive capability is a large part of reducing
experimentation and understanding the process. Therefore it is desirable to be able to
predict the feeding performance from a few key powder characteristics [42,43,61], one of
which is cohesion.
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Van Snick et al. [43] and Garcia-Munoz et al. [45] provided some of the first in-depth
analysis of the end-to-end CDC process, thus by definition including aspects of feeding.
The authors discuss the correlation of bulk density, tapped bulk density and FFC to feeding
consistency (Figure 5). The experiments involved the comparison of different materials
running volumetrically (at a constant screw speed) from full to empty, whilst measuring
the feed factor response over time. The maximum ( f fmax) and minimum ( f fmin) feed
factors (g/revolution) were then taken and used for further calculation. Feed factors change
throughout the hopper fill as powder above the hopper bears down upon the powder below,
due to gravity. When the hopper is at low fill, there is not only a reduction of gravitational
bulk powder compaction but a potentially inconsistent feed into the conveying volume.

Figure 5. (Top): Two graphs detailing the feed factor throughout the volumetric empty, with abso-
lute values (left) and normalised values (right), the key indicates the material used. Where: FF316
is Lactose Fast Flo® 316, SD711 is Sodium Croscarmellose Ac-Di-Sol® SLS is Sodium Lauryl Sul-
phate, PH102 is MCC Avicel® PH-102, APAP is Acetaminophen, and MgSt is Magnesium Sterate.
(Bottom): Three graphs compare feeder performance to bulk characteristics. Adapted from Van
Snick et al. [43].

As a result, bulk density increased linearly with max feed factor, tapped bulk density
increased linearly with delta feed factor (where delta feed factor is: f f� = f fmax � f fmin),
and finally flow rate variability exponentially decayed with increasing FFC. Since both
bulk density and FFC are common descriptors for powder cohesion, it then can be used
as a proxy to describe behaviour. The study highlighted FFC values greater than 3 would
give sub 1% flow rate variability, and that powders with low bulk density and low tapped
bulk density are prone to large f f�—which suggests instability when processing. Escotet-
Espinosa [22,62] also looked into both the influence of powder properties on feed factor
and modelling such behaviour using the following (simplified) equation:

f fw = f fmax ⇤ ( f fmax � f fmin)exp[�� ⇤ w] (1)

where f fw is the feed factor as a function of �w� the weight, while f fmax, f fmin and � are
the maximum feed factor, minimum feed factor, and a fitting constant based on feeder
geometry, respectively.

The f fmax and f fmin were then plotted in a correlation heat map (Figure 6), relating
the responses to a plethora of recorded bulk characteristics. Interestingly, the highest
correlation was seen for cBD, conditioned bulk density (g/mL). cBD is akin to tapped bulk
density, obtained from the initial standardised conditioning step of a powder rheometer. It
involves a blade passing through a volume of powder with a set torque before measuring
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the weight of the known volume. Paying attention to the units, it is a given that there is a
correlation between the two density measurements, but the interest is with ‘compressibility
at 15 kPa’ which also scored high for f fmin, which would be a method for attaining
higher bulk density. This suggests that powder that is capable of being compressed,
and has a high conditioned bulk density, will deliver a high f fmin. Similar studies by
Shier et al. [63] and Bekaert et al. [42] similarly look to predict feeder performance using
bulk characteristic properties.

Figure 6. A correlation heat map acquired, with permission, from Escotet-Espinosa [62], detailing
the magnitude of linear correlation (R) between bulk powder characteristics and regressed feed
factor parameters.

Engisch & Muzzio [41] performed a study on varying hopper refilling conditions on
powders with varying cohesiveness and measured the resultant effect on feeding accuracy
and consistency. Typical Loss in Weight (LIW) feeder operation is gravimetric, until top-
ping up (or refilling), where the system operates volumetrically to ensure a consistent
feed is maintained whilst an influx of mass is registered on the feeder’s load cell. This
method results in a trade-off between the number of times the system has to enter the ‘less
accurate’ volumetric mode and ensuring the hopper is sufficiently full, such that the feed
factor is stable. For an example of the effect of decreasing fill on feed factor, see Figure 5.
The conclusion from Engisch & Muzzio is that refilling the feeders with less material,
and therefore more frequently, results in better overall performance. This should be kept
in mind when paying attention to the duration of time that the system enters volumetric
mode and reducing the overall disturbance from the setpoint over the whole duration of
running the feeder. Irrespective of the frequency and volume of fill, Engisch & Muzzio
state refilling should be gentle as this causes the least disruption to feeding. Furthermore,
it is shown that refilling sensitivity is much lower at higher refill levels, Figure 7. Refilling
at higher fill levels reduces the maximum set point deviation, time of deviation, and the
total amount of mass during deviation.
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Figure 7. (A–C) Shows the feeder performance for just semi-fine APAP & 0.25% silica over 3 refill
levels, each with 10 manual refills. (A) Maximum deviation from setpoint (kg/h), (B) Time of
deviation (s), and (C) Total deviation (kg). (D–F) Similarly, shows the comparison between zinc oxide
powder and semi-fine APAP & 0.25% silica blend. (D) Maximum deviation from setpoint (kg/h),
(E) Time of deviation (s), and (F) Total deviation (kg). The deviation is defined as the sum of the
surplus powder delivered during refill. Adapted from Engisch & Muzzio [41].

A similar methodology could also be applied to combat cohesive powders through
compaction during refilling, by attempting to keep the hopper volume as constant as
possible, during their most stable f fw. To build a theoretical case study, using the APAP
being fed volumetrically in Van Snick et al. [43] (Figure 5) and the supporting evidence
of refilling stability from Engisch & Muzzio [41], see Figure 7. A top-up of 25–30% of
the volume of the hopper could be used and triggered at the 50–60% fill level, refilling to
75–80%. This would occur during the most stable feed factor window, whilst the hopper is
already half full. During the window in which powder is dumped into the system, there
is a transient influx of powder onto the existing powder bed. This impulse of vertical
pressure on the powder would increase powder compression within the bed, increasing
the bulk density of the powder local to the conveying screws. Corroboration is seen by
adding Escotet-Espinosa’s [22] correlation measures, as there is an improvement in the
conditioned bulk density, which increases f fmin reducing the f f�, essentially reducing
the feeder inconsistency related to lower fill levels. Albeit this theoretical case study is
generalising by not considering phenomena such as disturbances due to air flows during
discharging mass, and an increased volume of powder that may be prone to triboelectric
charging due to the agitator. DEM studies, such as Lopez et al. [55], open a stage for
exploring some of the fundamental behaviours seen in these systems, in particular when
looking to evaluate the micro and macro behaviour attributed to conveying inconsistency.
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Finally, Yadav et al. conducted a comprehensive study with a loss in weight feeder [64]
utilising a range of screw speeds, gear ratios, and screw types, across a range of materials.
The result was a PCA model which identified the influence of these processing parameters
and how they interacted with the materials’ bulk characteristics. The principal components
consisted of one comprising the powder’s bulk characteristics, a second representing the
feeder’s processing parameters, and a third representing an interaction component. Most
notably, the interaction component related screw free volume (cm3) to density, particle
size (d10, d50, d90), wall friction angle, and Feed Factor. The authors note that a different
screw type will have a different screw-free volume, meaning that the comparison between
a smaller or larger volume to dispense per revolution must be taken into consideration
when evaluating the feed factor. Similar findings are seen with Engisch et al. [2], where
their suggestion is the use of both self-cleaning concave screws and the removal of any
outlet screens for very cohesive materials.

2.3. Feeding Summary
Cohesion has been shown, across multiple studies, to worsen the flowability of pow-

ders, in turn reducing the consistency with which powder flows into the conveying vol-
ume [5,43,55]. The transient inconsistency of material flowing into this volume persists
and has been shown to result in turn in an inconsistency in the delivered mass powder
flow—and therefore a deviation from the desired set point [2,41,55,65]. Thus, it is very
important to ensure that powder, despite its cohesive nature, is consistently motivated to
enter and be transported through the conveying section of the feeder.

This review outlines just a few examples that have been used so far to reduce the
negative influence of cohesion on feeding: reducing interparticle contact between cohesive
species [5,57]; reducing the effect of triboelectric charging [57]; refilling the hopper at
moderate fill levels [41,65]; and adjusting screw speed and screw type [2,64].

When applying the knowledge gained from Lumay et al. [57] to the work of Escotet-
Espinoza et al. [6] and Lopez et al. [55] it would perhaps be sensible to suggest that
smaller sized silica nanoparticles would be ideal for improving flowability at this stage
of the CDC process. Silica nanoparticles have also been shown to change the blend from
shear-thickening to shear-thinning, implying that, when the powder contacts the hopper’s
agitator or the conveying screws, one might expect a further transient, localised increase
in flowability.

Despite silicates holding the much of spotlight for discussion, surrounding improving
powder flowability, it should be noted that several alternative materials could be selected.
However, every material in question, for flow modification, would need to undergo consid-
eration for its end-to-end impact on the process. Silicates, for instance, have been shown to
negatively impact compatibility [66,67] but also improve flowability and therefore improve
feeder processing consistency [5,43,55], whereas magnesium stearate has also been shown
to increase flowability, but due to its hydrophobicity—coating the surface of the API—
would hinder the dissolution of the API within the formulation [68]. This would result in
the material being greatly undesirable for any scenario which may involve the intimate
blending, or over-mixing, of magnesium stearate with API. However, pre-blending API
with other materials such as tricalcium phosphates or microcrystalline cellulose [69,70]
propose the ability to improve flow behaviour at a minimised trade-off, and as such, more
research should be carried out into both the use (for improving feeding performance) and
the end-to-end implications of selecting such materials.

Our review of the literature has also highlighted the benefit of future DEM studies
which could be undertaken to better understand the fundamental powder movement that
governs powder feeding, in particular using commercially-relevant geometries. Notable
areas of study could include modelling the effect of silication; altering, and potentially
optimising, agitator and screw design; further investigation of the influence of hopper refill
regimes. The development of dynamic DEM simulations could also be used to develop and
test various control strategies, both existing and novel. Intuitively, it could be possible to
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develop a control proposition for shear thickening powders involving a sudden reduction
in RPM followed by a slow build-up of screw speed back to setpoint.

3. Blending
3.1. Blending Introduction

Despite diverse designs available commercially and in the academic literature, con-
tinuous blenders can, in general, be reduced to four main components: an inlet, an outlet,
a mixing volume, and a mechanism for promoting blending whilst in the volume of the
blender. Typically, this last component will be some form of rotating agitator, the geometry
of which may differ from mixer to mixer, or even formulation to formulation. Recognising
the different types and geometries of mixers that exist within this space is fundamental
when evaluating the role of powder mixing in CDC performance, as the features that
differentiate one mixer from another can have significant impacts on the behaviour of the
powders being blended, and thus may require different measures to handle the blending of
cohesive powders.

Achieving good mixing is integral to the performance of any given pharmaceutical
tablet; the therapeutic efficacy and mechanical properties of the tablet will suffer without
the effective distribution of its constituent materials, ultimately compromising the safety of
the product [43,71–75]. Thus, mixing inherently defines the final quality of the formulation
(albeit that the final product cannot be delivered without the consistency and accuracy of
the upstream and downstream processes [43,45]).

Practically defining whether a formulation is well-mixed is a complex endeavour with
issues such as frequency of sampling [71,76,77], location of sampling [71,76,77], and scrutiny
(size) of the sample [71,76,77]. However, describing the mechanisms of mixing may be
ever-so-slightly easier, and is of more direct relevance to the present work.

The two commonly-defined types of mixing—macro- and micro-mixing—are both es-
sential when looking to create ideal mixtures [71,72,75,78,79]. Macro-mixing is responsible
for large, global movements, of material—or bulk transport—allowing the material to flow
and circulate around the vessel [71,75,79–82]. Micro-mixing, on the other hand, involves
the movement and displacement of material at the particle scale, i.e., the local interactions
between particle species [71,79]. Accordingly, micro-mixing achieves the detail of the mix-
ing action due to the mixing happening at the smallest possible scale: the particle–particle
level [71,79], whereas macro-mixing serves to smooth out the upstream mass flow rate
perturbations, due to the flow and bulk motion of the powder [71,79].

Fan et al. [83], succinctly discuss the evaluation of mixing in terms of cohesive mixtures.
Figure 8 and Equation (2) encapsulate the majority of this discussion. It is shown that by
increasing the surface force—which is also a function of particle size, and therefore surface
area—it is possible to reduce the influence factor defined in Equation (2). A low influence
factor means surface forces dominate, and the particle species adhere to the surface of
another particle species, creating a perfectly-ordered blend. Small, less dense particles
would be the ones to adhere to the more dense ‘carrier’ particles- due to gravitational forces.
Then, if the surface forces are minimal, gravity dominates, and thus the mixture would
involve non-cohesive species, following more typical solids mixing criteria.

In f luence Factor =
Gravitational Force

Sur f ace Force
(2)

Conversely, de-mixing occurs through several mechanisms, such as: segregation,
the separation of a formulation into constituent particles of similar properties, for exam-
ple, size and density [71,76,84]; agglomeration, the formation of particle–particle dense
macro-particles, due to interparticle attractive forces [85,86]; and electrostatic repulsion,
or attraction, due to inter-particle charge imbalances, which predominantly result from
contact-induced electron transfer, as particles move relative to each other and the equipment
surfaces [26,87]. The part cohesion plays differs significantly in each of these mechanisms,
and can either subdue or exacerbate de-mixing [84]. For instance, electrostatic charges could
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be worked into powder, through the triboelectric effect, creating attractive or repulsive
forces between different species [26,77]. These interactions underpin much of the following
discussion of how cohesion affects the process of mixing and the competition between
mixing and de-mixing.

Figure 8. Cohesive mixtures described by homogeneity vs influence factor (Equation (2)). Adapted
from Fan et al. [83].

3.2. Blending Discussion
Processing parameters such as agitator RPM, feed rate (throughput), and agitator

design, are the primary methods of manipulating powder through a given blending vol-
ume [43,75,88]. For example, trends have been identified for improving mixing quality
through the use of processing parameters: macro mixing as a function of mean residence
time; micro mixing as a function of RPM (agitation); residence time being a function of
throughput [43,75,82,89,90]. These examples signify the importance of process parameters
on mixing performance. However, the intricacies of powder behaviour in response to these
systems are seldom discussed in the wider literature.

As discussed in the preceding section, cohesion can be overcome through the use
of formulation additives and/or changes to the process [5,37,57,78]. Additives, such as
glidants (e.g., SiO2), are typically used to make the bulk powder properties easier to deal
with, by increasing flowability [5,37,57]. However, additives change the overall formula-
tion composition, which can have detrimental effects on downstream processing-namely
tabletting [66,67]. In contrast, process changes (processing parameters) can potentially over-
come issues relating to cohesion without altering the formulation’s composition [43,75,88].
Utilising these favourable processing parameters is thus the more practical of the two
solutions for CDC processes, but the development and transfer of knowledge between
different systems appears to be a substantial hurdle. This is largely due to this approach
requiring a much deeper understanding of the specific unit operation being used in the
study. Therefore, the knowledge gained is often less transferable; each particular set of
process parameters may be unique to system geometry, orientation, or method of operation.
With this in mind, it is useful to note the use of dimensionless numbers/groups within the
discussed research, as it allows greater understanding and application of relative powder
behaviour between publications.

Portillo et al. [91] performed trials on an axial continuous blender (see Figure 9)),
the axis of which was adjustable between ±30� to the horizontal. The researchers found that



Pharmaceutics 2023, 15, 1587 15 of 48

at (+30�) incline there was an increase in mean residence time which led to a decrease in the
relative standard deviation (RSD) of Acetaminophen (APAP) concentration in two grades
of lactose. This demonstrates the effect of longer mean residence time on macro mixing and
a reduction in APAP RSD. The grades of lactose differed in terms of average particle size
and size range: Lactose 100 (70–250 µm, average 130 µm) and Lactose 125 (55 µm), whereas
APAP (36 µm) remained the same in both tests, and made up 3% w/w of the mass flow rate.
They also discussed that, despite typical behaviour, the smaller (and more cohesive) grade
of lactose did not affect mixing performance at either the high or the low rotation speeds. It
was observed that while agglomerates were readily formed by the cohesive material, these
were relatively weak and agitation from the impeller was sufficient in breaking the clusters
up, dispersing the powder.

Figure 9. Example linear blender used in Portillo et al. [91]. Profile view of the blender (A) view of
the agitator shaft and blade angle orientation (B).

Later work by the same group [78] discussed the influence of cohesivity on powder
behaviour in a different continuous mixer (albeit similar to the blender shown in Figure 9),
inclined at +17º. The study used two different grades of lactose, Fast Flo and Edible, which
displayed flow indices (measured using a Gravitational Displacement Rheometer) of 24.9
and 34.8 respectively, suggesting them both to be highly flowable powders. In addition,
the bulk density tapped density of the Fast Flo Lactose were 0.626 (g/mL) and 0.704 (g/mL),
respectively, while the Edible Lactose measured 0.629 (g/mL) and 0.981 (g/mL), respec-
tively. Portillo et al. [78] found that cohesivity negatively impacted axial mixing, becoming
a statistically significant factor at higher levels of agitation; thus demonstrating cohesion’s
effect in resisting the separation or relative movement of particles. In addition, the authors
observed that particles with high cohesion experience longer residence times, with similar
path lengths, suggesting the particles move at a slower velocity through the blender. This
postulates that methods which increase the shear rate, and therefore the relative particle
velocity, may combat the effects of cohesion by increasing dispersion [92], and consequently
improve micro-mixing. This could also be described as increasing the dynamic granular
temperature as a function of the increased shear rate [93,94]. This finding may, at face
value, seem to contradict the findings discussed in the previously mentioned study by
Lopez et al. [55], in which the translational velocity of the powder going through the convey-
ing portion of the system was observed to be higher with increasing cohesivity. However,
despite the net velocity being higher, the relative velocity (which drives micro-mixing) may
nonetheless be lower.

It should be noted that any residence time distribution (RTD) data will be a func-
tion of both the volume % of the tracer and the interaction of the tracer within the bulk
that it aims to measure. For more detail on RTD behaviour in continuous blenders see
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Escotet-Espinoza et al. [61,80], where the authors provide a comprehensive two-part study,
analysing the behaviour of tracers with different properties.

Vanarase et al. [89] investigated the blending performance of a horizontal linear
blender, both with and without the addition of a co-mill. The authors stated that under op-
timal macro-mixing conditions, micro-mixing was identified as the limiting factor, leading
to poor mixing performance. The inverse was also found for optimum micro-mixing condi-
tions. This highlights the independence of these two types of mixing, and the consequent
requirement, to balance a blending system’s capability to deliver both sufficient micro and
macro mixing.

Interestingly, research by Portillo et al. [91] contains contradictory findings, when
compared to Vanarase et al.’s study [89]. They found that using an incline blender increases
the overall residence time when compared to a horizontal system—see Figure 10. Thus,
for the same residence time as was demonstrated by Vanarase et al. and therefore sim-
ilar macro behaviour, Portillo et al. showed that the agitator speed could be increased,
which in turn provides greater shear, achieving improved micro-mixing conditions with
cohesive powders.

Figure 10. Acetaminophen residence time distribution plots (gathered with permission) from Por-
tillo et al. [91], demonstrating the effect of blender volume inclination and RPM on RTD; (a) 78 RPM,
(b) 16 RPM.

Van Snick et al. [43] investigated the performance of different mixing blade configura-
tions (Figure 11, graphically demonstrates the orientation of blades along the agitator’s axis)
and found that despite the ‘P16’ blade configuration not delivering the highest dispersion,
it offered the best consistency (see Figure 12). The ‘P16’ blade config’ utilised a series of
two sets of transport blades (45º), followed by a set of radial mixing blades (90º). Whereas



Pharmaceutics 2023, 15, 1587 17 of 48

the other example—‘D8’—delivered the highest powder dispersion, with the downside of
higher variability. This is supported by Vanarase et al.’s [89] findings, with both surmising
that a balance is required between micro and macro mixing. Based on ‘P16’s performance,
in Van Snick et al. [43], it seems as if the ‘D8’ configuration provides a surplus of dispersion-
lending to poor macro conditions. The authors also attribute the good performance of ‘P16’
to the increased mass hold-up within the blender’s volume, as the mixing blades are shown
to increase fill level, and therefore total mass hold-up [43]. Ultimately, the study suggests
that varying position, number, and angle of the blades could aid in controlling API within
the blending phase, and that different blade configurations may be selected according to
the formulations’ properties, such that the desired throughput is attained, whilst output
variation is minimised.

Figure 11. Blade configurations refer to a series of different blade orientations along the agitator’s axis.
(Top left): side-by-side comparison of transport blade and radial mixing blade (RMB). (Top right): ex-
ample of a blade combination that would take a position along the agitator’s axis, denoted by a
number in the configurations D8 and P16 below. D8 and P16 depict blade configurations; all positions
that are not labelled as RMBs are transport blades, and each collar position sees the blade combination
rotate 60� clockwise to the direction of the impeller. Adapted from Van Snick et al. [43].

Gao et al. [95] developed a two-blade (periodic) section of a continuous horizontal
mixer (see Figure 13), and evaluated mixing performance using a monodisperse DEM
simulation of the blender. Gao et al. [95] subjected four different simulated powders
(classified as: control, lower density, larger particle size, and cohesive) to the same tests,
and mapped the axial conveying efficiency in fill level-rpm space. This conveying efficiency
was quantified by normalising the mean axial velocity of particles with the rotor speed
and effectively giving the mean distance conveyed per revolution. The powders were
subjected to various fill levels (from 25–75%) and a range of rpms (50–250). Figure 14
shows that the relationship between normalised axial speed, and fill level/rotational speed
was very different for the cohesive simulation: axial velocity is lower, when compared to
the control and to the other powder types, especially at low speeds (50–125 rpm) with a
moderate-to-high fill level (50–75%). In addition, the cohesive particles achieved a max
velocity of only 38 mm/revolution, the lowest of the four samples [95]. These results are in
agreement with the discussion gained from the work of Portillo et al. [78] work.
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Figure 12. Tablet uniformity corresponding to the blade configurations seen in Figure 11 (D8 and
P16); Upper graphs: content uniformity as a function of impeller speed and mass rate (green
triangle = 24 kg/h, blue square = 30 kg/h, red triangle = 36 kg/h). Lower graphs: relative density
distribution based on the target API dosage at the centre point of the experimental design (250 rpm
and 30 kg/h). Gathered with permission from Van Snick et al. [43].

Figure 13. Periodic section of a continuous blender including two blades (a) Isometric View, (b) Side
profile view with dimensions. Gathered with permission from Gao et al. [95].

It is worth noting that, for all non-cohesive powders used in Gao et al.’s work, when
going from high to moderate fill levels (i.e., from 75% to 40%) at 100 rpm, normalised axial
velocity increases. Cohesion is still shown to have an effect at higher rpms, demonstrated
by the increased distance between the contours. This finding corroborates with the rpm-
cohesion-significance result from Portillo et al. [78], clearly showing that the relative effect
of cohesion will depend on operating conditions (speed and fill/mass rate), and not
necessarily in a predictable way, reinforcing the need for more work in this area. This
finding, surrounding the three non-cohesive powders, was further supported by the work
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of Sarkar and Wassgren [96], where the normalised axial velocity presented the same trend,
despite different geometry, particle properties, and operating conditions.

Gao et al. [95] also mapped the continuous blending rate (kc), which is the ratio of the
normalised mean axial velocity to the time-dependent RSD decay rate, where kc essentially
details the ratio between the axial (macro) and radial (micro) behaviour of the system.
The results obtained were a similar contour plot to Figure 14, but in terms of kc. Across
the different particle properties, it was shown that high RPM and low fill produced the
greatest kc. Moreover, there was little difference seen in kc at <125 rpm irrespective of
fill level. For rpm > 125: going from high-to-low fill showed a sluggish increase in kc,
as the space between contours and colour changes progressed slowly. This highlights that
cohesion does not only affect the axial aspect of the mixing process, but also contributes
to the hampering of radial mixing. Finally, Gao et al. [95] suggest further investigation on
segregating materials, which would prompt several questions on a constituent’s experience
within the bi-or-polydisperse system. Particularly, it is worth considering what might
be the best excipients to pair with different levels of cohesive materials, in order to best
aid their macro- and micro-mixing. This has the potential to result in a CDC formulation,
of the same drug, differing from their original batch formulation. Different excipient(s)
may offer a significantly improved CDC performance, without impacting the tablet’s
therapeutic efficacy.

Figure 14. Contour plots of normalized mean axial velocity: (a) control, (b) lower density, (c) larger
particle size, and (d) cohesive particles. Gathered with permission from Gao et al. [95].

Tomita et al. [97] utilised an atypical blending set-up, operating with both an impeller
and a scraper in a horizontal mixer (see Figure 15). The inclusion of the scraper allowed for
the control of the mean residence time in a manner that—unlike the previously-discussed
systems—was quasi-independent of the magnitude of the impeller’s agitation. In this
system, the rpm of the axial impeller was driven separately to the ribbon-shaped scraper,
which circumscribed the internal wall of the blender. Figure 15B shows the RTD curves of
spiked acetaminophen using different scraper rpm speeds, whilst running at a feed rate of
10 kg/s and constant axial agitator speed of 3000 rpm. There is a considerable difference in
the RTD performance between the slowest (5 rpm), and highest (50 rpm) scraper speed,
which delivered a mean residence time of 84.3 s and 12.1 s, respectively. The mixer provides
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a method of achieving higher micro-mixing whilst managing the macro-mixing through
either increasing or decreasing the mean residence time. A similar result could be achieved
with both the horizontal, or incline, blender through the alteration of either the angle of
inclination, and/or the quantity of blades, blade angle, and/or blade positions. These
design choices are, however, less practical to implement within a feedback loop or control
strategy—though the incline angle of a blender may conceivably be varied dynamically.

Figure 15. (A) Impeller and scraper continuous mixer with arrows detailing rotation direction,
(B) APAP RTD spike response. Adapted from Tomita et al. [97].

Despite the advantages of an incline blender from a high-shear perspective, practical
considerations must be made when attempting to maximise mixing capabilities. For ex-
ample, the use of two units in series (horizontal blender and co-mill), as shown in Va-
narase et al. [89], would allow independent, de-coupled, control in real-time. This reduces
the risk that the process would leave a state of control, as each unit would have the capacity
to compensate for the other. Conversely, if the incline blender is the only unit responsible
for delivering both micro and macro-mixing, given it has the capacity to do so, it is likely the
domain of control will be smaller when compared to the two units in series. This is because
the process parameters controlling the micro-mixing also control the macro-mixing, and so
there is a smaller window for advanced process control to operate within to ensure the
mixing balance is maintained. This, therefore, showcases the strength of Tomita et al’s [97]
blending unit, as it possesses the ability to independently influence the macro and micro
aspects of mixing, in real-time, using process control.

Palmer et al. [75] evaluated fill level and content uniformity across a range of pro-
cessing parameters in an inclined (+15º) continuous blender. These processing parameters
include: throughput, number of mixing blades, and agitator RPM. The study then explored
the same parameters, using the same formulation, with different grades of API (APAP)—see
Table 1. The result is the proposed exponential decay model (see Figure 16), and micro-
mixing model (see Figure 17), which uses both the Peclet Number (Pe, see Equation (4)) and
the strain (�, see Equation (3)). In addition, Figure 18, showcases a series of contour plots
describing the effect of processing parameters on the fill level, for each APAP formulation.
The study explored a range of Froude numbers (Fr) between 1.5, and 13.4 (for 150 and
450 rpm, respectively).

Table 1. Material properties of the APAP grades used in Palmer et al. [75].

Material FFC Bulk Density
(g cm�3)

Tapped Density
(g cm�3) Hausner Ratio Carr’s Index

Micronized APAP 1.4 0.19 0.30 1.58 36.67
Powdered APAP 1.9 0.31 0.53 1.71 41.51

Special Granular APAP 19.4 0.73 0.83 1.14 12.05
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Figure 16. Tablet assay RSD plotted against Strain (see Equation (3)), an exponential decay model is
fitted to the data. Gathered with permission from Palmer et al. [75].

Figure 17. Peclet Number (Pe) and Strain relationship plotted on a log–log graph, grouped by
throughput. Gathered with permission from Palmer et al. [75].

Figure 18. Contour plots mapping the impeller speed, number of mixing blades, and fill level at
a throughput of 26.25 kg/h (a) Micronized APAP, (b) powder APAP, (c) special granular APAP.
Gathered with permission from Palmer et al. [75].

Comparing the bulk characteristics in Table 1, Micronized APAP (mAPAP) has closer
bulk characteristics to Powdered APAP (pAPAP), but shows a unique shape contour
in Figure 18. Despite pAPAP and Special Granular APAP (sgAPAP) being opposed in
flowability indices, they present similar contour shapes. This indicates a similar fill-level,
and therefore bulk powder response, to the number of radial mixing blades (see Figure 11)
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across a range of RPMs. For the mAPAP, however, increasing the number of radial mixing
blades has more impact on the fill level at lower RPMs, and this impact reduces with
increasing RPM. Van Snick et al. [43], discussed the necessity of sufficient mass hold-up (fill
level) to attain good levels of macro mixing. The combination of these two studies suggests
(i) that it is critical to determine the fill level landscape for the desired formulation to achieve
and maintain sufficient mixing, and (ii) that different highly cohesive powders would be
expected to exhibit different complex behaviours. What is more, using the mAPAP contour
from Palmer et al. [75], considerations have to be made regarding what variables can be
controlled in real-time. Since the radial mixing blades cannot be changed in real-time, it
could be inferred from Figure 18, that using the highest number of mixing blades would be
more optimum, as it would allow the system to have the largest range of fill levels.

Furthermore, Figure 16, from Palmer et al. [75], models the exponential decay of
content uniformity RSD with increasing Strain (Strain, Equation (3)). Strain is a confounded
variable for this system (an incline (+15º) linear blender), as increasing the RPM decreases
the mean residence time, meaning that the number of blade passes also affects the mean
residence time [75,91]. Thus, strain is dependent on the throughput, RPM, and the pow-
der’s material properties, making it essential to understand how the powder responds
to processing parameters. Understanding in this area can be gleaned from the work of
Portillo et al. [78,91], Gao et al. [90], and Lopez et al. [55] regarding powder velocity, fill
level, and resultant changes in residence time due to cohesion. More cohesive powders
would be subject to longer residence times, but lower relative velocities. Therefore, more
cohesive powders should be more resistant to increasing RPM in turn reducing cohesion’s
effectiveness; Figure 18 demonstrates the added complexity. Ultimately, strain is a great,
yet elusive, measure of effective work done to the powder. The model shows there is an
optimum amount of strain required (around 1500) to attain a high-quality blend.

Lastly, Palmer et al. [75] shows a linear log–log relationship between Peclet Number
(Pe) and strain, see Figure 17. Pe is a dimensionless number describing the ratio between
advective and diffusive mixing in the system (see Equation (4)). To give an example,
a high Peclet number would be expected to produce a narrow RTD. The model, at higher
throughputs (and therefore, higher residence masses), showed reduced scattering and more
linear behaviour, implying that the model may be favoured in predicting systems with high
residence mass, whilst also implicitly suggesting that systems with low residence mass may
present unstable micro-mixing capability and therefore may be unfavourable. Despite this,
across all throughputs, it was seen that with reducing strain, the Peclet number increased.

Strain = � = MRT ⇤ � (3)

where MRT is the mean residence time and � is the agitator rotation rate.

Peclet Number = Pe =
advective transport
di f f usive transport

=
uL
D

(4)

where u is the flow velocity, L is the characteristic length and D is the mass diffusion coefficient.

Froude Number = Fr =
centripetal f orce

gravitational f orce
=

�2R
g

(5)

where � is the blade rotation rate, and R is the geometrically relevant length-scale—i.e.,
the radial distance from the centre axis to the tip of a blade.

While, as outlined above, strain is considered to be beneficial to powder blending, it
has also been shown that powders which experience high levels of strain (number of blade
passes) are also more likely to be subject to triboelectric charging [13]. Naturally, the effect
will present some interest in how electrostatics influence/interact with powder cohesion.
Karner and Urbanetz [13] investigated the influence of pharmaceutical mixing in a batch
mixer and found that particle size, the fraction of fine particles, and mixing volume were
significantly impacting the charging behaviour of the powder, stating that small particles



Pharmaceutics 2023, 15, 1587 23 of 48

were more prone to generate higher charge density. How these findings would translate to
a continuous blender represents a potentially interesting and valuable line of inquiry.

Beretta et al. [15,47] performed a two-part study on the triboelectric effect of charging
powder via. powder transport in twin-screw feeding. This was followed by a study using
relative humidity (RH) to subdue the electrostatic effect. Given that it is typical to maintain
a RH between 30–60% in ISO-graded GMP environments [16] and that additional air
moisture can increase the presence of liquid bridging, promoting cohesion [57], it becomes
difficult to assess purely on the grounds of cohesion. The downside of controlling relative
humidity is that it becomes difficult and expensive to maintain HVAC systems, especially
as temperature and humidity fluctuate across the year. There are other options to consider,
such as silication, outlined by Lumay et al’s study [57], which was shown to be capable
of electrostatic dissipation and localised relative humidity control. Therefore, the use of
silicates becomes a much cheaper and simpler option, despite what relative humidity
may offer. However, this assumption is limited by current knowledge and awareness
of the author(s) at the time of composing this review—novel literature may render this
assumption moot.

Beretta et al. [15,47] stated that the charging forces are primarily recruited through
particle–particle friction, while particle–wall friction did not directly contribute to charging.
In addition, the authors made considerations for impacts on powder mixing; interest-
ingly, the discussion touched on utilising these static forces to aid the mixing process [47].
Huang et al. [70] provide evidence of this, as dry powder coating is seen in a high-shear
co-mill. Huang et al. [70] investigated the effect of dry powder coating of different APIs
and excipients and found that the coating of fine colloidal silica improved both bulk density
and FFC performance. SEM images displaying the silica coating are shown in Figure 19.
Therefore, charge- or cohesion-based coating could provide an avenue to attain what
Fan et al. [83] (see Figure 8) would describe as perfect ordered mixtures.

Figure 19. SEM images showing the surface coatings of (top): excipient (lactose) and (bottom): API
(Ascorbic Acid). (Left): Non-coated and (right): 1% w/w Aerosil® R972 colloidal silica coating.
Adapted from Huang et al. [70].
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Lastly, alternative silicates—such as magnesium aluminosilicates (MAS)—have been
trialled in some flowability studies; demonstrating an increase in flowability, without a
constraint on mixing time and intensities, which is a limitation of several glidants [98]. Such
materials could be used in place of the more traditionally used MPS grades for processes
which may operate with different materials or mixing regimes.

3.3. Blending Summary
The scope of this topic is multidimensional, and therefore increasingly difficult to

surmise without reducing the complexity of the situation; despite this, several trends—and
avenues for future work—have emerged throughout this review.

Firstly, and perhaps most obviously, the literature strongly suggests that, regardless
of differences between continuous blenders, cohesion provides a barrier to dispersion,
and thus a barrier to achieving micro-mixing [78,90], which therefore decreases the quality
of the mix. Cohesion has also been shown to exhibit complex behaviour at higher fill
levels and lower rpms [75,78,90], where the particle–particle contacts are expected to be at
their highest.

There is a common theme across the literature emphasizing the need to devise so-
lutions to mitigate the effects of cohesion through the optimisation of processing param-
eters [43,45,75,88,99]. The literature suggests multiple manners in which this may be
achieved, for example through alterations in system or agitator geometry, agitator ro-
tation rate, feed rate, and various other factors. The differences in geometry for each
blending system, however, means that each system has its own approach to solving the
cohesion problem, thus making it difficult to generalise findings, and methodology, when
attempting to understand the mechanisms and behaviour which explicitly govern cohesive
blending. This is then exacerbated when considering that different formulations respond
differently under the same conditions. An important task for future research is to define
common parameters—e.g., dimensionless numbers—which can successfully generalise
previous findings.

In the literature to date, several variables have been determined to affect the influ-
ence of cohesion on mixing. These include the Froude number (Fr, Equation (5)) or rpm,
the magnitude of powder cohesivity, and the fill level of the blender. It has also been widely
suggested that, due to cohesive particle–particle contact, a given system will require either
a higher shear or more frequent agitation to break apart the additional cohesive forces.
Strain (�, Equation (3)) is defined as the mean residence time multiplied by the rotation rate
of the agitator (RPM), and is a measure used to quantify the amount of work the agitator
does per unit of space-time (�) [43,75,82,88]. This quantity has been suggested as a valuable
indicator of the degree of shear in a system and thus of blending success [43,75,82,88].

It has also been suggested that cohesion loses its significance, and complex behaviour,
when rpm increases, implying that by running a continuous blender at high RPM, one may
improve (micro-)mixing. However, the work of Van Snick et al. [43] suggested the need for
a sufficiently large mass hold-up in order to ensure good macro-mixing. However, these
seemingly contradictory requirements can potentially be reconciled by ensuring that RPM
is high enough to minimise cohesion’s effect, thus improving micro-mixing, whilst altering
the system’s geometry (or other system-specific variables) to ensure a suitable amount of
hold-up mass is retained, thus retaining good macro-mixing.

Regarding future work, it would be interesting to see where the lines of significance
lie for each of the three cohesion-dependent variables and their interactions. Such a study
would most likely have to be conducted via DEM and should follow the suggestions left
by Gao et al. [90]. In general, there is potentially significant value to be found in using
numerical modelling methods such as DEM to address a number of the experimental
observations discussed in this section.
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A Perspective on Continuously Blending Cohesive Species
A final thought on continuous blending; is that the tablet’s powder formulation could

be thought of as an emulsion, whereby work (in the form of strain) is given by the blender to
shear through existing API clusters, reducing their size, and promoting the distribution and
circulation of the new, finer API clusters around the bulk mass. The cycle then continues,
by imparting even-more work and further distributing the API clusters. The remainder of
the tablet’s formulation (which is mostly excipient) should, therefore, promote and stabilise
the small API clusters, ensuring that they are maintained before they receive more work.
Similarly, emulsions require thickeners and surface active agents to develop and maintain
immiscible fluids [100]. Formulation development for CDC processes could look to use
the same methodology, namely, through the exploitation of dry powder coating [70] and
electrostatic charging [13]. However, considerations have to be made to ensure that, if the
API is coated, it does not affect the therapeutic efficacy of the tablet.

4. Tabletting
4.1. Tabletting Introduction

The tabletting unit operation consists of three main steps:
• Die filling;
• Compaction;
• Tablet ejection.

The tabletting unit operation starts with the die-filling stage which fills the die with a
consistent amount of powder mixture to achieve an adequate fill depth ready for the com-
paction step while also keeping good drug content uniformity [101,102]. The upper punch
then lowers into the die increasing the compressional pressure applied to loose powder in
the tabletting die; the powder consolidates as particles rearrange, filling void spaces and
finally, as the availability of void spaces reduces, particles deform elastically, and ultimately
plastically, before beginning to fragment [21] once the target pressure has been reached
the upper die lifts releasing the pressure off the compact. Finally, the lower punch lifts
the tablet to the top of the die ejecting the tablet. However, die filling and compaction are
strongly influenced by cohesion whereas tablet ejection is not [103]. Qu et al. [103] study
showed that additives such as silica which lowered cohesion did not lower ejection stresses
effectively. Therefore, as this literature review focuses on cohesion, this section will only
discuss die filling and compaction.

4.2. Tabletting Discussion
4.2.1. Die Filling Introduction

As mentioned previously, die filling is a critical process step for tablet manufacture as
mass and content uniformity are heavily dependent on the die-filling performance. If the
die filling is not consistent, the mass and drug content uniformity is not accurate [104].
This will have an impact in the downstream processes as the quality attributes such as
tensile strength and the dissolution profile will be affected [102]. The die-filling process
is known to be affected by many bulk powder properties: flowability, cohesion, particle
size, and morphology [101,102]. Many studies have shown a good correlation between
these bulk powder properties and the die-filling performance [27,28,104]. Normally, dies
are filled gravitationally using a shoe-die system where power is dispensed from a feed
hopper which is connected to a box-shaped shoe which then moves over the opening of the
die and allows powder to flow [38] (Figure 20). However, there are different mechanisms
for die filling such as:
• Forced feeders [102] which use moving components (usually paddles) to feed the

powder into the die. This is commonly used in turret presses [105] (Figure 20);
• Suction filling is where the lower punch also known as the ‘suction punch’ moves

down creating a negative air pressure gradient promoting powder to move into the
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die, promoting the movement of the powder into the die [106] which removes the
effect of air entrapment [38,107] (Figure 20).
Similar to Sections 2 and 3, to have a good die-filling performance, the powder will

need to have lower cohesive properties [3] These include larger particle size, spherical
particle shape powder with lower surface energy. (Lower surface energy will mean that
powder will find it more difficult to form strong interparticle bonds [103,108]), which all
contribute to improved flowability [27,38,107]. To have content uniformity, the segregation
must be kept to a minimum during the die-filling stage so as not to undo the work done
during the mixing stage [107,109]. This section will focus on the die fill performance where
the mass, segregation and fill depth are important to ensure the compression process will
be successful.

A

B

i)

ii)

Illustration Front View Die Paddle

Figure 20. (A) Schematic diagram of air flow mechanism in (i) gravitational die-filling mechanism
(ii) suction fill mechanism in a shoe and die system obtained from Mills and Sinka [38]. (B) Schematic
of a rotary die-filling system, a type of force feeder, typically found in a turret tabletting machine
obtained from Tang et al. [105].
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4.2.2. Die Filling Discussion
Cohesion has been seen to affect the die-filling performance in many studies as the

flowability of the powder is reduced with increasing cohesivity [27,110]. As mentioned
previously, CDC processes have fewer unit operations as the granulation step is bypassed.
Granulation is where powder fines which have poor flowability are made into agglomerates.
The powder fines adhere to one another commonly using a binder fluid (wet granulation) to
form a larger multiparticle entity which are also known as granules [111]. The granulation
step helps control key attributes such as flowability and the processability of the powder and
therefore controls cohesion [112]. However, as the CDC process does not have a granulation
step, the tablet formulation will need to have adequate flowability and tabletability [3]
which limits the amount of tablet formulation that can be used with the CDC process.
However, there are die-filling mechanisms which can improve the die-filling performance
of poorer-flowing powders without the granulation step.

Wu [110] established ‘critical velocity’, which is defined as the maximum velocity
which the shoe passes over the die with the die being filled after one pass [27]. The critical
velocity is a common way to measure the flowability of the powder. A strong correlation
is seen between critical filling velocity and mean particle diameter; specifically, an in-
crease in particle diameter and a decrease in surface energy increases the critical velocity
(Figure 21) [101]. This indicates that when the powder is more cohesive, the critical velocity
is lower as the flowability is poorer, which means that cohesivity can have a negative
impact on die-filling performance and cohesion control measures will be needed.

Figure 21. Graphs obtained from Zakhvatayeva et al. [101] showing the change of critical velocity
as a function of: average particle size (top left), specific energy (top right) and cohesion at 3 kPa
consolidation stress measured using the FT4 (bottom) of a variety of different materials.

The effect of paddle speed in forced feeders was investigated by Goh et al. [107] which
saw with a higher paddle speed there was an increase in die fill weight and reduced die
variation. However, it was seen in other papers that the paddle speed only had an effect on
the weight variability, not the fill weight itself [84] and only affected fair flowing materials
such as MCC [113]. Therefore, a higher paddle speed can allow for cohesive powders
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to ‘flow better’ as they can essentially move as a solid block. On the other hand, in the
study of Peeters et al. [114], results showed that the paddle speed affected the tensile
strength. However, for the formulation with just microcrystalline cellulose, the tensile
strength outcome was not affected by paddle speed. The only formulations that were
affected were with magnesium stearate that saw a decrease in tensile strength with a higher
paddle speed. Lubricants can have a negative effect on the tabletability if excessive shear
force and higher levels of mixing occur. This is often referred to as ‘over-lubrication’ in
the literature [115]. Therefore, the decrease in tensile strength is most likely due to these
lubrication effects which is promoted with a higher paddle speed [116]. To understand
the effects of lubrication in a forced feeder with higher paddle speeds, work should be
conducted comparing the tensile strength outcomes of formulations with and without
magnesium stearate. However, it should be noted that brittle materials are reported to not
be as susceptible to the effects of lubricants as much as plastic materials [117]. Therefore,
formulations with majority plastic powders will most likely be affected more heavily than
formulations with a majority of brittle powders.

Another method to increase the flowability is by introducing air into the system,
as flowing air gives a lubrication effect allowing particles to flow more easily with less
resistance, increasing critical velocity [27]. The air prevents the percolation of fine particles,
which reduces vertical segregation [118]. However, the presence of air can also create an
adverse pressure gradient which resists the motion of particles, and pressure built up can
further oppose the flow of the powder [27]. Suction filling has also seen positive effects with
overcoming poorly flowable powders [38,106,109,119] and helps with the air entrapment
which hinders powder flow as it creates a negative pressure gradient [38,107]. Furthermore,
suction fill is generally known to lower the risk of segregation and improve the packing
density [38]. This is seen in Figure 22 obtained from the study of Zakhvatayeva et al. [109].
The degree of segregation was measured using a sampling unit which separates the die
into five sections; the process was repeated twice. The degree of segregation was calculated
using Equation (6) where the segregation index indicates the level of uniformity in the
powder blend in the die. Although the conclusion in Zakhvatayeva et al.’s [109] study is
that suction filling improves die-filling efficiency and reduces segregation, in Figure 22
it is seen that gravitation filling with a fast die-filling velocity had a lower segregation
index compared to suction filling. However, the slow die-filling velocity may not be
representative of a real-life scenario in industry. Another interesting observation from
Figure 22 is that with acetylsalicylic acid concentration of 10 percent, this had the worst
overall segregation index across all cases which was explained as generally lower API
concentrations are known to have a higher risk of segregation [120].

Segregation Index =
n

�
i

ci � ct
ct

(6)

where ci is the starting concentration of the blend and ct is the concentration of the anal-
ysed sample.

All these results show that there are promising ways to overcome the effect of particle
cohesion on die-filling processes; however, it is often concluded that these results are
highly dependent on the particles’ material properties [102,107]. Active pharmaceutical
ingredients (APIs) are new and complex molecules that will often have unknown material
properties [18]. Further studies should measure bulk properties and be able to understand
what process parameters need to be utilised during the die-filling stage. APIs are known to
be very cohesive and poorly flowing which gives the limitation that formulations for direct
compression must have a maximum of 30% drug content [21].
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Figure 22. Segregation index of three different blends of Acetylsalicylic acid (ASA) with mannitol
using gravity and suction filling where suction filling mostly has a lower segregation index compared
to gravity from Zakhvatayeva et al. [109] the fast scenario is where the die-filling velocity is 260 mm/s
and slow has a die-filling velocity of 70 mm/s.

A possible method to allow formulations with more than 30% drug content to undergo
direct compression is spherical agglomeration/crystallisation, which will improve both
processability and tabletability of the API. This is completed by changing the way the API
is crystallised by either modifying the solvent addition rate and/or cooling rate [3]. Spher-
ical agglomeration allows the API to crystallise spherically (Figure 23), which increases
flowability and therefore lowers cohesion [3]. There are many promising studies using
spherical agglomeration/crystallisation such as a study by Chen et al. [18] which saw an
increase in flowability and therefore die-filling performance. Furthermore, the tabletability
also improved (Figure 23) for the spherical agglomerated/crystallised produced using the
quasi-emulsion solvent diffusion (QESD) method. The tensile strength was considerably
higher compared to the ‘as received’ ferulic acid exhibits a needle-like elongated shape
(Figure 23f). While spherical agglomeration/crystallisation is beneficial this should not
be confused with the negative kind of agglomeration that occurs during secondary man-
ufacture that can have a poor effect on blending, feeding and mixing. It is important to
distinguish the two.

On the other hand, there are some disadvantages to spherical agglomeration/
crystallisation; for example, solvent selection is a difficult process and may be limiting due
to the growing concerns of using more green solvents in industry [121]. This will need to be
further researched and optimised in order to be used as a commercial technique [121,122].
Furthermore, the optimisation of process parameters required for the spherical agglom-
eration/crystallisation method is difficult and will need considerable work to scale up
the processes [123]. Therefore, although this technique will help produce many more
formulations suitable for direct compression for most drugs to take place, the preparation
times at this current state will probably outweigh the benefits of just granulating. However,
this technique is very promising and something future research should focus on.
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e f

Figure 23. (a–d): Scanning electron microscope images of ferulic acid (FA) particles (a) Quasi-
emulsion solvent diffusion (QESD) at 50⇥ magnification, (b) QESD powder at 2000⇥ magnification,
(c) as-received FA powder at 50⇥ magnification, and (d) as-received FA powder at 2000⇥ mag-
nification. (e,f): Figures to show improved tabletability and flowability with spherical agglomer-
ated/crystallised (QESD) ferulic acid obtained from Chen et al. [18].

4.2.3. Compression Introduction
The aim of the compression process is to consolidate the powder mixture consisting

of excipients and API into solid and cohesive compacts that can withstand the pressures
of coating, packing, and shipping without fracturing. Therefore, the tablets will need
to have a high enough tensile strength; however, if the tensile strength is too high this
will typically lead to low porosity [30]. If the porosity is too low this could negatively
affect the dissolution rate required to deliver the drug to the patient [124]. There are many
aspects that contribute to the tablet’s strength, such as moisture content [125], compression
speed [126], and granulation [127]. However, as this literature review is focusing on the
effect of cohesion and assumptions can be made that the tabletting process is completed
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under strict humidity controls [100], this section will just be focussing on surface energy
and particle size and shape. These three particle properties contribute heavily to the
magnitude of cohesion [128]. Although cohesion effects for other process operations
in the tabletting manufacturing process are known to have a mostly detrimental effect
(see Sections 2 and 3), in contrast, cohesion properties are important to the compression as
cohesivity helps produce a strong solid compact. Therefore, it is important to understand
how the cohesion properties contribute to the tabletting stage so potential compromises
can be taken to help the formulation perform well throughout the manufacturing process.

4.2.4. Compression Discussion
The effect of particle size on powder compaction has been the focus of many papers

where it is generally understood that smaller particle sizes form a stronger tablet [29–32,129].
Smaller particles have been found to have a larger specific surface area where interparticle
bonding can take place resulting in stronger tablets [130,131]. However, smaller parti-
cles are typically more cohesive and have poorer flowability which will affect die filling
(Section 4.1).

Particle shape is commonly linked with particle size effects in tabletting and has
similar effects on the flowability and cohesivity of the powder [132]. A more irregular
shape will exhibit poorer flow properties and be more cohesive compared to regular or
spherical-shaped powders [133]. Additionally, irregular-shaped powders have been shown
to form a stronger tablet, which was demonstrated by Johansson and Alderborn’s [30] study.
The authors found that tablets containing irregular shaped MCC granules had a higher
tensile strength than spherical-shaped pellets (Figure 24). Both granules exhibited plastic
deformation as the dominant deformation mechanism, but at higher pressure, there was
some fragmentation/attrition which resulted in a closer pore structure. Šimek et al. [133]
investigated the effects of different particle shapes (Figure 24) of a brittle material, paraceta-
mol. Their findings were similar to Johansson and Alderborn’s [30], where more irregular
shaped paracetamol had increased compressibility shown with the Heckel plot. The Heckel
plot is a commonly used equation and plot to help understand the densification of the
powder during compaction and allows interpretation of how plastic the powder is which
is taken from the yield pressure which is derived from the reciprocal of the linear region
gradient of the curve. The lower the yield pressure, the more plastic the material is [134]).
Figure 25 compares this to spherical-shaped paracetamol.

Figure 24. Johansson and Alderborn [30] G = granules (irregular), P = pellets (nearly spherical) the
number is the compressional pressure it was compressed to e.g., G200 = granules compressed to
200 MPa.
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Figure 25. (Top): SEM micrographs of the paracetamol samples made (prepared and raw). The pre-
pared samples were dissolved in ethanol and mixed at a set RPM to achieve the modified shapes.
(Bottom): Heckel plot of different sizes and shapes of paracetamol. Both figures obtained from
Šimek et al. [133].
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Although the general trends of particle size and shape’ effects on tabletting is men-
tioned in the previous section, there are some conflicting results regarding how they affect
the compressibility and therefore tablet strength. This can be differentiated by material
properties or the dominating deformation mechanism of the powder. Brittle materials such
as lactose and paracetamol deform by fragmentation [135]. In studies, the strength of tablet
consisting of brittle materials have been seen to be affected by particle size [29,128,136,137]
and shape [138]. Skelbæk-Pedersen et al. [137] found that larger brittle powder particles
such as lactose and calcium hydrogen phosphate dehydrate (DCP) fragmented more. In
Figure 26, with increasing particle size in DCP and lactose, the peaks are more flatlines for
the lines corresponding to the higher compressional pressure which means the particles
fragmented into smaller particle sizes more readily. This agrees with De Boer et al. [29]
Sun and Grant, [130] and Skelbæk-Pedersen et al. [137]. The more extensive fragmentation
allows the void spaces to be filled with the smaller particles which further densifies the
powder bed to reduce its negative influence of tensile strength. Nonetheless, smaller parti-
cles have higher tensile strength outcomes after compression [130]. Surprisingly, in contrast,
Almaya and Aburub [117] found that dibasic calcium phosphate dihydrate did not have a
difference with different particle sizes. Suggestions into why this may be occurring will be
discussed below.

10,000100010 10010.1 10,000100010 10010.1 10,000100010 10010.1

10,000100010 10010.110,000100010 10010.1

10,000100010 10010.1 10,000100010 10010.1 10,000100010 10010.1

5% MgSt/DCP , DCP 0–125µm 5% MgSt/DCP , DCP 125–180µm 5% MgSt/DCP , DCP 180–250µm

5% MgSt/DCP , DCP 250–355µm 5% MgSt/DCP , DCP 355–500µm

5% MgSt/Lactose , Lactose 0–125µm 5% MgSt/Lactose , Lactose 125–180µm 5% MgSt/Lactose , Lactose 180–250µm

Figure 26. Skelbaek-Pedersen [137] PSD of calcium hydrogen phosphate dihydrate (top) and lac-
tose (bottom) with different initial particle size distribution in the graph titles. The plots show the
change in PSD with increasing levels of compressional pressure.

Plastically deforming powders are known not to be affected by particle size [117,128,136]
due to the way they deform. McKenna and McCafferty [128] found that different sizes
of microcrystalline cellulose (MCC) did not affect the tensile strength. However, Herting
and Kleinebudde [116] found contradicting results that decreasing particle size of MCC and
theophylline resulted in higher tensile strength. Wunsch et al. [132] found that there was
an increase in tensile strength with decreasing particle size for all materials investigated
(MCC and vildagliptin) (Figure 27) However, with vildagliptin, internal defects such as cracks
during elastic recovery may have occurred resulting in large error bars. No fundamental
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understanding of these differing results is given in the papers, particularly regarding the
contradictions with past literature.

Figure 27. Compactability graphs of coarse, medium and fine grades of MCC, Ibuprofen and
vildagliptin showing the change of compactability with particle size, obtained from Wunsch [132].

Despite these contradictions, which need to be further understood, a common con-
clusion can be made. Many papers agreed that, when the change in particle shape and
size saw an increase in tensile strength, this was due to the specific shape or size which
resulted in an increase in area of contact between particles under a compressional pres-
sure [29,30,67,130,132]. Wünsch et al. [132] found that the reduction of initial particle size
changes the deformation behaviour and therefore the effect of particle size is dependent
on the specific material. With increasing initial particle sizes, the specific plastic energy
rises but the specific elastic energy and elastic recovery is not affected as much. Therefore,
when reducing sizes of materials, this could affect their mechanical response to the exerted
compressional pressure. Furthermore, crystal structures may have important information
about mechanical properties of the powder which is also seen in Sun and Grant’s [130]
study which saw two different polymorphs of sulfamerazine exhibit different compaction
properties (Figure 28) Similar results were seen in Upadhyay et al.’s [139] study, where it
was found that the different polymorphs of ranitidine hydrochloride exhibited different
compressibility results. In a later study using the same polymorphs, polymorph I had
better tabletability compared to polymorph II at all size fractions [140].
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A

B

Figure 28. (A) Tabletability curves showing the difference of tabletability of three polymorphs of
sulfamerazine I, II(A) and II(B). (B) Schematic of crystal structure of polymorphs: I and II. Hydrogen
bonding are the broken lines. These crystal structure diagrams show that, even though the hydrogen
bonding connectivity is the same for both polymorphs, the secondary structures are different. All
figures obtained from Sun and Grant [130].

Future studies should pay more attention to crystal structure and understanding the
corresponding mechanical properties of the materials being investigated before and after
they are processed to a certain particle size which could affect the mechanical properties of
the powder. For example, Simek et al. [133] modified their paracetamol samples in ethanol
and changed the stirring speed to achieve the desired particle shape (Figure 25). Under-
standing these discrepancies could allow potential compromises to be made. For example,
if a certain material is very cohesive but the particle size is independent of the tabletability
properties, a larger particle size could be used to reduce cohesivity while not affecting the
tabletability of the tablet formulation.

Surface energy is the excess energy on the surface compared to the bulk [141] which is
affected by a number of intermolecular forces such as van der Waals [142]. A more cohesive
powder will have a higher surface energy with interparticle bonding that will hinder the
powder flow [143]. However, it is well documented that surface energy has a profound ef-
fect on producing successful tablets after powder compaction. Many results have suggested
higher surface energy leads to stronger bonds forming between powder particles, which
form higher tensile strength tablets [33–36]. For example, Wünsch et al. [132] suggested
that formation of hydrogen bonds between MCC particles is why there was a considerable
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increase of tensile strength compared to ibuprofen and vildagliptin, as seen in Figure 29.
However, the way that MCC, ibuprofen and vildagliptin deforms was not considered in
this discussion point.

Figure 29. Graphs to show the specific plastic (solid lines) and elastic energies (dotted lines) of fine,
medium and coarse grades of MCC, ibuprofen (Ibu) and vildagliptin (Vil) and paracetamol (para)
obtained from Wunsch et al. [132] These graphs show that coarse grades have lower specific surface
energy across all cases.

To intrinsically measure the effect of surface energy of the powder on the tensile
strength is immensely difficult. Fichtner et al. [144] and Chen et al. [145] have attempted to
change the surface energy of the powder by dry coating with polysorbate and Aerosil 200 re-
spectively. This showed a decrease in tensile strength with the decrease of surface energy in
both studies. However, the effect of changing particle size was not well documented and as
previously stated in Section 4.2, depending on the specific material, particle size is another
factor that changes the tablet outcome after compression. Ho et al. [146] counteracted this
issue by changing the surface energy without changing any other powder particle property
by modifying the functional groups on the surface of the powder without disrupting the
surface morphology and particle size by silanisation. This treatment profoundly decreased
the tensile strength of the tablet as the surface energy was reduced [147].

Another method, which was also mentioned in Section 2.1 to decrease the surface
energy of a powder and improve flowability is to add a glidant, which is seen to increase
the flowability by reducing cohesion [6]. How these additives affect the tabletability of the
powder formulation was looked at in many different studies. Magnesium stearate (MgSt)
is known to improve flowability [148]. However, it has a detrimental effect on the tablet
strength especially when magnesium stearate is mixed for too long and vigorously. This is
an effect which is known as ‘over-lubrication’ [116,149]. The MgSt is theorised to create a
thin hydrophobic layer around powder particles preventing bonding between the powder
particles to take place and therefore decreasing the tensile strength [149]. Furthermore,
as MgSt is hydrophobic, the powder being ‘over-lubcricated’ will effect the dissolution [150].
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On the other hand, MgSt has excellent lubrication properties and is commonly used in
tablet formulation as a lubricant [144] rather than a glidant.

A glidant that is discussed frequently in literature is silicon dioxide. Apeji and
Olowosulu [67] used talc and colloidal silica which appears to have had a negative influ-
ence on the tensile strength of the tablet. This paper did not have any comparison to a
control data without any glidant to compare with. What the previous papers mentioned
do not include is whether they are using hydrophobic or hydrophilic silicon dioxide. Kun-
nath et al. [151] looked at both hydrophilic and hydrophobic nano-silica and their impact
on tablet tensile strength and dissolution (Figure 30). The nano-silica was dry coated
onto the API with similar methods to those implemented by Chen et al. [145], mentioned
previously. This saw an increase in tensile strength for both hydrophilic and hydrophobic
nano-silica and did not see an effect on the dissolution profile. The possible explanation
of this is that the dry coating of API led to deagglomeration of the powder and increased
the total contact area where interparticle bonding can take place. On the other hand,
in Mužíková et al.’s [66] study, when colloidal silica (Aerosil 200 and 255) was added, this
saw a decrease in tensile strength, therefore the disintegration time also decreased. The max
compressional pressure used to produce the tablets was very low (26.37 MPa) compared to
what is normally used (200–250 MPa). However, Wunsch [132] found that it is the number
of bonds which determine the strength of the tablet, not the bonding strength. Similar to
the particle size conclusion, the fundamentals of the mechanical properties and therefore
deformation properties of the powder are vital to understand as enhancing the bonding
area may be more important than increasing the surface energy. Furthermore, this could
mean a compromise can be taken on surface energy which will lower the cohesivity of the
powder but would not affect the tablet outcomes if the contact area between particles is suf-
ficient enough to gain the number of bonds needed. This further points to the importance
of understanding how the powder deforms and how that effects and governs the contact
area between particles [19].

There have been promising results for silicon dioxide alternatives such as magnesium
aluminosilicate (MAS) and tricalcium phosphate (TCP). Both of these novel glidants have a
positive effect on flowability [98]. However, there is just a single study investigating the
tabletability of MAS, and none with TCP; in which, Hentzchel et al. [152] compared the
tabletability of MAS with other silicates, when mixed with MCC of different concentrations.
MAS was the only silicate that did not decrease in tablet strength, with increasing concen-
tration, which is a positive result. Although the tablet strength is not affected by MAS,
a study on how these novel glidants affect the dissolution rate at different concentrations
will need to be conducted, as this is a critical quality attribute of the tablet. A study by
Khunawattanakul et al. [153] saw the MAS in a tablet film coat increased the dissolution
time, suggesting a balance will be required to ensure the right concentration to aid flowa-
bility is achieved, without negatively affecting dissolution. Although Tran et al. [98] shows
that MAS aids flowability, this will need to be further investigated into whether MAS
does have an impact on the feeding and blending parts of the CDC process. As far as the
authors are aware there are no extensive studies that analyse the effect of these alternative
glidants on these unit operations, essentially showing that additional studies are required
to understand the complex interactions between not only CDC processing but the resultant
in vivo performance of the tablet. The aforementioned publication Tran et al. [54] takes a
perspective of using a range of measurement techniques to inform quantities or types of
flow modifiers, practically taking a quality by design approach. A similar methodology
could be applied in terms of glidants (namely, MAS) and their subsequent impact on tablet
quality CQAs such as tensile strength of binary mixtures with excipients other than MCC.
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Figure 30. Tensile strength of the tablets made from (a) coarse acetaminophen (cAPAP), (b) micronised
acetaminophen (mAPAP), and (c) micronised ibuprofen (mIBU) where Aerosil R972P nano-silica
(hydrophobic) and CAB-O-SIL M5P nano silica (hydrophilic) obtained from Kunnath et al. [151].

4.3. Tabletting Summary
In this section, cohesion was split between two main contributing factors, particle

size and shape, and surface energy, where smaller particle size and higher surface energy
generally resulted in a higher magnitude of cohesion [24]. Although there are some
contradictions seen in the particle size section, generally the tabletting process needs a
good level of cohesion to be successful. However, spherical agglomeration is a promising
technique that can lower the effects of cohesion seemingly without negatively affecting
the tabletability [3,122]. More research will need to be conducted to optimise the solvent
selection process [123].

Furthermore, both particle size and shape and surface energy research pointed towards
the fundamentals of the mechanical properties of the powder. Particle size and shape
discrepancies may be due to how the particle size and shapes were manipulated and how
the crystal structure and therefore the material properties have changed. Additionally,
it was found in Wunsch’s et al. [132] paper that it is more the number of bonds rather
than the strength of individual bonds that influences the overall tablet strength. Therefore,
a higher contact area between particles to allow for a higher number of bonds could be
more important than having higher surface energy powders to obtain stronger tablets.

The addition of glidants which increased flowability are seen to have contradicting
results from commonly used silicon dioxide discussed in the previous section. On the
other hand, promising initial results from modern alternative glidants, such as magnesium
aluminosilicate (MAS), showed an increase in flowability and no change in tensile strength
of the tablet regardless of concentration [98]. However, more studies need to be completed
to scope what kind of an effect MAS has on dissolution and the tensile strength of binary
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mixtures with different commonly used excipients with different deformation properties
than MCC.

5. Summary Table
Table 2 summarises the effect cohesion has on the unit operation and what control

measures are outlined in the discussion. How the control measures from one-unit operation
can affect another downstream has yet to be discussed. This section will outline how
some cohesion controls that have positive effects on unit operations can promote issues in
downstream unit operations in the continuous direct compression line.

The consistency and accuracy of which powders are dispensed from a feeder will
directly influence the downstream unit operations [43,45]. Therefore, it is of utmost im-
portance that understanding is gained on how to maintain a consistent feed rate for very
cohesive materials [2,41,55]. The use of silica shows great promise, as it seemingly both
improves flowability and reduces electrostatic charging, leading to better screw filling and
thus resulting in improved feeding consistency [5,47,57]. Lumay et al. [57] also showed
silica’s ability to influence the thixotropic behaviour; in future work, it would be interesting
to see a development on this in the context of LIW feeding. However, the addition of silica
has potentially negative effects on tabletting [66,67], while its effect on blending has not
been explicitly described. Bridging/arching within the hopper volume has been shown
to suffocate the flow of powder into the conveying volume. As a result, both additives
and refilling strategy show ideas for reducing the processing variability [2,41,55,65]. Fur-
thermore, using DEM for complex agitator design would further help the development of
arching minimisation.

Despite the benefits of silication, attention should be paid to the end-to-end impact
of formulation additives. For instance, nano-silicas were seen to have a lesser impact,
compared to MPS, on the tablet strength, but greatly improved the flowability [57]. Alterna-
tively, novel glidants, such as magnesium aluminosilicates, show promise in minimising the
respective trade-off of improving flowability and affecting the tablet’s tensile strength [152].

Blending seeks to intimately mix all of a given formulation’s constituents and deliver
them to the final, tabletting stage of the process with minimal variation [45,154]. Cohesion,
in most cases, serves as a direct barrier to blending, as it provides resistance to intimate
mixing [75,78,90]. Thus, higher levels of agitation are required to break apart these cohesive
clusters, but systems must devise their own method to balance both the micro and the
macro aspects of mixing [43,88]. In addition, complex bulk behaviour occurs when there
is a moderate amount of cohesive particle–particle contacts [90]. Thus, it is of interest
to develop a greater understanding of the mechanisms which govern this complex bulk
behaviour. Moreover, despite the viewpoint to increase RPM to deal with cohesion, it is
not understood what these new shear environments look like, and whether they have an
impact on tabletability.

Spherical Agglomeration, which was discussed in Section 4.2, is a very promising
technique to control the amount of cohesivity APIs add to tablet formulations without com-
promising tabletability to the same extent as the addition of glidants and lubricants which
is beneficial to the whole CDC process. Further work will, however, need to be carried
out to improve the efficiency of selecting the right solvent and process parameters [123].
Process parameters especially will need to be focussed on as some parameters are high-
lighted in studies that may be difficult to scale up. However, there have been good strides
looking into the scale-up process and making spherical agglomeration/crystallisation
continuous [155,156]. Ensuring the API crystals are not too large will be important to
ensure content uniformity within tablets [123].
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6. Conclusions
This literature review consolidates the impact of powder cohesion and mitigation

for each of the unit processes in CDC, whilst considering the consequences of upstream/
downstream processing. For a tablet formulation to be viable for the CDC process, the for-
mulation must possess both suitable flowability and tabletability [19,25]. Cohesion is known
to cause powders to resist flow [23,24] which has a negative impact on the performance
of the feeding [25], mixing [85,87], and die filling [3] unit operations involved in the CDC
process whereas, for the compression stage, cohesivity is desired [29,30,33,35].

Understanding the cohesive nature of APIs and excipients and then manipulating
them, where possible, is useful for improving the overall performance of the CDC process.
The use of additives such as glidants and lubricants may aid the flow of powders, thus
improving the feeding [6], mixing [37] and die filling [110] performance; however, these
additives can have a negative impact on compaction [29]. Flow variability should be
managed (specifically during the feeding stage) as any perturbations will be propagated
into successive unit operations [2,158].

Despite the volume of literature in this area, there remain many important open
questions and thus valuable future research avenues:
• Silication has benefits similar to glidants and lubricants as it can lower the cohesive

behaviour of the powder and therefore increase flowability [6]. However, there are
contradictions on whether silication negatively affects tabletability; this will need to
be further investigate [67,145]. Alternative glidants, e.g., magnesium aluminosilicates,
are a promising option however, more work needs to be carried out to understand the
impact on tablet performance.

• Discrete Element Method (DEM) modelling, allowing researchers to create a digital
twin(s) of an existing experiment and conduct statistical analysis on the simulated pow-
der behaviour would allow researchers to gather metrics to quantify mixing/feeding
performance (as discussed in Escotet-Espinoza et al. [80]) that were not accessible
experimentally.

• Utilising triboelectric charging for the blending stage: static surface charge is de-
veloped on the surface of particles due to the strain given to the powder during
mixing/transport [47], potentially allowing a formulation to be altered to promote
attraction/repulsion between constituent species in order to gain a more-ordered
well-mixed system.

• Spherical agglomeration/crystallisation can improve the flowability and tabletability of
APIs, which is normally the most cohesive component of the tablet formulation [3,18].
However, further work needs to be performed to improve the solvent selection and
process parameters to allow for scale-up [123].

• The many discrepancies in the literature regarding the manner in which particle
size affects the tabletability of the powder should be comprehensively addressed,
as this represents an important gap in the fundamental understanding of powder
compression [39,128]. Understanding which types of powders are affected by particle
size and which are not could lead to compromises to have larger particle sizes to lower
cohesivity and therefore improve flow while not affecting the tabletability.
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CDC Continuous Direct Compression
CQAs Critical Quality Attributes
CMAs Critical Material Attributes
API Active Pharmaceutical Ingredient
FFC Flow Function Coefficient
SEM Scanning Electron Microscope
DEM Discrete Element Method
MPS Mesoporous Sillica
rpm Revolutions Per Minuite
cBD Conditioned Bulk Density
LIW Loss in Weight
APAP Acetaminophen
RSD Relative Standard Deviation
PCA Principle Component Analysis
RTD Residence Time Distribution
MCC Microcrystalline Cellulose
MgSt Magnesium Stearate
MAS Magnesium Aluminosilicate
TCP Tricalcium Phosphate
mAPAP Micronised Acetaminophen
pAPAP Powdered Acetaminophen
sgAPAP Special Granular Acetaminophen
RH Relative Humidity
GMP Good Manufacturing Practice
HVAC Heating Ventilation & Air Conditioning
FT4 Freeman Powder Rheometer
QESD Quasi-emulsion solvent diffusion
DCP Calcium hydrogen phosphate dehydrate
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A B S T R A C T

Positron Emission Particle Tracking (PEPT) is a non-invasive measurement technique which offers the ability
to track the motion of individual particles with high temporal and spatial resolution, and thus build up an
understanding of the bulk behaviour of a system from its microscopic (particle level) dynamics. Using this
measurement technique, we have developed a series of novel metrics to better understand the behaviours of
powders during the steady-state operation of a continuous blender system. Results are presented concerning the
response of particle motion to processing parameters (mixing blade configuration and RPM), quantifying the
motion in terms of predicted mixing performance. It was found that both increasing rpm and increasing hold-
up mass (by selecting fewer transport blades and more mixing blades) provided improved mixing conditions.
Interestingly, under specific conditions, there is evidence of convection-like mixing occurring at the interface
of the transport and mixing region. This suggests the existence of a potential ’folding region’ whereby powder
is transported up the barrel (and away from the powder bulk bed) before being reconstituted back into the
bulk mass. The results also provide valuable experimental data for the development, calibration and validation
of future Discrete Element Method (DEM) simulations.

1. Introduction

In the pharmaceutical industry, the shift from batch to continuous
manufacture (CM) carries the potential to significantly reduce both
manufacturing cost and product variation (Burcham et al., 2018; Van-
hoorne and Vervaet, 2020; Lee et al., 2015; Roth et al., 2017), thus
ultimately reducing the cost to the end user, the patient. This mutually
beneficial outcome is being pursued by the entire pharmaceutical in-
dustry and the authorities are active in parenting the development of
these methods (e.g., ICH guidelines (International Council for Harmon-
isation of Technical Requirements for Pharmaceuticals for Human Use
(ICH), 2023, 2012; Wahlich, 2021)), requiring that the introduction of
new technologies is sufficiently understood to ensure no risk is passed
on to the recipient of these therapeutic products (Bekaert et al., 2022;
Lee et al., 2015; Wahlich, 2021).

Therefore, it is paramount that understanding is demonstrated in
the form of consistent manufacture (i.e. process design and control
strategy) and rigorous models to transition from batch to continu-
ous direct compression (Vanhoorne and Vervaet, 2020; Pernenkil and

< Corresponding author at: Oral Product Development, Pharmaceutical Technology & Development, Operations, AstraZeneca, Macclesfield, UK.
E-mail address: owen.jones-salkey1@astrazeneca.com (O. Jones-Salkey).

Cooney, 2006; Lee et al., 2015). Furthermore, when considering both
the complexity of the task and limited of experience manufacturing CM
therapeutic products, it highlights that the journey to developing this
knowledge is both challenging and costly (Teªyk et al., 2015). Reviews
by Wahlich 2021 (Wahlich, 2021) and Teªyk et al. 2015 (Teªyk et al.,
2015) both surmise these challenges in greater depth. Wahlich stated
that – at the time the review was submitted (June 2021) – only seven
CM products were on the market, and of those seven products, they
were owned by four companies. As is evident from the above, from
both a scientific, regulatory, and commercial standpoint, improved
understanding of continuous process equipment is vital to ensuring that
the rollout of continuous manufacture can continue in a manner which
is both rapid and low-risk. The provision of new imaging capabilities
stands to play a crucial role in facilitating this understanding.

The continuous direct compression (CDC) process for solid dosage
forms (tablets), offers the simplest route to CM by using a minimal num-
ber of unit operations to continuously produce tablets. However, our

https://doi.org/10.1016/j.ijpharm.2023.123361
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understanding of how powders respond to mixing process conditions is
limited. Excellent examples of work have been conducted by several
researchers providing an initial understanding of how bulk powders
respond to mixing processes across units with different designs and
orientations (Portillo et al., 2010; Vanarase et al., 2013; Van Snick
et al., 2017; Palmer et al., 2020; Tomita et al., 2020).

The seminal use of PEPT on small-scale continuous blenders was
performed by Portillo et al. (2010), and the findings are discussed
later. Vanarase et al. (2013) studied the effect operating conditions
had on a horizontal continuous blender through the use of RTD mea-
surements. Van Snick et al. (2017) comprehensively investigated sev-
eral factors which contribute to end-to-end CDC performance. Where
blending is concerned (using a 15˝ incline blender), Van Snick et, al.
demonstrated the influence of blade configuration on mass hold-up and
its resultant effect on processing accuracy and consistency — in the
form of content uniformity. Palmer et al. (2020) then furthered this
by mapping the processing response of three paracetamol formulations
and produced a strain micromixing model — which demonstrated an
exponential decay between content uniformity (attained from tablet
assays) and strain (effectively defined as the number of blade passes).
While Tomita et al. (2020) demonstrated the independent control of
micro and macro mixing by using a different blender system the CTS-
MG100 (Powrex Corporation, Hyogo, Japan), which utilised both a
paddle impeller and a circumscribing scraper.

Despite providing considerable insight into mixing processes within
CDC, the aforementioned studies nonetheless provide little direct in-
sight into the internal dynamics of the mixing process, due in large part
to the optically-opaque nature of the systems studied. Positron Emission
Particle Tracking (PEPT) is a technique that uses highly-penetrating
gamma radiation to image particulate systems’ full, three-dimensional
dynamics, including metal-walled industrial process equipment. PEPT
is able to track the motion of individual particles through a given
system of interest and use these individual traces to build up the
understanding of the bulk behaviour of the system, taking a ‘micro-up’
approach, rather than the typical ‘macro-down’ approach. Moreover,
the spatial–temporal data can be used to calculate a multitude of
metrics which are not possible from commonly applied PAT methods,
such as NIR, and therefore, PEPT serves as a great tool for investigatory
work. Full details of the PEPT technique may be found in Windows-Yule
et al. (2020, 2022b).

PEPT has already been used, in the previous work of Portillo et al.
(2010), to investigate the effect of RPM and blender inclination on
3 powder species using a small-scale linear blender not dissimilar to
that studied here. In their study, it was determined that an inclined
blender produced longer residence times and greater mixing potential;
the powders travelled similar path lengths but the more cohesive the
powder the longer residence time; increasing RPM decreased residence
time (lending to poorer macro mixing conditions) but increased radial
dispersion — thus increasing the potential mixing quality (Portillo
et al., 2010).

An alternative method through which insight may be gained into
the internal dynamics of mixing processes is the discrete element
method (DEM). DEM, like PEPT, offers a method of understanding
the behaviour of not only the bulk but the individual particles within
a particulate system. Past studies of such systems have investigated
the effect of blade revolution rate (RPM) on axial and radial disper-
sion (Gao et al., 2011b, 2012) as well as the influence on blade angle
on powder transport and mixing (Boonkanokwong et al., 2016; Siraj,
2014; Gao et al., 2011a, 2012; Ebrahimi et al., 2018). DEM offers
two pragmatic advantages over PEPT, namely a comparatively low
financial cost (due to PEPT’s requirement for high energy and materials
costs in the production of tracers (Windows-Yule et al., 2022b)) and
more ready availability (there exist at present only a handful of active
PEPT facilities in the world). However, DEM simulations (depending
on the number of particles simulated) will typically take significantly
longer than PEPT experiments and, unlike PEPT, DEM simulations may

provide misleading results without rigorous calibration and validation.
The necessary calibration and validation thereof is typically complex,
time-intensive and lacking a standardised ‘best practice’, meaning that
in many cases such simulations can only be trusted to provide at best
qualitative information (Windows-Yule et al., 2016; Windows-Yule and
Neveu, 2022). Nonetheless, through careful comparison with detailed
experimental data such as that extracted via PEPT or other three-
dimensional imaging techniques, near-quantitative accuracy may be
achieved (Che et al., 2023).

In this research, we present the first application of Positron Emission
Particle Tracking (PEPT) on a commercially-representative, manufac
turing-scale continuous blender, following the precedent set by Portillo
et al. (2010). Our approach utilises industry-relevant geometries, blade
configurations, and RPM ranges. Drawing from the discussions of Gao
et al. (2011a) and Van Snick et al. (2017), our goal is to critically
analyse how these variables influence the mixing conditions within
pharmaceutical blending systems. Our focus, however, is directed to-
wards the micro-behaviour of the powder at the crucial interface
between the transport and mixing blade sections of the blender, a
region thought to significantly affect the mixing process. In this study,
we specifically investigate local factors and their impacts on the mixing
conditions within the immediate environment, rather than assessing
the overall, global, mixing performance. The results obtained from
this research will provide meaningful context for our findings and
contribute to a broader discussion on mixing conditions and regime-like
behaviour in similar continuous mixer systems. Moreover, the collected
data will serve as an invaluable resource for the rigorous calibration
and validation of future Discrete Element Method (DEM) studies.

2. Equipment, materials and methods

2.1. Equipment

2.1.1. Continuous blender: GEA, CDB-1 prototype
Experiments were performed using a prototype of the GEA CDB-1

continuous blender (GEA; Frankfurt, Germany). The blender’s mixing
volume is angled at a 15-degree incline from the inlet to the outlet so
as to increase the total hold-up mass as compared to an equivalent,
horizontal system. The internal diameter of the blender is 118 mm
and the mixing volume of the blender is 9.3L. The blender has the
same mixing dimensions as its commercial counterpart but is more
modular in its assembly. The blender’s axial shaft has 28 collars, each
of which accepts two blades which can either be at 45 degrees to the
axis (push blades) or 90 degrees to the axis ((radial) mixing blades).
The mixing configuration is set up such that each collar is offset from
the preceding collar by 60 degrees thus the progress of the mixing
blade(s) moves as a helix along the shaft. The helix rotation provides
positive movement in the direction of flow. The two configurations
used for this experiment are ‘8H’ (8 mixing blades) and 16H (16 mixing
blades), meaning that the mixing section covers roughly 25 and 50
per cent of the shaft, respectively. Schematic representations of the
two blade configurations explored can be seen in Fig. 3. The system
is controlled using a variable frequency drive allowing the user to
manually control the RPM. The rotation rate was measured using a
CT6/LSR laser tachometer (Compact Instruments, Bolton, UK) with a
contrasting marker on the drive shaft. The rotation rate of the shaft is
measured and the drive frequency is adjusted accordingly.

2.1.2. Twin screw feeder: Coperion, KTron-20
For all experiments, particles were fed into the blender using a

KTron-20 Feeder (Coperion; Stuttgart, Germany) with concave screws.
The feeder was calibrated prior to use, ensuring a consistent volumetric
feed over a range of hopper fill levels and screw RPMs. All experiments
used a volumetric feed rate equivalent to 15 kg hr*1. This feed rate
was the highest feed rate which provided a consistent mass flow rate.
Due to the age of the feeder, and therefore the settings available,
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only volumetric feeding was possible. The calibration gave confidence
in operating volumetrically over the full range of hopper fill levels.
This is primarily attributed to the free-flowing nature of the powder.
Consequently, the feed rate remained accurate and stable across all
experiments.

2.1.3. PEPT detector: ADAC, PET scanner
Data were acquired from the experimental system using an ADAC

Forté dual-headed gamma camera. The camera offers a peak acqui-
sition rate of approximately 100 kHz Parker et al. (2002) and, with
modern algorithms (Windows-Yule et al., 2022a), can compute the
three-dimensional position of a tracer particle with sub-millimetre ac-
curacy more than 100 times per second. Full details of the Forté can be
found in Parker et al. (2002), Herald et al. (2021).

2.2. Materials

2.2.1. Bulk & tracer material: 1 mm MCC
A coarse microcrystalline cellulose (MCC), Vivapur 1000 (JRS

Pharma; Rosenberg, Germany), was selected as both the bulk material
and the tracer for this experiment. The primary advantage of this
material is its narrow particle size distribution and average particle
diameter of 1.2 mm; this large particle size provides a greater sur-
face area which is desirable for improved radioactive labelling tracer
performance. The large size of the particles also reduces the total
number of particles within the system, thus making our results more
viable as a calibration/validation data set for future DEM simulations.
Furthermore, the selected powder is a pharmaceutical-grade material
and is free-flowing (Zheng et al., 2022); which would be representative
of a low-dose API formulation, as many excipient formulations priori-
tise flowability for improved manufacturability (Megarry et al., 2019;
Jones-salkey et al., 2023).

Lastly, the tracer was created via the surface adsorption of the
positron-emitting radioisotope Fluorine-18 (18F). Details of this proce-
dure, known as ‘indirect activation’ can be found in Windows-Yule et al.
(2022a).

2.3. Experimental set-up

Since the blender is commercial scale, with a length of 0.85 m, the
blender does not fit fully within the maximum 0.55 m field of view
(FoV) of the detector. With the 15-degree inclination of the blender,
the total length that fits within the FoV is 0.57 m or 67% of the
blender’s length. For the purposes of the present study, imaging of
the interface between the mixing blade zone and the former transport
section is of primary interest. This volume is expected to contain more
than 80% of the residence mass; supported by the comprehensive DEM
work of Zheng et al. (2022), which showcases analysis of a simulation
calibrated for the same blending volume and powder — Vivapur 1000.

Thus, the inlet of the blender was positioned at the start of the FoV
with the interface of the smaller mixing blade zone (8H) being captured
by the end of the FoV. The finalised FoV was 0.5 m (in the length axis),
and the interface was prioritised within the FoV (which spanned from
0.22 m to 0.42 m). The region of interest for calculation is shown with
greater clarity with the following: Fig. 2.

The blender sits, fastened, within the middle section of a two-
tiered extruded aluminium frame. The upper section of the frame
accommodates the feeder, which is bolted in place (see Fig. 1). The
aluminium frame, and therefore the blender, is kept stationary within
the detector heads of the ADAC for all experiments. The ADAC detec-
tor head separation is then narrowed in the width axis ensuring the
highest possible geometric efficiency (i.e. the largest fraction of gamma-
rays detected) and thus in turn the maximal data rate and location
accuracy (Windows-Yule et al., 2022a; Herald et al., 2021).

Fig. 1. Picture of the Experimental Set-up; supporting frame holding the blender and
feeder in the ADAC detector’s FoV.

Fig. 2. Schematic of the Experimental Set-up; showing the blender, and the dimensions,
within the ADAC detector’s FoV. The Region of Interest (RoI) is indicated by the red
box.

2.4. Experimental design

In this study, we explore two variables: the blade revolution rate
(RPM), and the number of mixing blades (#MB). Increasing the number
of mixing blades has been previously shown to increase the overall
fill level (residence mass) of such a mixer system, while increasing
RPM has been shown to reduce the fill level (Van Snick et al., 2017;
Palmer et al., 2020). By varying both of these parameters, we are able
to explore a range of system fill levels, and thus gain understanding of
the behaviour of powder under strongly varying conditions.

It was found that the combination of low speed and reduced trans-
port resulted in high material hold up, and consequently the torque
required exceeded that deliverable by the motor. For this reason, the
lowest speed used for 16H is 225rpm. This, coupled with the limited
amount of time available to perform the PEPT experiments, means the
analysis includes only the following data sets: 150 RPM at 8H, 375 RPM
at 8H, 225 RPM at 16H, 300 RPM at 16H, and 375 RPM at 16H.

2.5. Experimental method

The blade configuration is set to the desired configuration and
installed into the blender. The blender is subsequently turned on and
set to the desired RPM whilst filling. The MCC is then added to the
feeder and set to run at 15 kg/hr. While the blender is filling, using
both the variable frequency drive and the tachometer, the frequency is
adjusted until both remain constant. When the torque (and therefore
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Fig. 3. Blade dimensions and angle arrangement for the 8H and 16H configurations.
The red dashed-line box indicates the FoV of the detector.

rpm) remains constant, there is an equal amount of mass entering and
exiting the system, effectively stating the system is at steady state due
to the constant load on the blades. To ensure the system was at steady
state; the system was monitored for a further 5-minute period, in which
the rpm was regularly monitored for consistency.

Once at steady state, the tracer is then directly inserted into the
neck of the feeder, bypassing the hopper, and enters the blender. A
bucket collects the powder output of the blender and is returned to
the hopper of the feeder when the tracer is detected in the bucket.
This is repeated to gather a sensible number of passes through the
system. The data is then processed using the method in the following
section (Section 2.6.1). Finally, the residence mass (hold-up mass) of
each experiment was estimated by weighing the powder remaining in
the system at the end of the trial.

2.6. Analysis

2.6.1. Extracting and cleaning individual trajectories
In order to acquire data with the maximum spatial resolution,

tracers are passed through the system one at a time. Though PEPT is
capable of tracking multiple tracers simultaneously (Yang et al., 2007;
Nicu≥an and Windows-Yule, 2020), doing so reduces the accuracy with
which each individual particle may be located, meaning that single-
particle tracking provides optimal data (Windows-Yule et al., 2022a).
In order to build up adequate statistics, therefore, for each set of system
parameters, a single tracer is repeatedly passed through the system. By
exploiting the principle of ergodicity, data acquired from a series of
individual transits of the tracer particle through the mixer (for brevity
referred to throughout this paper as ‘trajectories’) may be combined and
suitably averaged so as to provide data representative of the system as
a whole (Wildman et al., 2000).

As the detector does not encompass the complete system, there
is a possibility that during the tracer’s full pass through the system,
the tracer may leave and re-enter the field of view, thus potentially
being erroneously considered as multiple individual trajectories, cre-
ating small, fragmented data sets towards the extremes of the Field
of View (FOV) which, if incorporated into statistical analyses, may
adversely bias results. Accordingly, filtering measures were put in place

to uphold the integrity of those tracers which have truly re-entered due
to back-mixing and expelling the erroneous traces. As such, methods
were developed to algorithmically remove such fragmented data sets in
pre-processing by Firstly, any data sets possessing an overall location
error above a given threshold – as expected to be produced by tracers
outside the field of view – were eliminated. Secondly, any trajectories
containing < 120 contiguous data points – implying only a partial
transit – were eliminated. Thirdly, only trajectories containing data
points spanning at least the central 200 mm (50%) of the system’s field
of view were included in our analyses, capturing the interface between
transport and mixing blade zone.

Once all erroneous data sets had been eliminated, the remaining
trajectories in each experiment were then subjected to a series of ‘post-
processing’ analyses. Due to the sparsity of the data acquired – an
inevitable consequence of the complexity of the system and the limited
experimental time available – in addition to conventional PEPT outputs
such as occupancy and velocity fields, a number of novel metrics were
developed specifically for this project. These metrics are described in
the following sections.

2.6.2. Novel analyses
Traversal classification. During preliminary analysis, it was observed
that the observed particle trajectories could be reasonably classified
into three primary ‘blender traversal modes’:

1. Centrifuging: particles remain at the outer edge of the blender,
resulting in bulk rotation about the unit’s central axis with
minimal transport along the radial direction. This is not to be
confused with centrifuging observed in rotating drums where the
powder bed attaches to the wall as a solid body with no relative
movement between particles. In this case, the particles are held
at the wall by action of the rotating blade.

2. Axial traversal: particles pass through the blender with minimal
motion in either the radial or azimuthal directions, resulting in
relatively short, straight trajectories.

3. Random motion: particles are actively entrained between the
blades, resulting in stochastic axial and radial motion (i.e. a
random trajectory).

This novel analysis has been included in the present work since
we believe that the different behaviours will represent different mixing
mechanisms and different mixing efficiencies. Further work is required
to explore this, but it is certainly arguable that the random motion
mode would lead to effective mixing while that of the axial traver-
sal mode would be quite poor, hence undesirable in pharmaceutical
blending applications. The centrifugal mode is less clear cut; it requires
knowledge of the motion of the particles relative to the blade and hence
the relative extents of the blade pushing the bed of particles (convective
motion, poor mixing) versus shearing through (dispersive motion, good
mixing). Identifying the prevalence of these behaviours for different
processing conditions can thus play a role in the optimisation of said
conditions.

To ensure rigour, an algorithmic approach has been taken to the
classification of trajectories. In order to classify a given trajectory, the
following considerations are applied:

1. The PEPT tracer locations are rotated by *15˝ and centred such
that the main blender body lies horizontally, with the X-axis
passing through the centre of the shaft.

2. Each trajectory’s points are converted to cylindrical coordinates,
with the longitudinal (shaft) axis corresponding to the Cartesian
X-axis, such that the Y Z coordinates are transformed into a
radial distance r and an azimuthal angle ✓.

3. In perfect centrifugal motion, the distribution of azimuthal an-
gles will be uniform between [*⇡,⇡] and hence their standard
deviation will be �✓ = ⇡_

˘

3, while the radial position r will
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Fig. 4. Graphical supplementation of the axial classification calculation. The units of
the 3D scatter plots are in millimetres. Overlayed examples are not to scale.

be equal to the blender radius. Empirically-defined thresholds
are used, such that if �✓ < 0.75⇡_

˘

3 and the 25th percentile of
a tracer pass’ radial distances is greater than half the blender
radius P25%(r) > R_2, the trajectory is classified as centrifuging.

4. Axial motion corresponds to minimal blade entrainment, such
that the tracer radially explores a small area of the pipe; we
extract the plane orthogonal to the main axis of flow by con-
verting each trajectory’s points’ coordinates into their principal
components’ space (PCA, using the eigenvectors of their covari-
ance matrix) and extracting the coordinates of the two least
important axes X2 and X3 (note that the most important axis
X1 corresponds to the main flow direction); the area spanned by
the 5th to 95th percentiles A = (P95%(X2) * P5%(X2))(P95%(X3) *
P5%(X3)) robustly approximates the radial side of an oriented
bounding box containing the trajectory’s points, without outliers
— and hence the radially-explored area. As the principal com-
ponents X2 and X3 still have physical units, their dimensions
can be compared with that of the blender. If the computed area
A is smaller than a blender octant A < ⇡R

2_8, the trajectory
is classified as an axial traversal. This (axial) classification is
supplemented graphically by Fig. 4.

5. Finally, all remaining trajectories are considered to undergo
random mixing.

In other fields of study, for example in rotating drum systems,
the classification of particle motion provides a valuable tool for the
inference of mixing quality and other important parameters (Morrison
et al., 2016). It is hoped that these classifications may prove similarly
valuable in the pharmaceutical mixing field.

Lagrangian micromixing. As more industrial systems are imaged using
Lagrangian techniques offering rich three-dimensional information of
their internal dynamics, new mixing measures must be developed be-
yond the classical approaches in chemical engineering. A novel method
for quantifying the radial movement of flow specifically targeted to

Fig. 5. Graphical Representation of the Lagrangian micromixing metric discussed in
Section 2.6.2.

moving frames of reference (i.e. Lagrangian data) has been devel-
oped, providing richer information regarding the ‘microscopic’ mix-
ing (Werner et al., 2023) of tracer particles. The algorithmic steps are
as follows (supplemented by Fig. 5):

1. Take a cross-sectional slice through the blender at length L1
(axial position) along it and record each tracer’s location as it
passes through the slice.

2. On this slice, compute the radial distances from each trajectory
to the pipe centre (rL1

1 , r
L1
2 ,… , r

L1
N
) for N tracer passes.

3. Take a second cross-sectional slice at a later length L2 along
the blender and similarly compute the new radial distances
(rL2
1 , r

L2
2 ,… , r

L2
N
).

4. Compute the radial deviations due to micromixing (rL2
1 *r

L1
1 , r

L2
2 *

r
L1
2 ,… , r

L2
N

* r
L1
N
).

5. Quantify the distribution of radial deviations through its mean,
standard deviation, skewness and kurtosis.

6. Move the second slice, L2, to a new position further along
the blender and repeat steps 3–5, keeping track of the radial
deviations’ statistics as tracers pass through the mixing region.

This method is robust to both axial and centrifuging types of tra-
jectories, as: if tracers follow laminar-like straight trajectories, the
mean radial deviation will be zero; if tracers follow the (centrifugal)
bulk rotation, it will again be zero. This way, only true micromixing is
captured by the Lagrangian Micromixing metric. Specifically, a larger
mean value corresponds to stronger micromixing, with the standard
deviation representing the mixing uniformity. A larger skewness (i.e.
a longer right tail on the distribution) indicates that only a few tracers
are mixed well; finally, a negative kurtosis suggests the presence of a
small number of mixing outliers.

Auto-correlation. Auto-correlation within PEPT has been generalised
from the molecular dynamics’ velocity auto-correlation function (VACF)
(Leimkuhler and Matthews, 2015), defined as the ensemble average –
across N trajectory passes – of the dot product of a vector quantity
(e.g. velocity V = (vx, vy, vz)T ) measured at an initial time t0 and the
same vector quantity measured at a later time ti:

VACF(ti) =
≥

N
(V (t0) � V (ti))

N
(1)

The time can be substituted with any ‘signal’ S that has a lag added
to it, e.g. position along the blender, in which case it represents the
correlation C of a vector quantity íQ as tracers traverse the mixing
region:

C(Si) =
≥

N
( íQ(S0) � íQ(Si))

N
(2)
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Table 1
Tracer classification based on the definitions provided in Section 2.6.2, followed with
the number of trajectories collected.
Blender parameters 8H 16H

150 375 225 300 375

Froude No. 1.5 9.3 3.4 5.9 9.3

Axial 48% 4% 18% 25% 20%
Centrifugal 0% 73% 0% 2% 10%
Random 52% 23% 82% 73% 70%
n-trajectories 23 271 66 51 93

High auto-correlation indicates that tracers strongly follow a trend,
while zero auto-correlation represents unpredictable, or randomly-
distributed values; for example, as tracers are being mixed along
the blender, their coordinates (x, y, z) are expected to become less
correlated and hence C to decay to zero.

While velocity auto-correlations have been previously applied in
PEPT studies of batch systems (Wildman et al., 2002; Windows-Yule
et al., 2014), the present work develops a new formulation for continu-
ous systems, and generalises the algorithm to allow the auto-correlation
of arbitrary parameters to be computed.

Algorithm availability. All algorithms described in this section are freely
available through the authors’ open-source pept library (see https:
//github.com/uob-positron-imaging-centre/pept).

2.6.3. Classical analyses
In addition to the novel analyses defined above, data were also

obtained in the form of spatial residence time distribution (otherwise
described as temporal occupancy) and velocity profiles, providing fur-
ther insight into transport and mixing within the system, and the
dependence thereof on process conditions.

The methodology for attaining these standard measurements can be
found in Windows-Yule et al. (2020, 2022b).

3. Results & discussion

In order to improve CDC processes, it is vital that we are able
to better understand – and thus predict and, ultimately, control –
processes underlying both the micro- and macro-mixing of powders.
While previous studies have elucidated correlations between the ‘input’
process parameters and the bulk response of the system, the use of
PEPT in the current study offers insight into the system’s microscopic
response. This not only offers a direct insight into the micro-mixing
behaviours of the system studied but also carries the potential to
provide a greater mechanistic understanding of the previously-observed
macroscopic behaviours.

In the following section, we use the analysis methods described in
Section 2.6.2 to provide both Lagrangian and Eulerian data providing
insight – both direct and indirect – into the mixing dynamics of our
incline blender system, and their variation with key system parameters.

3.1. Traversal classification

Table 1 (and Fig. 6 graphically) show, for each combination of
blade rotation rate and mixing blade number explored, the percentage
of recorded trajectories classified as ‘centrifuging’, ‘axial traversal’ or
‘random motion’ based on the criteria described in Section 2.6.2. As
noted previously, random motion is expected to be desirable in terms
of mixing, while both axial traversal and centrifuging trajectories,
which limit transport in one or more directions, are expected to be
detrimental. Classified example trajectories can be seen in Fig. 7

As one may intuitively expect, there is a clear positive correlation
between the percentage of centrifuging trajectories and the blade RPM,
and thus the Froude number, which for our purposes we define as:

Fr = !
2
R

g
(3)

Fig. 6. Graphical Representation of Table 1 discussed in Section 3.1.

where ! is the blade rotation rate in radians per second, and R is
a relevant length-scale, here the radial length of a blade — i.e. the
distance from the centre axis of the system to the tip of a given blade.

Interestingly, at equivalent blade rotation rates, the percentage of
centrifugal trajectories is significantly reduced for the 16H case as com-
pared to the 8H case, strongly suggesting that the presence of (more)
mixing blades acts to suppress this undesirable transport modality.

The relationship between the system parameters and the recorded
number of axial traversal-type trajectories is less clear-cut. For an 8H
configuration, the data emphatically show that a low rotation rate
produces a large number of such trajectories; and that this number is
significantly reduced at higher rotation rates. However, this positive
reduction is more than outweighed by the substantial increase in cen-
trifugal trajectories. For the 16H case, the number of axial trajectories
remains constant, to within experimental error margins, for all RPM
tested.

Finally, if we consider the prevalence of (desirable) ‘random’ trajec-
tories, we see immediately that an increased number of mixing blades
is preferable, with the overall fraction of such trajectories higher for
all 16H cases than for either 8H case explored. Within the 16H cases,
there appears to be a weak negative correlation between blade RPM and
the percentage of ‘good’ trajectories. As such, based on considerations
of mixing alone, a lower RPM seems desirable. However, considering
the comparatively weak relationship observed, when considering also
throughput, a faster rotation rate may in fact be desirable.

3.2. Lagrangian micromixing

As described in Section 2.6.2, the Lagrangian Micromixing metric
provides information regarding the overall strength of micromixing,
illustrated by the mean ‘Deviation’ values presented in Fig. 8, as
well as the uniformity with which mixing is achieved across different
regions of the system, illustrated by the standard deviation thereof.
As such, strong and consistent mixing is represented in Fig. 8 by
a large mean with a wide distribution. This method would be cat-
egorised as a distance-based method within Bhalode and Ierapetri-
tou’s review on continuous solid-based mixing indices (Bhalode and
Ierapetritou, 2020); which comprehensively showcases a plethora of
useful comparable mixing indices across a range of publications.

The data presented in Fig. 8 strongly indicate that the 375 RPM,
16H case provides both the strongest and most uniform micromixing,
showing also – as one may intuitively expect – an increase in the
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Fig. 7. Example tracers plotted in 3D (with units mm), where each trace is labelled
by its corresponding classification, RPM and blade configuration. While the colour bar
indicates the time in seconds.

micromixing parameter within and immediately adjacent to the mixing
blade zone (MBZ). Curiously, this uptick in micromixing within the
MBZ is not clearly observable within the other data sets. From the
figure, we see also that the poorest mixing performance is observed
for the 150 RPM, 8H case.

The system with the greater number of mixing blades and the
highest RPM (i.e. more energy imparted to the system) results in the
highest value for the micromixing parameter (an indication of the speed
at which particles are expected to diverge from one another), while
that with the fewer blades and the lowest RPM yields the lowest value,
again makes physical sense on a fundamental level. The existence of a
correlation between RPM and the micromixing of particles has been
previously demonstrated (for a horizontal system) by the numerical
simulations of Sarkar & Wassgren 2009 (Sarkar and Wassgren, 2009),
who investigated the variation of a dimensionless radial-plane disper-
sion index as a function of the Froude number and mixer volume-fill.
For lower (< 0.5) fill fractions, a positive correlation was observed
between the dispersive index and the blade revolution rate, though at
higher fill levels the inverse was observed. As, due to the relatively
low feed-rate of our system, a comparatively low average fill height
was achieved in our systems, our results are broadly in line with the
expectations of this prior work.

Furthermore, by abstracting Sarkar & Wassgren’s (Sarkar and Wass-
gren, 2009) findings for this inclined system (compared to their hori-
zontal system), it would be sensible to map this similar behaviour to
the blender — i.e. considering an environment in which the fill level

Fig. 8. Lagrangian micro mixing along the axis between: Point 1, 220 mm and Point
2, 420 mm. The Mixing Blade Zone (MBZ) starts at 310 mm and 390 mm for the 16H
and 8H configurations respectively.

(and therefore, the radial-plane dispersion) would vary down the length
of the barrel. By Sarkar & Wassgren’s (Sarkar and Wassgren, 2009)
measures, the 8H at 375 RPM should show the greatest radial-plane
dispersion index and therefore the greatest mixing performance, as it
would have the lowest fill with the highest Froude.

Conversely, the results of Van Snick et al. (2017) – who use a
blender with the same geometry as this study – show that configura-
tions with fewer mixing blades and thus lower residence mass provide
poorer mixing outcomes than configurations which hold greater resi-
dence mass. The results from the lagrangian micromixing (Fig. 8) align
well with Van Snick et al.’s findings — but also suggest that there is
further complexity associated with the interaction between fill level
(residence mass) and Froude number RPM. It should be noted the
differences in inclination between the two studies (0˝ and +15˝, from
the horizontal respectively), however, the pure comparison between fill
level and RPM on the dispersion performance, contradict one another.
Highlighting the fact that the underpinning behaviour is still poorly
understood. Employing methodologies like the lagrangian micro mixing
help elucidate both the local behaviour and regional behaviour along
the length of the barrel — effectively describing radial dispersion as a
function of conditions experienced along the axial length.

3.3. Auto-correlation

The autocorrelation functions presented in Fig. 9 illustrate the
rate at which the radial positions of particles become decorrelated
from their initial values as a function of the distance, x, travelled
along the blender axis. A value of Cr(x) = 0 thus indicates chaotic,
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Fig. 9. Auto-Correlation (C
r
(x)) of the [y, z] radial plane as a function of [x] the axis

length. Detailing predictability of the radial position along the barrel. AC = 0 shows
no predictability between the radial and axial plane, suggesting a high level of radial
dispersion. N is the number of traces in the AC calculation, and therefore an indicator
of confidence.

history-independent behaviour (Baxter and Olafsen, 2007), making it a
valuable proxy measurement for mixing.

For all cases investigated, we see a general decrease in Cr(x) as the
distance from the inlet increases, indicating an increase in mixing. For
the 16H cases in particular, we note that Cr(x) decreases to approxi-
mately zero within the mixing blade zone, indicating the presence of
strong, chaotic mixing in this region — as one may inherently expect.

Cross-comparison of the autocorrelation data shown in Fig. 9 with
the residence time profiles presented in Fig. 10 shows that this be-
haviour coincides with a distinct peak in occupancy indicative of a
‘pile-up’ of material at the interface between the ‘push-blade’ zone
and the mixing blade zone which is not present in the other data
sets. The presence of this additional mass hold-up suggests a region
of back-mixing or ‘folding’ as the fast-moving particles from the push-
blade region meet the slower-moving MBZ, thus creating in essence an
extended ‘effective mixing region’.

The ’folding region’ is shown by the 16H blade configuration at
300RPM and 375RPM, identified by the combination of key ‘signatures’
in both the autocorrelation (AC)(Fig. 9) and the spatial residence time
(Fig. 10) at axial length 290 mm. Specifically, in the presence of a fold-
ing region we expect a sharp drop in the radial correlation combined
with a significant increase in hold-up before the mixing blade interface.
The simultaneous expression of these describes a behaviour where axial
transport is converted into the radially promoted section, resulting in
the powder now undergoing an increase in dispersive radial mixing,
but also an increase in the probability that the powder will slip back
down the barrel, providing also a remixing effect in the axial direction,
mimicking the behaviour in a rotating tumbler (Morrison et al., 2016).
The tumbling and reconstitution of powder within a rotating-drum
mixer, or indeed the convective remixing inside a bubbling fluidised
bed, are both known for their ability to promote both micro- and macro-
mixing (Werner et al., 2023) and, as such, we may reasonably expect
a similar effect here.

In the case of the 225 RPM, 16H system, this ‘folding region’ is
seemingly absent, likely due to a reduced differential in the transport
rate between the push-blade and mixing-blade zones at lower RPM. In
this instance, Cr(x) does not reach 0 until well within the MBZ. Such a
zone is also absent from both 8H cases.

Unlike the 16H cases, which show a generally monotonic decrease
in Cr(x) with x, the 8H data sets – in particular the 375 RPM, 8H
case – show an autocorrelation function which oscillates on a relatively
large length scale, indicating that the particles – or at least a subset
thereof – retain some degree of ‘memory’ of their initial conditions
even after they have travelled a significant distance through the sys-
tem (Campbell, 1997). This observation ties in well with our earlier
finding (Section 3.1) that the 150 RPM, 8H and 375 RPM, 8H cases
elicit, respectively, a large number of axial traversal and centrifuging
trajectory modes.

Finally, it is worth noting that calculating the autocorrelations both
for a constant initial position with varying lag (as presented in Fig. 9)
and constant lag with varied initial position showed similar results,
indicating the robustness of our observations.

3.4. Axial spatial residence time distribution

The spatial residence time profiles presented in Fig. 10 illustrate the
relative fraction of time spent by tracers, on average, within different
axial regions of the system. We have already described, in Section 3.3,
the tendency of the higher-RPM, 16H to produce a hold-up region at
the interface of the push-blade and mixing zones, and the absence of
such a region in the lower-RPM case.

In the 8H cases studied, no hold-up region is observed for either
blade rotation rate, and – unlike the 16H cases – the difference in
residence between the push-blade zone and mixing-blade zone is stark,
in particular for the 375 RPM case, where the minimal occupancy in the
former region indicates an extremely rapid transit therein. This obser-
vation once again ties in well with previous observations (Sections 3.1
and 3.3) suggesting a tendency for tracers to take a direct path through
the system (either axially or centrifugally) rather than experiencing any
significant back-mixing.

We expect these distributions to change significantly, depending on
the bulk material’s characteristics and processing conditions. Moreover,
it would be interesting to investigate whether the spatial residence time
distribution remains the same for materials operating with equal strain;
where strain is described as the number of blade passes multiplied by
the mean residence time. If true, it would show evidence of mixing
being influenced by regime-like behaviour within the blender — which
may be a parameter to optimise.

4. Conclusion

In this study, we have used positron emission particle tracking
(PEPT) to investigate the underpinning particle-level (microscopic)
behaviours of a simple pharmaceutical powder in a commercial-scale
incline linear blender. Data are obtained for a variety of blade rotation
rates and two distinct blade configurations, including either 8 or 16
‘mixing blades’ (oriented, as their name implies, to encourage mixing)
with the remainder of the system occupied by ‘push blades’ (oriented
to encourage transport).

Leveraging the unique capabilities of PEPT to extract Lagrangian
information from particulate systems with high temporal and spatial
resolution, we have developed a series of novel metrics to probe and
quantify the powder’s dynamic response to differing process parameters
in an incline linear blender.

Firstly, we have developed a set of algorithms through which the
trajectories of particles through the system may be classified as either
‘random motion’ (desirable for mixing) or ‘centrifuging’ or ‘axial’ mo-
tion (less desirable). Knowledge of the existence of these less-desirable
modes, not previously been documented in the literature, may prove
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Fig. 10. Spatial Residence Time plots, normalised by the area under the graph, for the various speeds and their given blade configuration. The region of interest for the calculation
spans between 220 mm to 420 mm. A black dashed line denotes the Mixing Blade Zone and corresponds to where the mixing zone starts along the axial length (mm), the zones
start at 310 mm and 390 mm for the 16H and 8H respectively. To remove any erroneous tracers, a filter was applied to the calculation excluding points which had; traces shorter
than 200 mm, min velocity of 0.01 m/s, max velocity of 3 m/s, and points with relative error >95th percentile.

valuable to industrial users of continuous blenders, who will naturally
want to avoid the process conditions which give rise to them.

Our results show that the ‘8H’ systems – those possessing a lower
number of mixing blades – exhibited a larger number of less-desirable
transit modes than the ‘16H’ systems, with a shift from axial to cen-
trifuging motion as the blade rotation rate is increased. For the 16
mixing blade case, we observed a similar increase in the percentage
of centrifugal trajectories, though this apparent shift is less statistically
significant.

Secondly, we have introduced a ‘Lagrangian Micromixing’ metric,
similar in interpretation to the more conventional ‘dispersion’ metric
used in prior PEPT studies (Martin et al., 2007; Windows-Yule et al.,
2020) but capable of handling sparse, discontinuous data in rotating
reference frames. The data obtained using this metric suggest that the
16 mixing blade system at the highest test blade rotation rate exhibited
the strongest (micro)mixing conditions, with the 8H case at the lowest
RPM producing the weakest (micro)mixing conditions.

Finally, we have developed a generalisable PEPT auto-correlation
function suitable for continuous systems. As the autocorrelation func-
tion employed can be meaningfully interpreted as a measure of order
and thus, by definition, an indicator of the presence of chaos, it
provides another valuable predictor of mixing. This parameter once
again indicates that improved mixing conditions may be achieved with
more mixing blades and at a higher RPM. These data, combined with
additional data in the form of spatial residence time distributions, show
the existence of a high-hold-up ‘folding region’ at the interface of the
push-blade and mixing blade regions, creating in essence an extended
mixing zone. This folding region is observed only for the 16-blade
configuration at relatively high (¿300 RPM) blade rotation rates.

Overall, our results suggest that – for the range of parameters tested
– improved mixing conditions may be achieved for the combination of
more mixing blades and higher RPM. The positive influence of high
blade rotation rate in particular is a potentially pleasing finding for the
field, as it reduces the need for a compromise between mixing quality
and throughput. Nonetheless, these data were acquired only using a
comparatively simple, non-cohesive powder, and a relatively low feed
rate and (thus) fill fraction. Further work should be performed using
additional materials and feed rates in order to assess the generality of
our results.

It is important to keep in mind that more mixing or improved
mixing conditions may not always have a positive effect. In the case
of powder lubrication with, for example, magnesium stearate, over-
zealous mixing may lead to over-lubricated tablets; which then result
in reduced tablet tensile strength (Mosig and Kleinebudde, 2015) and
slower disintegration/dissolution rates (Nickerson et al., 2018). There-
fore, processing parameters like the 8H (at high speed) may be better
suited for a given formulation and specific use case.

In addition to the information gained directly from our results, the
detailed, three-dimensional data obtained provide a valuable calibra-
tion/validation data set for future DEM models of continuous blender
systems (Windows-Yule and Neveu, 2022).
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A B S T R A C T

Utilising three artificial intelligence (AI)/machine learning (ML) tools, this study explores the prediction of
fill level in inclined linear blenders at steady state by mapping a wide range of bulk powder characteristics
to processing parameters. Predicting fill levels enables the calculation of blade passes (strain), known
from existing literature to enhance content uniformity. We present and train three AI/ML models, each
demonstrating unique predictive capabilities for fill level. These models collectively identify the following
rank order of feature importance: RPM, Mixing Blade Region (MB) size, Wall Friction Angle (WFA), and Feed
Rate (FR). Random Forest Regression, a machine learning algorithm that constructs a multitude of decision
trees at training time and outputs the mode of the classes (classification) or mean prediction (regression) of the
individual trees, develops a series of individually useful decision trees. but also allows the extraction of logic
and breakpoints within the data. A novel tool which utilises smart optimisation and symbolic regression to
model complex systems into simple, closed-form equations, is used to build an accurate reduced-order model.
Finally, an Artificial Neural Network (ANN), though less interrogable emerges as the most accurate fill level
predictor, with an r

2 value of 0.97. Following training on single-component mixtures, the models are tested
with a four-component powdered paracetamol formulation, mimicking an existing commercial drug product.
The ANN predicts the fill level of this formulation at three RPMs (250, 350 and 450) with a mean absolute error
of 1.4%. Ultimately, the modelling tools showcase a framework to better understand the interaction between
process and formulation. The result of this allows for a first-time-right approach for formulation development
whilst gaining process understanding from fewer experiments. Resulting in the ability to approach risk during
product development whilst gaining a greater holistic understanding of the processing environment of the
desired formulation.

1. Introduction

A significant volume of research on continuous powder blend-
ing has focused on understanding how processing parameters affect
performance using metrics such as residence time distributions and
dispersion. Vanarase and Muzzio (2011), Vanarase et al. (2013), Hol-
man et al. (2021), Van Snick et al. (2017), Hurley et al. (2022), while
other – typically simulation-based – studied have demonstrated the
differences that particle properties have on processing efficacy (Gao
et al., 2011, 2012b,a; Sarkar and Wassgren, 2009, 2010; Toson et al.,
2018). However, there is little work mapping physical experimental
bulk powder characteristics to processing conditions in the blender.
The only research done to the researchers’ knowledge lay with that
of Bekaert et al. (2022a,b), who investigated blend properties in a
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horizontal blender and the development of an empirical predictive
model in an incline blender.

With the advent of readily-available, open-source Artificial Intelli-
gence and Machine Learning tools, this study looks to leverage these
methodologies to propose a novel framework to approach new pharma-
ceutical development projects. These methods allow the de-convolution
of material properties and processing parameters by mapping process-
ing outcomes to powder characteristics and processing parameters.
This, in turn, allows for the prediction of key process outputs, such as
the fill level within the blender and (thus) the strain experienced by the
formulation, which has been shown to be a good predictor for blending
performance (Vanarase and Muzzio, 2011; Jones-salkey et al., 2023a;
Bekaert et al., 2022a).
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Fig. 1. The above figure graphically describes the Experimental Set-Up, Blade Arrangement, and Impeller configuration used for the experiments.

The utilisation of the three different models in the study ideally
highlights the individual strengths of using each of the specific mod-
elling methods. Random Forest Regression (RFR) can ‘pull the logic’
from the data by providing insights into feature importance and param-
eter relationships. Individual ‘trees’ extracted from the model may also
provide useful guidance to system operators. PyTorch’s Artificial Neural
Networks (ANN), on the other hand, fit highly complex non-linear
functions to the data to enable accurate and reliable predictions of the
data surface, though are somewhat more of a ‘black box’, offering only
limited physical insight regarding the outputs they produce. Finally,
we use M

2
E

3
D, a tool that utilises evolutionary AI and symbolic re-

gression to transform complex systems into simple equations (Nicusan
and Windows-Yule, 2022a,b); the methodology of the tool is discussed
further in Section 4.5 and accessible on GitHub: https://github.com/
uob-positron-imaging-centre/MED.

Ultimately, by using these tools, this study unveils a correlation
between fill level and optimum strain, which holds true for varied
processing and material properties. The discussion focuses on how
this relation develops by relating it to current literature and explor-
ing space–time optimisation and optimum Peclet Numbers in specific
regime-like behaviour. The study then discusses the use of such tools
in an industrial setting by touching on how best to use this map-
ping ability to inform decisions to mitigate risk whilst navigating the
complexities of drug project development.

2. Equipment

2.1. Prototype GEA, CDB-1, Linear Blender

A prototype of the commercially available GEA CDB-1 Linear Blender
(GEA, Dusseldorf, Germany) was used for these experiments. The
blender, made of stainless steel (316L), has an internal radius of 59 mm
and a volume of 8.2L at a 15˝ incline to the horizontal. The equipment
is driven by a motor paired with a proximity sensor (to measure
the rotation of the impeller’s shaft) and feed-back controlled variable
frequency drive — allowing RPM to be set and maintained.

The shaft of the mixer has 28 removable collars each with two pad-
dle blades the orientations of which can be adjusted from 0˝ (parallel
to shaft axis) to 90˝ (orthogonal to shaft). Resulting in the ability, with
the adjustable paddle blades, to simply change the angle and position
of the collars to create a blade configuration. In this study, the ‘number
of mixing blades’ refers to the helical organisation of 90˝ (to the axis)
radial mixing blades from the centre of the mixer out towards the ends
of the blender. In effect, the mixing blades are aligned in a helix along
the shaft with 60˝ rotation between adjacent collars; thus increasing
the number of mixing blades increases the size of the mixing zone.
Ultimately, allowing the categorical variable (of a set configuration)
to be considered continuous (as the number of blades varies the size

of the mixing zone). The remaining blades in the configuration are
aligned in transport orientation, at 45˝ to the axis. Fig. 1 displays these
orientations and their positions in the configurations investigated; 8
mixing blades (8H) and 16 mixing blades (16H). These configurations
are the same as the two configurations used in the PEPT study reported
by Jones-salkey et al. (2023b).

Each blade configuration is examined across five blender speeds:
150 rpm, 225 rpm, 300 rpm, 375 rpm and 450 rpm. This choice allows
the investigation across the full range of relevant blending speeds, ex-
hibited by the CDB-1. Palmer et al. (2020) investigated in increments of
150 rpm, demonstrating a significant difference in mixing performance.
In this work, we have reduced the increments to 75 rpm to provide
better resolution and more reliable model fitting. Each configuration
runs every material at 10 kg/h and 20 kg/h feed rate. Additionally,
3 materials (which are very commonly used filler excipients) run at
26.25 kg/h and 50 kg/h.

2.2. GEA, Compact Powder Feeder

The powder is fed to the blender using a Loss-In-Weight (LIW)
GEA Compact Feeder (GEA, Dusseldorf, Germany). The LIW feeder
holds roughly 2L of material and can operate in gravimetric (constant
mass/time) and volumetric (constant screw speed, effectively constant
volume/time) modes. Furthermore, the feeder is accompanied by a
combination of a top-up ball valve, with varying volume inserts, and
a 10L chute facilitating automatic system refills.

Gravimetric feeding operates by controlling screw speed to maintain
a constant mass/time. Thus, a target feed rate can be maintained in
the presence of powder flow disturbances, which may occur due to
transient disturbances within the hopper or during powder transfer
into the conveying screw volume. Therefore, gravimetric operation
should be prioritised and the system’s mechanical components should
be configured to comfortably achieve the desired mass/time setpoint.

The calibration for the feeder is discussed in the following method
Section 4.1. The calibration allows for each experiment to have the
highest gravimetric feeding up-time, meaning the feeding of each pow-
der is as accurate and reliable as possible.

2.3. Mettler Toledo, Catch Scale

The XS64000LX Mettler Toledo Balance (Mettler Toledo, Greifensee,
Switzerland) was used to monitor the mass flow rate at the blender’s
outlet, recording mass (g) over time (s). Real-time response from the
catch scale is used to monitor the mass flow rate from the outlet to
ensure the system is operating at steady-state and to determine the
residence mass at the end of the run. The scale is linked to Mettler
Toledo’s LabX software which records the mass at a frequency of 2 Hz,
saving it to an output file. The position of the balance, relative to the
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Table 1
Characterisation results for the ten materials and the surrogate formulation.
#) Material Grade Abbreviation Basic Flowability Energy (BFE) [mJ] Bulk Density [kg/L] WFA @ 2 kPa, 0.4Ra 1/FFC @ 2 kPa d10 [�m] d50 [�m] d90 [�m]

(1) MCC Avicel PH-101 PH101 202 0.35 13.4 0.26 26.3 69.4 142
(2) MCC Avicel PH-102 PH102 191 0.35 15.2 0.15 33.1 113 240
(3) MCC Avicel PH-105 PH105 81.9 0.37 49.4 0.47 7 21 49
(4) MCC Vivapur 350 VP350 124 0.86 3.87 0.01 377 432 509
(5) Lactose Pharmatose 110M P110M 119 0.73 10.2 0.14 78.9 153 219
(6) Lactose Pharmatose 200M P200M 128 0.60 44.5 0.31 21.8 57.8 122
(7) Lactose Pharmatose 450M P450M 100 0.47 11.4 0.63 3 21 56
(8) Lactose Lactose FF316 316FF 274 0.61 36.5 0.08 39.8 92.9 173
(9) Mannitol Pearlitol 200SD PT200SD 297 0.54 14.5 0.03 40.3 143 238
(10) DCPA DCPA A-Tab ATAB 253 0.74 16.3 0.02 48.2 168 305
(F) Formulation Surrogate – 242 0.58 11.6 0.12 23 123 257

system, can be seen in Fig. 1. The fill level is then calculated from the
residence mass and the bulk density of that powder, the calculation is
discussed in the following Section 4.3.1.

3. Materials & characterisation

3.1. Material list

Nine commonly used commercial excipients were used in this study,
comprising: Avicel PH-101, Microcrystalline Cellulose, abbreviated
to ‘PH-101’ (DuPont, Cork, Ireland), Avicel PH-102, Microcrystalline
Cellulose, abbreviated to ‘PH-102’ (DuPont, Cork, Ireland), Avicel
PH-105, Microcrystalline Cellulose, abbreviated to ‘PH-105’ (DuPont,
Cork, Ireland), Vivapur 350, Microcrystalline Cellulose, abbreviated
to ‘VP350’ (JRS Pharma, Rosenberg, Germany), Fast Flo 316, Lactose
Monohydrate, abbreviated to ‘FF316’ (Kerry, Tralee, Ireland), Phar-
matose 110M, Lactose Monohydrate, abbreviated to ‘PH110M’ (DFE
Pharma, Veghel, Holland), Pharmatose 200M, Lactose Monohydrate,
abbreviated to ‘PH200M’ (DFE Pharma, Veghel, Holland), Pharmatose
450M, Lactose Monohydrate, abbreviated to ‘PH450M’ (DFE Pharma,
Veghel, Holland), A-Tab, Dicalcium Phosphate Anhydrous, abbreviated
to ‘A-Tab’ (Innophos, New Jersey, USA), and Pearlitol 200SD, Mannitol,
abbreviated to ‘PT200SD’ (Roquette, Lestrem, France). In addition,
the formulation utilises two additional materials: Powdered Paraceta-
mol, abbreviated to ‘pAPAP’ (Mallinckrodt, USA) and Gycolys, Sodium
starch glycolate (SSG), abbreviated to ‘Gycolys’ (Roquette, Lestrem,
France). Furthermore, the drug surrogate formulation (F) in Table 1, is
made up of 4 materials at the following weight percentages: Powdered
Paracetamol (27% w/w), Avicel PH-102 (41% w/w), DCPA A-TAB (27%
w/w), and Glycolys (5% w/w).

The materials list was selected according to use in commercial
formulations and their relation to one another, with the intention
of filling the characterisation space occupied by typical formulations.
The first step was to select the more common formulation materials
(i.e. PH102, 316FF and P200M), which had innately different material
properties. Secondly, alternative grades of the same material were
selected to evaluate the differences between the grades, allowing us
to evaluate the effect of particle size distribution on both bulk char-
acteristics and ultimate process outcomes. Lastly, after evaluating the
characterisation space, additional materials were selected that either
filled the characterisation spaces (e.g. PT200SD), provided an extreme
value (e.g. VP350), or would be considered a good filler excipient for
CDC formulations (e.g. ATAB), resulting in the final material list for the
experiments.

3.2. Material characterisation & methods

The powders in Section 3.1 were subjected to a series of powder
characterisation tests to determine intrinsic properties and flow be-
haviour. These are described below and the results are given in Table 1.
All characterisation measurements were repeated in triplicate, from
which the mean value is used.

Basic Flowability Energy (BFE) was measured using the Freeman
FT4 Powder Rheometer (FT4, Freeman Technology, Tewkesbury, UK).

BFE is, effectively, a measure describing the energy required for a
stainless steel blade to initiate and sustain the bulk flow of a powder.
Powders in the FT4 rheometer are exposed to a comparatively similar
form of excitation to those in the CDB-1, suggesting that this measure-
ment method may provide useful predictors of the powders’ behaviours
in the blender. For more information on the measurement technique
see Freeman (2007) and for evaluation of the dynamics within the
environment see Hare et al. (2015). In the present work, each powder
went under four conditioning cycles and four test cycles.

Bulk density was measured using a 50 ml glass measuring cylinder
and scale, where the powder was loosely deposited into the cylinder
amounting to the maximum (50 ml) line. The powder mass is recorded
and the bulk density is calculated (weight/volume). The samples were
prepped by shaking the 250 ml holding vessel, ensuring the powder
was not consolidated prior to pouring the powder into the measuring
cylinder. Pouring the powder from the holding vessel, the cylinder
is then filled to the measuring cylinder’s 50 ml volume mark, the
mass is recorded and used to calculate the bulk density. After each
measurement, the powder was returned to the holding vessel before
shaking the powder and taking another measurement. Furthermore,
there was no manual intervention, agitation or extraction of powder
while filling the cylinder — if the volume was not correctly poured the
first time, the measurement was removed and repeated. Lastly, the bulk
densities were all measured at the same time, negating the influence of
humidity when comparing the results to one another.

Flow Function Coefficient (FFC, (using a consolidation pressure
of 2 kPa) and Wall Friction Angle (WFA (0.4 Ra @ 2 kPa)) are
two measurements describing powder cohesion and powder adhesion,
respectively, characterised using the Schulze Ring Shear Tester (Dr.
Dietmar Schulze, Wittenburg, Germany). For additional information
on FFC and WFA see both Schwedes and Schulze (1990) and Schulze
and Schulze (2021). Additionally, the FFC values were transformed
into their reciprocal to linearise the measurement sensitivity. This is
because it is difficult to discern differences between high values of FFC
compared to low values of FFC.

Particle Size Distribution (PSD) was obtained from dynamic im-
age analysis using the QICPIC Rodos (Sympatec GmbH, Clausthal-
Zellerfeld, Germany), resulting in d10, d50 and d90 measurements. The
Rodos powder disperser was set to 0.6 bar pressure and the M5 lens was
used for all measurements.

It shows that the materials demonstrate a wide range of material
properties (seen in Table 1), spanning those that would be appropri-
ate for a typical pharmaceutical formulation (Megarry et al., 2019),
offering a variation of suitably significant magnitude to successfully
monitor their impact. The BFE can be varied from 81.9 to 297.2 mJ;
Bulk Density from 0.346 to 0.86 kg/L; WFA from 3.87 to 49.4˝; 1/FFC
from 0.01 to 0.47; d10 from 3 to 367 �m; d50 from 21 to 432 �m; d90
from 49 to 509 �m.

VP350 has the highest bulk density, FFC and particle size dis-
tribution, and lowest WFA, whereas, Avicel PH-105 has the lowest
BFE, lowest bulk density, and smallest particle size distribution, with
the highest WFA. This is a rather striking result since both of these
materials are different grades of the same material (MCC).

The characterisation techniques used in this study were selected
based on their fulfilment of one or more of the following criteria:
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Fig. 2. Three example feed factor profiles, showcasing the profiles for the three different grades of the same material, Avicel (MCC). Error bars indicate the range of values from
the duplicate/triplicate calibration runs (indicated by n = in the graph’s title). The red dashed lines indicate the feed factor at which the top-up occurred. The following windows
were used for the three powders: FF1 to FF4 (0.8L top-up) for Avicel 101, FF2 to FF6 (0.8L top-up) for Avicel 102, and FF4 to FF6 (0.4L top-up) for Avicel 105.

First, they closely resemble the processing environment — for example,
the basic flowability energy, BFE, which directly involves the motion
of a rotating impeller through a non-compacted particulate medium.
Second, they are extensively used in literature to describe a particular
behaviour — for example the FFC, which is widely considered to be
an accurate measurement technique for quantifying powder cohesion.
Third, they are simple and/or widely accessible measurements that
succinctly detail bulk powder behaviour, such as bulk density. Fur-
thermore, the fewer measurement techniques used for an accurate
prediction, the lower the number of material characterisation exper-
iments required to make a prediction; as such, we have deliberately
chosen parameters which encode a considerable amount of informa-
tion about the system into a single parameter. The result is a set of
measurements which can be performed with relative speed and ease,
and require minimal use of proprietary equipment.

It is finally worth briefly noting that while for the comparatively
free-flowing powders and formulations explored here, a simple poured
bulk density measurement is found to be sufficient when exploring
more cohesive powders, it may be wise to instead use the FT4’s condi-
tioned bulk density measurement, so as to ensure a more reproducible
and representative measurement. For our materials, the two were found
to be equivalent for all materials tested.

4. Methods

4.1. Feeder calibration

Before the feeder is used to take a measurement, it must be cali-
brated to ensure the system configuration can accurately dose the de-
sired gravimetric (mass/time) feed rate. Therefore, duplicate/triplicate
calibration runs are used to determine the feed factor profile and the
hopper top-up strategy.

Feed factor is defined as the mass delivered (from the feeder spout)
per screw revolution (g/rev). Due to the differences in the physical
properties of the materials used, the loading of the conveying screw
and behaviour within the hopper will vary with each material, so each
one must be calibrated prior to each investigation.

The feed factor profile is gained through GEA’s calibration method,
which effectively measures the feed factors whilst emptying the hopper
from full with volumetric feeding. The hopper is separated into 10% fill
level intervals (Fn), the mass fill of the hopper is then divided into 10
slices in the vertical direction, and the average feed factor within each
of those intervals is stored against that hopper fill level. The resultant
profile (see Fig. 2) provides insight into the stability of powder dosing,
at constant screw speed, with the expectation that free-flowing powders
will have minimal change in feed factor across the full range of fill
levels. Had a material being discharged suffered from disturbances to
feeding, changes to either the gear ratio or screw type/pitch would
have been tested to ensure a more consistent feed. Fortunately, the
calibration was assessed for all materials and found that the same
gearbox ratio of 63:1 and a pair of conveying screws with a concave
pitch of 10 mm width were appropriate for all tests.

Lastly, the feed factors are also used to define the stable operating
region for the hopper fill level for triggering a hopper top-up event.
This was done by plotting mean feed factors from F9 (full hopper) to F0
(empty hopper) (100% into 10% intervals, respectively) and identifying
the most stable region during discharge. From this, the time and volume
of the top-up event were defined, for each material; this event was to
be initiated during the stable period of the volumetric emptying and
the volume of top-up was selected to be the total volume dispensed
over the identified stable region. This was then validated and optimised
to ensure the automatic refills occurred with the largest proportion of
gravimetric feeding to volumetric feeding. For three different grades of
the same powder, the refill window is indicated by red dashed lines in
Fig. 2.

This methodology ensures that the system operates with the utmost
accuracy and reliability. The stable operating region, describes the
operating window that is most resistant to feeding variance under
volumetric operation, signifying that the feeding is the least sensi-
tive to the fill level within the hopper. This is because the powder
above compresses the powder below, as explained in Engisch and
Muzzio (2015). This means that during a top-up event, when the
feeder switches from gravimetric to volumetric, the feeder will show a
consistent and accurate feed in grams per revolution, which is indicated
by the aforementioned feed factor profile.

4.2. Residence mass (RM) measurements

Residence mass (RM) is defined as the mass of powder within the
blender’s mixing volume during steady-state operation. Several studies
discuss the importance of residence mass for improving the macro
mixing potential of pharmaceutical blenders (Portillo et al., 2007, 2010;
Van Snick et al., 2017). Notably, it is a measurement that can be
directly, and physically gathered, without the use of sensors, detectors,
or imaging devices. Furthermore, RM’s utility is really described by its
sensitivity to other processing parameters and material properties. For
instance, increasing RPM decreases the RM (discussed in Section 5.1)
and allows for the calculation of Mean Residence Time (using Eq. (1)).
The result is a great variable for evaluating mixing due to the coupled
attachment of material, RPM and MRT — two of the three variables are
required to evaluate strain discussed in Section 4.3.2, using Eq. (3).

Mean Residence Time (s) = Residence Mass (g)
Feed Rate (g/s)

(1)

The experiment begins with setting the blender to the desired RPM
for the experiment. Once the blender is at speed, the LabX software
for the catch scale is then set to record the mass (over time) from
the outlet of the blender. Simultaneously, the GEA Compact Feeder
communicates with TwinCAT 2 software (Beckhoff, Henley-on-Thames,
United Kingdom) through tags appropriate for operation e.g. weight
in the hopper, gravimetric mode, and screw speed. After initiating the
recording of data, for both dispensing and receiving through the catch
scale, the feeder is then set to dispense gravimetrically at the desired
setpoint for the experiment.
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Fig. 3. Example of a ‘450 RPM Empty’, where the offset (remaining mass in the
blender) would then be added to the asymptote collected from the curve fitting to
gain the final residence mass at steady state.

The powder is dispensed into the blender via the feeder. Steady state
is then monitored and confirmed when the dispensing mass flow rate
matches the mass flow rate received on the catch scale. While building
mass to steady state, RPM is maintained by the feedback loop from the
proximity sensor and variable frequency drive. Once steady state has
been achieved all processing equipment is stopped simultaneously- and
the residence mass within the blender is measured.

To measure the mass, in the most time-effective manner, the system
is powered up to the fastest speed (450 RPM) with no powder flow
into the system, and the resident mass is captured in the catch scale
— demonstrated using Fig. 3. The result is mass removal which is a
function of the RPM used.

It is known that 450 rpm, with no feeding, would not fully empty the
blender so it was necessary to determine the residual mass. So it was
assumed, and then checked, that this residual mass was independent
of the speed history. Thus the residual mass was collected at the
end of a run of five graduated rpm speeds (150 to 450 RPM) and
treated as an ‘offset’, where it was manually added to the ‘450 RPM
empty’ residence masses. This was done for each of the feed rates and
the blade configurations, despite the minimal difference being seen
between changes in feed rate.

After a ‘‘450 RPM Empty’’ was done, the next RPM, with the same
blade configuration and feed rate could then be done. Given the mass
amounts are time-dependent, in particular the 450 RPM Empty, the
removal of mass over time to the catch scale was recorded and the run
stopped when the mass amount remained stable — see Fig. 3. To ensure
each of these emptying processes was consistent an inverse log curve
was fitted to the ‘450 RPM empty’ residence masses, ensuring we could
gather the mass at t = ÿ. Ultimately, this meant that the residence
mass values saw minor changes (in the order of a few grams), but the
application of the same ‘time-independent’ methodology meant that the
masses collected were consistently gathered.

The response, RM, serves as the backbone of this experiment, how-
ever, the response is best described as fill level (%), which can calcu-
lated from RM using Eq. (2).

Using fill level, instead of residence mass, results in simpler contex-
tualisation when evaluating the powder relative to the blender’s total
volume. Providing a better sense of clarity when comparing different
powders against one another, or considering powder behaviour in
different blender systems/geometries.

In the discussion (Section 6.2) fill level is used, in place of RM, when
evaluating the optimum process parameters to find the ideal regime
behaviour across different materials.

4.3. Calculations

4.3.1. Fill level
Fill level [%], is defined as the percentage volume the powder

occupies within the mixing volume.

Fill Level (%) = (Residence Mass_Bulk Density)
Mixer Volume

(2)

4.3.2. Strain
Strain (!) can be considered as a measure of ‘work done’ to the pow-

der. In the case of a continuous blender, it can be defined as the mean
number of blade passes the powder flux would experience (Vanarase
and Muzzio, 2011).

Strain (!) =
FL ù ⇢ ù vblender

Üm
ù RPM (3)

The influence of the mixing blades is implicitly expressed in this
equation due to how the mixing blades alter the fill volume and thus
the mean residence time of the powder at a steady state. where RPM is
the rotation rate of the agitator in rotations per minute; Üm is the feed
rate in kg_h; FL is the fill level (as a fraction) of the powder at steady
state; vblender is the volume of the blender in m3; and ⇢ is the bulk density
of the powder in kg_m3.

4.4. Predictive modelling

4.4.1. Random forest regression
Despite the numerous insightful findings drawn from various studies

using methods such as Partial Least Squares (PLS), Bekaert et al.
(2022c), Dhondt et al. (2022), Vanarase et al. (2013), Bekaert et al.
(2022a) the method presents a few key constraints. For instance, PLS
is inherently linear and tends to obscure the intricate interplay of
variables behind its principal components. In contrast, Random Forest
Regression (RFR) offers the ability to capture non-linear relationships,
providing a descriptive, ‘logic-like’ portrayal of the variables’ interac-
tion. When the primary focus is comprehending the system from both
a material and processing perspective, it is crucial to understand these
interactions and their resulting sensitivities.

RFR is a machine learning algorithm which combines the predic-
tions of multiple decision trees to produce a more accurate and robust
model. In this context, x represents an individual input data point (or
a set of feature values) for which we want to predict an output, while
y is the actual output or response value corresponding to that input.
Hence, for each instance of x, we are trying to predict its corresponding
y value. This can simply be depicted as multiple trees each making a
prediction for a single x, and then aggregating those predictions to get
Çy(x).
In this formulation, Çy(x) denotes the predicted value for the depen-

dent variable based on the input x, aggregating the insights from all n
decision trees. Mathematically, given n decision trees, the prediction of
RFR for an instance x is given by:

Çy(x) = 1
n

n
…

i=1
Ti(x) (4)

In the context of the equation, Ti(x) represents the prediction of the i
th

tree. Each tree is sculpted using bootstrapped data subsets, a technique
where random samples are drawn with replacements from the original
dataset, allowing some observations to be repeated in each sample. At
every decision point, whether it is a split or a branching, a random
selection of features (variables) is integrated to ensure that the trees are
decor related and there is reduced inter-tree correlation. This inherent
randomness can be observed in both the data samples and feature
subsets. These techniques enhance the model’s generalisation potential,
making it more robust and accurate.

To train the model, the entire dataset was randomly split into a
train:test split of 80:20 (203:51, datapoints respectively) and training
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Fig. 4. Random Forest Regression (RFR) model parameter tuning. Results were ordered from worst (left) to best (right) r2 value, with the secondary axis plotting the assessment
of the residual’s normal distribution using the Shapiro–Wilk Test (SWT)– higher SWT scores indicate a normal distribution. The x-axis shows the combination of the following 5
hyperparameters (in respective order): number of estimators, maximum depth, minimum number of samples to split, minimum number of samples for a leaf and maximum features.

data passed into the tuning stage of modelling. The RFR model was
tuned by training approximately 240 models with different combina-
tions of ‘sensible’ hyperparameter values: the number of estimators,
max depth range, minimum samples to split, minimum samples for
leaf, and maximum features range (for additional information on RFR
see Sci-Kit’s documentation: https://scikit-learn.org/stable/modules/
generated/sklearn.ensemble.RandomForestRegressor.html).

To clarify the function of the aforementioned (RFR) hyperparame-
ters, the following explanation(s) is provided:

• Number of Estimators: Specifies the total number of decision
trees within the forest. Increasing the number of trees can im-
prove the model’s performance, but there is a threshold beyond
which accuracy gains are marginal, trading-off for an increased
computational cost.

• Max Depth Range: Designates the maximum depth or levels
each tree can achieve. Deeper trees can discern more intricate
data relationships but risk overfitting. An optimal depth strikes
a balance between bias and variance.

• Minimum Samples to Split: Specifies the minimum number of
samples required for a decision tree split. Increasing this value
can prevent the model from incorporating small patterns that may
be noise, which serves as a regularisation technique.

• Minimum Samples for Leaf: Specifies the minimum number
of samples required to be at a leaf node (end of tree branch).
Increasing this value, like the prior hyperparameter, can prevent
overfitting and enhance generalisation across training examples.

• Maximum Features Range: During optimal split determination,
the number of features to consider is specified. Random feature
selection for each split promotes tree decorrelation and model
generalisation.

Sensibility – which is applicable to the rest of the study – is defined
as the thought experiments that align the complexity of the model
to the size and complexity of the dataset one is looking to model.
This means that if one has a large and complex dataset, one could
approach it with a complex multi-layered model, with values that will
de-convolute the complexity found within the data. Alternatively, with
a simpler dataset, utilising the same modelling framework or hyperpa-
rameters, one would be at risk of overfitting the data — rendering the
model impractical. Therefore, thought is put into the hyperparameter
selection to ensure the risk of overfitting is minimal, with the tuning
operating at a ‘sensible’ range. The results from the initial ‘sensible’

hyperparameters provide feedback to this initial tuning phase and
through iteration, the model can be refined to generate a suitable and
robust model.

The resultant fitted models were then rank-ordered for r
2 (and

adjusted) and plotted alongside the residual’s frequency distribution,
which is then quantified by the Shapiro–Wilk test (SWT); The Shapiro–
Wilk test (SWT) is a statistical analytical test which checks whether
a sample comes from a normally distributed population. The null
hypothesis (1) assumes that the data is normally distributed, while
the alternative hypothesis (0) assumes otherwise. A normal distribu-
tion would indicate a lesser propensity for the model to under- or
over-predict values, while a narrow distribution indicates lesser error
between the measured and predicted values; both a normal and narrow
distribution are thus desirable.

The final selected model (Fig. 5), which held the following hyper-
parameter values: number of estimators (50), max depth range (4),
minimum samples to split (4), minimum samples for leaf (4), and max-
imum features range (None), possessed a high r-squared value of 0.85
(showing a good fit) whilst demonstrating a good normal distribution of
the residuals (quantified by the SWT, which was 0.97) — see Fig. 4. Any
additional hyperparameters were held at SciKit Learn’s default values.

The RFR model’s performance is shown in Fig. 5, by the Parity Plot
and Feature Importance graph. The Parity plot is the use of the model
to predict the ‘test’ data, which is not used to train the model and shows
a good r

2 fit of 0.848. However, there is considerable spread in places,
leading to higher RMSE values — namely the cluster of points that are
over-predicting at 10% fill. Furthermore, there is greater variability at
the higher fill levels but this is potentially due to increased sparsity of
data points at higher percentages. This sparsity at these higher fills, is
a feature of the experiment, due to RPM highly dominating the system,
irrespective of material or alternative process parameters (discussed in
Section 5.1); the result is a higher number of points around lower fill
levels due to increased RPMs.

The generated data from the full experimental dataset indicates that
most operations should be at or below the 35% fill mark. However,
further experimentation within these higher fill levels, through both
material and process changes (e.g. higher feed rates), would provide the
model with greater reasoning, and therefore, the improved capability
to predict these fills.

The model was intentionally limited, in terms of accurate predictive
capacity, to be able to derive the ‘logic’ from the system. In this
simplified model, only the most important features will be shown, with
the most contrasting changes between turning at each feature. This is
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Fig. 5. Random Forest Regression (RFR) model performance. The top left graph shows a parity plot of the measured vs predicted fill level. Top right, training data (only) k-fold
cross-validation. Bottom left, RFR’s residual histogram. Finally, the bottom right shows the Feature Importance (FI) of each of the parameters on the RFR’s predictive capability,
higher indicates more importance. The error bars show the standard deviation of the FI across the n = 20 generated estimators.

done in contrast to having fewer samples to split and minimum samples
for leaf – which would result in more and longer branches to reach the
answer – giving rise to less granular predictions. Accordingly, these
trees with higher complexity result in a cumbersome tree with many
turns, inevitably resulting in the loss of ‘what factors really matter’.

4.4.2. Artificial Neural Network (PyTorch)
Artificial Neural Networks (ANN or NN) have demonstrated a great

ability to make predictions from data on a wide range of applications.
The following ANN model was developed from the guidance provided
by Goodfellow et al. (2016) comprehensive book on machine learning
(ML); the book covers foundational elements of ML in detail, with
Chapters 5 and 7 playing a pivotal role in this model’s creation.

ANNs function by propagating input data through layers of artificial
neurons. These neurons apply a linear transformation followed by a
non-linear activation function. Mathematically, each layer’s output, h,
is computed as:

h = �(W x + b) (5)

In Eq. (5), � represents the activation function empowering the
model to capture intricate relationships between inputs and outputs.
The term W stands for the weights, which dictate the significance
of each input. The bias b adjusts the neuron’s output, while x is
the input to the neuron. As data is fed into the network, it under-
goes transformations by each layer. The process, known as forward
propagation, continues until the final layer produces the network’s
output or prediction. The connections between neurons, characterised

by the weights and biases, determine the strength and nature of the
relationships the network captures. However, after a single forward
propagation, the network’s predictions may not be accurate. This is
where backpropagation comes into play. Backpropagation is an optimi-
sation algorithm used for minimising the error in the predictions. It
works by computing the gradient of the loss function with respect to
each weight by the chain rule and iteratively adjusting the weights and
biases in the direction that reduces the error. An epoch refers to one
complete forward and backward pass of all the training examples. By
running multiple epochs, the network continues to refine its weights
and biases, aiming to enhance its prediction accuracy over time.

ANNs are complex systems that require iteration to configure and
fine-tune model performance. The following hyperparameters (used for
the model) are detailed and described below:

• Architecture:
This study employs PyTorch to construct an Artificial Neural
Network. Given the dataset’s size, this architecture was chosen
to be relatively simple to prevent overfitting, which occurs when
the model becomes too closely tailored to the training data and
performs poorly on unseen data.

– Input Layer: Comprises 9 nodes, corresponding to the num-
ber of features in the dataset.

– Hidden Layers: Two layers with 41 and 14 nodes respec-
tively. These layers process and transform the input data.

– Output Layer: A single-node layer, providing the final pre-
diction.
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Fig. 6. ANN training and performance: Left, parity plot of the measured vs. predicted fill level percentage. Centre, training and validation losses (in MSE (Mean Squared Error))
of the model vs. the number of epochs. Right, histogram of the residuals (measured-predicted). The relative root mean squared error was 12%.

• Hidden Layer Nodes (Linear): Each node applies a linear trans-
formation to the data, based on the weights and biases. Using
the following equation: h = �(W x + b). These nodes within the
network form the basis of the prediction.

• Activation Function (ReLU): Defined as �(z) = max(0, z). It
introduces non-linearity into the network, allowing the model to
understand and represent complex relationships in the data.

• Dropout Rate (0.0155): A regularisation method where a frac-
tion of neurons are randomly deactivated during each training
iteration. This helps in preventing the model from over-relying
on specific neurons and mitigates overfitting.

• Learning Rate (0.0185): Determines the magnitude of adjust-
ments made to the network’s weights during training. A smaller
learning rate means slower convergence but possibly more precise
outcomes, while a larger rate could speed up the training but risk
overshooting the optimal solution.

• Epochs (500): Refers to the number of times the entire dataset is
presented to the network during training. More epochs can allow
for better learning, up to a point, after which overfitting might
occur.

• Batch Size (32): The number of data samples processed before
the model’s internal parameters are updated. Using batches is
more memory-efficient than using the entire dataset.

• Optimiser (ADAM): An optimisation algorithm that adjusts the
weights of the network. ADAM is known for its adaptive prop-
erties, where individual learning rates are computed for each
parameter.

• Loss Criterion (Mean Squared Error (MSE)): Measures the
squared differences between the predicted and actual values. The
goal during training is to minimise this value.

• Data Normalisation (MinMaxScaler): Transforms features to lie
in a range between 0 and 1. This ensures that no particular feature
dominates the learning process due to its scale, leading to more
balanced and efficient training.

• Other Hyperparameters: Any parameters not explicitly men-
tioned were kept at PyTorch’s default settings to maintain stabil-
ity and general best practices in training.

The Python package OpTuna was utilised to methodically search for
the best combination of two vital parameters: learning rate and dropout
rate. The learning rate determines how quickly the model updates its
weights in response to the calculated error, while the dropout rate is
a technique where certain neurons are randomly ‘‘dropped’’ or deac-
tivated during training to enhance model robustness. OpTuna’s search
spanned across 100 combinations, bounded within 1e*5 to 1e*1 for the
learning rate and 0.0 to 0.5 for the dropout rate. The performance of
the model was gauged through a combination of metrics, visualised in
Fig. 6.

First, a key indicator of a good model includes a steady decrease in
the training and validation loss (centre), indicating that the model is
learning, and a close match between these two loss curves, suggesting
minimal overfitting. The training loss provides a measure of the model’s
error on the data it is actively learning from, effectively the loss seen at
its current epoch. The validation loss measures the error on a separate
subset of data not used during training (unseen data at the current
epoch), offering insights into the model’s ability to generalise to new,
unseen data.

Second, once the model has been trained on the ‘training data’
(80% of the dataset) the model is asked to predict the remaining
‘test’ (20%) data, the result is the parity plot (left) — which further
validates/indicates the model’s ability to predict unseen data. The fit of
the model can be quantified by an RMSE of 2.27 and a high r

2, which
in this case is exceptional with 0.97.

Third, a residual histogram plots the distribution of the actual data
minus the predicted data. A narrow and normal distribution here would
conclude that the model has minimal bias under or over-predicting
across the range of predicted test values. In addition, the frequency
distribution of the residuals is greatly improved compared to the RFR’s.

Lastly, the developed ANN was investigated using SHAP (SHapley
Additive exPlanations) analysis, a method rooted in game theory (Lund-
berg and Lee, 2017); further details and documentation can be found at
https://github.com/slundberg/shap. Effectively SHAP treats each dis-
crete data point as a player and allows the ‘game’ to unfold to determine
which features are the most ‘useful’ for predicting the response variable.
The resultant is a graph (Fig. 7) similar to that found in the RFR’s
Feature Importance (Fig. 5).

The top-performing features match in the same rank order for both
models; highlighting the reliability of these factors in the prediction
of fill level. The remaining features differ in rank order suggesting the
models utilise the remainder of the variables differently. Alternatively,
it suggests that the variables (and/or the differences between them) are
statistically insignificant compared to the important ones.

4.5. Symbolic regression — M
2
E

3
D

Multiphase Materials Exploration via Evolutionary Equation Dis-
covery — or M

2
E

3
D, further abbreviated simply to MED, is a data-

driven tool for discovering analytical equations modelling the un-
derpinning physics or correlations of industrial systems that are too
complex to be modelled from first principles (Nicusan and Windows-
Yule, 2022a,b). The core algorithm ofM2

E
3
D is its symbolic regression

engine, the SymbolicRegression.jl library written in the Julia program-
ming language (Cranmer et al., 2020; Bezanson et al., 2017), which
discovers analytical expressions f mapping given input values X to a
measured output y = f (X); the general algorithmic steps are:
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Fig. 7. ANN SHAP analysis, showing the mean of the modulus SHAP Values. Effec-
tively, the average impact of each of the variables on the output magnitude. This is
then ranked-ordered from the most influential feature to the least. The scale quantifies
the relative importance of the variables.

1. The user selects the operators available to the symbolic re-
gression engine, including common binary operators (addition,
multiplication, etc.) and unary operators (log, sin, etc.) or cus-
tom functions — allowing users to incorporate some domain
knowledge into the equation search, e.g. if the process outputs
are modelled against system geometry, trigonometric functions
might be included.

2. The operators, along with inputs and fitting coefficients are
combined in a tree to form equations (see Fig. 8).

3. The free coefficients are fitted against the measured data y and
the residuals are computed f (X) * y.

4. An evolutionary algorithm is used to minimise both residuals
and equation complexity (the latter measured simply as the
number of branches in the equation tree) - this multi-objective
optimisation problem is necessary to discover sensible, phys-
ical, interpretable equations rather than overfitted chains of
functions.

5. The process of equation generation - fitting - evaluating - evolv-
ing is continued until the best-performing equations at each level
of complexity are found to stabilise (i.e. not change between
generations) - and hence a Pareto front of equation complexity-
accuracy is found.

The main advantages of the technique include:

• Interpretability: the equations found give insight into the un-
derlying physics governing the system, while coefficients bear
physical units which, again, allow physical interpretation of the
correlations found.

• Robustness against noise: as equation complexity is also min-
imised, the most persistent underlying physical terms are identi-
fied, naturally removing measurement noise.

• Requiring few measurements: if the system is governed by
underlying physical laws whose inputs are included in the train-
ing data, identifying them requires O(10) data points, which is
orders of magnitude lower than what surrogate models and neural
networks typically require.

• Ability to solve the inverse problem: oftentimes it is not just
a predictive model that is desired, but the ability to dynamically
change a process input to achieve a fixed output (e.g. fill level);
this is possible by rearranging the equations found and can be
integrated in continuous on-line process control schemes.

• Allowing some degree of extrapolation: unlike virtually all
surrogate modelling approaches, if an underlying physical law is
identified (e.g. Stokes’ law in fluid flow), it can be extrapolated
beyond the input training data range to a point (e.g. in the
previous example, until turbulence becomes significant).

Fig. 8. M
2
E

3
D representation of an example analytical model (bottom right), built as

a tree with its nodes (circles) representing input parameters (purple), constants which
need fitting (green), binary operators (blue) and unary operators (orange).

Fig. 9. M
2
E

3
D Parity Plot, measured vs predicted.

Both the algorithm and the codebase for M2
E

3
D can be found on

GitHub: https://github.com/uob-positron-imaging-centre/MED)
M

2
E

3
D has been trained on the same 80:20 train-test split data as

the other AI/ML methods and produced an equation (Eq. (6)) whose
specific form and interpretation are discussed below. The equation was
then used to predict the test data and produced the parity plot shown in
Fig. 9. It is recognised that there is a single prediction with a negative
fill level, this would be considered erroneous and scrapped (since a
negative fill level is impossible), but displays the potential limitation
of selecting an equation which is not complex enough. M2

E
3
D could

also be told to use different or more complex operators and re-trained,
this may improve the tool’s ability to generate more suitable equations
— for the training of this model, it was limited to binary operators.
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Fig. 10. Correlation Heatmap (*1 to +1) between process parameters, material
properties and response variable (fill level). The colour bar indicates the positive
correlation (+1, Red) and negative correlation (*1, Blue).

5. Results

5.1. General data trends

The correlation between the response and variables (normalised
between +1 and *1) was calculated and plotted as a heat map 10. The
correlations between the response variable, Fill Level, and the other
variables highlight the effect that variables have on the response. For
instance, it shows that RPM is highly negatively correlated with Fill
Level, whereas Mixing Blades are moderately positively correlated with
Fill Level. It is of particular interest how the material properties are
related to the Fill Level — but there are no correlations of a moderate
magnitude that point to a specific characteristic being a significant
influence.

Plotting the fill level against RPM (shown in Fig. 11) produces a
clear, negative linear trend, and in some cases resembles a reverse
Sigmoidal curve. Fig. 11, shows the fill level response against the three
processing parameters: RPM, Mixing Blades, and Feed Rate. As men-
tioned, RPM dominates the system, reducing the fill level, irrespective
of both material properties and mixing blade configuration. A higher
feed rate sees a translation upwards, effectively increasing the fill level

– but not necessarily changing the shape of the curve – this is seen to
have an increased effect for a higher mixing blade configuration (16H).
Perhaps this is due to a decrease in axial transport in the centre of the
mixing volume, and so there is less direct transport of the powder from
the inlet to the outlet. Moreover, increasing the higher mixing blade
configuration, resulted in higher fill levels across the rpm range but
had a lesser effect at higher RPMs — again suggesting RPM is the most
influential parameter on fill level. These observations agree well with
prior experimental and numerical studies (Portillo et al., 2008, 2010;
Vanarase and Muzzio, 2011; Van Snick et al., 2017; Palmer et al., 2020;
Zheng et al., 2022).

5.2. Model: Random forest regression

Evaluating the general data trends with a single material property
provides no significant distinction or correlation. This may be due to
the difficulty of discerning a true pattern with a single bulk characteris-
tic — as it would be considered too granular. Therefore, we can better
understand their behaviour by modelling how these bulk characteristics
interact with other material characteristics or process parameters.

The decision tree (35 of 50), seen in Fig. 12, showcases an example
of the logic output. The tree can be interpreted by moving down
the tree from the initial top node. Each node then passes another if
statement, questioning if the assessed sample possesses values greater
or less than what the node is asking, which will decide the following
node. The final box (called a ‘leaf’) contains the predicted (value) Fill
Level %, for the specific path of logic gates used to reach the leaf.

The results align with Section 5.1, insofar as saying that both RPM
and Mixing Blades show great significance on the final fill level as these
parameters dictate the breadth of the fill levels, sitting at Tier 1 and 2
of the tree. Interestingly, BFE, WFA, d10 and RPM show on the 3rd
tier but these are shown to be dependent on the fill level at this point.
Furthermore, this is reflected in the initial correlation plot (Fig. 10),
meaning that at higher fill levels BFE and WFA are shown to be factors
to make a further distinction on the fill level.

Furthermore, when evaluating the positional importance of a node it
is also important to consider the colour of the node — which highlights
the mean fill level of all samples at the current node. It is shown at
higher fill levels (where motion is likely more frictionally dominated),
particle physical properties influence the prediction, demonstrated by
the position and colour association of BFE, WFA and FFC. Whereas
at lower fill levels (where motion is more likely collisionally domi-
nated) the rotation rate seems to dominate; intuitively described by the
increased influence of processing parameters due to the reduction of
powder volume and the resultant increase in both the frequency and
intensity of particle–wall collision and reduction of particle–particle
contacts.

Fig. 11. Scatter graphs showing the fill level response of the materials used for the experiment with respect to the three processing parameters: RPM, Mixing Blades, and Feedrate
(kg/h).
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Fig. 12. Decision Tree (35 of 50) from the Random Forest Regression Model, with darker colours indicating high Fill Level. Samples refer to the number of data points, and value
is the mean Fill Level for those samples – in percentage (%) – for that node.

5.3. Model: PyTorch ANN feature analysis & contour mapping

The wall friction angle (WFA @ 2 kPa, 0.4 Ra) is shown to be
the material characteristic with the greatest feature importance in
the model, which holds true for both ANN and RFR models. The
practical application of understanding this is formulation adjustment.
Different excipients can be paired with the existing blend or pow-
der, in order to modify the final powder characteristic. The result
of this allows a quality-by-design approach, as the prediction allows
for the understanding of how sensitive a particular property is to
processing parameters. This is especially important when building in
robustness and early mitigation of risks associated with potential batch-
to-batch variation. This operational sensitivity is best shown in Fig. 13,
where the two highest-ranking operational parameters have been plot-
ted against the range of WFA values used to train the model. Thus, the
sensitivity of the material property can be effectively gauged.

The model shows that the effect of WFA on fill level is, generally,
lower at rpms greater than 300 — agreeing with the RFR decision tree
(Fig. 12). At these RPMs, the fill level is lower, typically ranging from
6%–20%, which complements the previous discussion point (from the
previous section) on collision-based bulk motion/mixing. The mixing
blade configuration comes into play by holding up more mass, promot-
ing a higher fill level. This interaction, which promotes more ‘frictional’
mixing, results in a more complex interaction between the WFA and the
discussed process parameters. This is best demonstrated by the change
of shape and colour across the three contour plots.

The application of this knowledge in a practical setting suggests
that: if there were (for example) a perturbation from the feeder and
thus a slight transient change in the formulation’s WFA (due to compo-
sitional change), this combination of parameters would provide greater
confidence that the fill level (and thus the desired process outcome) will
be preserved. This methodology and philosophy build in key quality by
design aspects to harmonise formulation development and operational
robustness.

5.4. Model: M2
E

3
D’s symbolic regression

While ANNs and random forest regressors can be interrogated to
some extent – as has been demonstrated in the preceding sections – they
remain, to some extent ‘black boxes’.M2

E
3
D’s methodology (discussed

in Section 4.5), meanwhile, produces complete, closed-form equations
to describe the behaviours of the systems to which it is applied. For
the present data set, the M

2
E

3
D equation which provided the highest

‘score’ was the following:

Fill Level = 100 ù
H

0.0032 ù Feed Rate * 0.003 ùWFA

* 0.0004 ù d10 + 4.284 ùMixing Blades
RPM

I

(6)

The linear equation can also be viewed as separate terms (seen in
(8)), where the following terms can be used as descriptors for their

Table 2
ANOVA Table for the generated M

2
E

3
D equation (see Eq. (6)) based on the split

terms (See Eq. (7) and Eq. (8)), showing the sum squared variance (sum_sq), degrees
of freedom (df), F-Statistic (F) and P-Statistic (PR(>F)).

sum_sq df F PR(>F)

Term1 0.38 1 7.1e+15 0.00e+00
Term2 0.35 1 6.8e+15 0.00e+00
Term3 0.29 1 6.2e+15 0.00e+00
Term4 2.96 1 2.0e+16 0.00e+00
Residual 0.00 249 nan nan

relation to the fill level. Furthermore, these equation terms can be
evaluated using an ANOVA. To do this, the M

2
E

3
D Equation’s terms

were gathered and fit into an OLS (ordinary least squares) model before
assessing the statistical significance of each of the terms.

The ANOVA results can be found in Table 2. Each term was found to
have significance in predicting fill level, which was expected asM2

E
3
D

ensured that every term was significant. However, by assessing the sum
squared variance of the prediction based on each term’s sensitivity –
quantified as the change in the predicted fill level in response to a
standardised perturbation, such as a 1% or 10% increase from the mean
value of each term – we can determine their relative importance in
predicting fill level. The rank order is as follows: t4 ∏ t1 > t2 > t3.
This indicates that the fourth term is responsible for the largest range
of variability in the prediction. These findings align with the other
modelling (in Sections 5.2 and 5.3) methods as they show RPM and
Mixing Blades to be the most important features for predicting.

‘Predicted = 100 ù (t1 + t2 + t3 + t4)’ (7)

W here :
[Predicted] ô Fill Level
[t1] ô (0.0032 ù Feed Rate)
[t2] ô (*0.003 ùWFA)
[t3] ô (*0.0004 ù d10)

[t4] ô
04.284 ùMixing Blades

RPM

1

(8)

6. Discussion

6.1. Blind formulation validation and model comparison

The described models (Sections 5.2–5.4) have been developed with
the same single excipient data. In this section, we test whether –
despite this considerable limitation in their training data – they can
accurately predict the behaviours of a full pharmaceutical blend. The
same experiments were run using a 4-component blend which served as
a surrogate for a real drug formulation — the active compound of the
campaigned drug is replaced with powdered paracetamol, ensuring the
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Fig. 13. Fill Level Contour Plot Prediction using the ANN as a function of RPM and WFA. The (shared) colour bar indicates the fill level in percentage for the 3 plots. The held
values for the contour plot are as follows: RPM (150–450), MB (8, 12, 16), Feed Rate (22 kg/h), BFE (188 mJ), WFA (5–50), d10 (61 �m), d50 (122 �m), d90 (206 �m), 1/FFC
(0.189).

final characteristics of the surrogate blend remain representative of the
campaign. The surrogate was validated by ensuring the bulk properties
of the surrogate formulation and the true formulation still possessed
similar bulk physical characteristics (notably the bulk density and FFC),
after the proprietary API was switched out. The bulk characteristic
behaviours of this blend were gathered using the same methodology
described in Section 3.1, and included in the final row of Table 1.

The experiments measured the fill level of the surrogate formulation
at 3 speeds (250, 350, 450 rpm) at 15 kg/h feed rate and 16 mixing
blades. The blend’s material characteristics were then measured and
used to predict the fill level. The results can be seen in Fig. 14.
The models were all, to varying degrees of precision, able to predict
the fill level of the blend and the variation thereof with RPM. This
means that, despite the complexity of a multi-component formulation,
there is a correlation between the formulation’s characteristics and the
resultant fill level. This is an important and potentially exciting finding,
as it suggests that the models developed may be used to predict the
behaviours of new formulations with no additional training.

The prediction accuracy ranked the model’s Mean Absolute Error
(MAE) in the following order ANN (1.4), M2

E
3
D (3.7), and then RFR

(4.6). The contour plots between the ANN and M
2
E

3
D are similar,

displaying similar fills in the same areas. ANN and M
2
E

3
D differ in

terms of linearity, M2
E

3
D generally presents a very linear progression

of contours — with tighter packing (of boundaries) in the lower corner
and wider packing at the maximum. ANN showcases complex shapes
and curvature, which has been shown to be advantageous for predic-
tion. RFR, on the other hand, shows almost categorical boundaries.
highlighting that despite the granularity of the model, there are some
key features which allow for reliable fill level prediction. Ultimately,
the following can be said: using each of the predictive methods pro-
vides a trade-off between accuracy and conceptual understanding. By
using all three tools, however, one can achieve both highly accurate
prediction, as well as strong mechanistic insight.

It is finally important to note that data-driven models have the
highest predictive accuracy within the bounds of their training data
— that is to say, while our models show impressive predictive capa-
bilities within the parameter ranges upon which they were trained,
this same level of accuracy cannot be assured outside this parameter
space. Nonetheless, as we conduct more experiments, the model can
be retrained, and the predictive confidence boundary correspondingly
expanded. Furthermore, if the blender used were not fixed in inclina-
tion, it could be another processing variable for the training data. Thus
making it possible to evaluate the mixing conditions across a wide set
of inclinations, improving applicability for other commercial blenders.

6.2. Predicting mixing performance

Strain, determined as the number of blade passes through a given
powder (calculated using Eq. (3)) has been demonstrated to be a strong

predictor of good mixing in several prior publications (Vanarase and
Muzzio, 2011; Portillo et al., 2008; Palmer et al., 2020; Vanarase et al.,
2013; Zheng et al., 2022).

Using the validated ANN, we can input a given blend’s material
properties to calculate the strain from the predicted fill level. The re-
sultant strain values across the range of processing parameters can then
be plotted as a set of surface plots in Fig. 15. The detailed landscape
describes the interaction between the formulation’s properties and the
range of processing parameters in the context of mixing performance.
The surface plots seen in Fig. 15 are generated for the surrogate formu-
lation (detailed in Table 1). The surface plots are then coloured by the
ANN’s prediction of the fill level at those same conditions. The fact that
the model is able to predict the surrogate accurately (demonstrated in
Section 6.1) provides confidence in the surface’s shape and position of
the colours.

It is immediately interesting to note that, irrespective of processing
conditions, the optimum strain seems to consistently be found at or
near a fill level of 1/3. The correlation suggests that the material in
the blender has reached an idealised balance between the RPM and
Mean Residence Time. To speculate on exactly why this occurs; it seems
to suggest that the powder is, at this fill level, exhibiting regime-like
behaviour which promotes ideal mixing conditions.

To better describe the hypothesis of optimum strain occurring
around 1/3 fill level, it is useful to consider similar surrogate systems
which show regime-like behaviour. There are two situations that can
be conceptually related: rotating drums and fluidised beds.

• Rotating Drums utilise a single continuous motion within a batch
vessel to mix the granular media within. Thus, when different
processing conditions are used, the granular media (e.g. powder)
within the drum demonstrate different bulk motion behaviours,
which are described as regimes. Increasing the rotating speed of
the drum, results in a progressive pulling of the granular media
up the side of the drum in the direction of motion, resulting in
regimes labelled as (from low to high RPM) rocking, rolling, cas-
cading, cataracting, and centrifuging (to name a few) (Morrison
et al., 2016). The transitions between these regimes are known
to be affected not only by drum RPM, but also fill level — as
is the mixing achieved thereby Arntz et al. (2008). If mixing
is intended for the media, motions which cause high levels of
granular dispersion (cascading/cataracting) result in improved
mixing. In the context of the incline linear blender, the described
1/3 fill level suggests that this fill may be the balance for adequate
powder volume for the powder to mix into (increasing MRT, and
therefore macro mixing), whilst providing a sufficient mixing rate
(RPM).
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Fig. 14. Parity Plot between the experimental and predicted fill levels. The parity plot shows the three different models predicting the fill level. Each experiment was repeated 3
times, the mean is shown and the bars indicate the range of values (on the x-axis). Each model demonstrates the operating space between the RPM and mixing blades. The three
models are ranked by the MAE (Mean Absolute Error) prediction of the experiment. Subsequently, an example of the design space showing the two most important processing
parameters is plotted for each of the models. The model’s contour plots are indicated by the graph’s title. Furthermore, all contour graphs share the same colour bar and number
of gradient steps (12) between the min and max.

Fig. 15. Surface plots showing the strain by the three processing parameters for the drug surrogate formulation. The continuous parameters (those that can change during operation)
share the same plot as the strain. The colour bar indicates the ANN predicted fill level, the three graphs share the same colour scale — allowing comparison.

• Vibrofluidised Beds utilise mechanical agitation in the form of
vibration to cause an effective reduction in gravity, invoking
fluid-like or even gaseous motion of dicrete solid particles (Rosato
and Windows-Yule, 2020). To achieve this, a certain amount of
agitation (i.e. a suitably high vibration strength) is necessary for

the powder bed to reach fluidisation. Similarly, in the context of
the inclined linear blender, the rpm agitator also has a mechanical
agitation influence. The suggestion for the incline linear blender
is that at a suitably high rpm (Froude Number), the motion of
the impeller causes the powder to reach this fluidised state, in
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which the effects of both gravity and inter-particular cohesion
are sufficiently overcome to markedly reduce the resistance to
inter-particular mixing.

Thus the hypothesis describes the resulting regimen as a combi-
nation of the two situations but in the context of continuous powder
blending, where the powder flux receives enough work through agi-
tation, leading to semi-fluidised behaviour. This overcomes the effects
of gravity and inter-particulate cohesion of the powder, therefore pro-
moting the local displacement and replacement of powder leading to
improved micromixing. When paired with higher ‘H’ mixing blade
configurations (otherwise described as larger mixing zones) there is
an increase in axial slippage, which promotes the similarly described
re-constitutive behaviour as the cascading regime seen with rotating
drums. This, in turn, explains that for a given powder (or formulation),
feed rate and blade configuration there is an optimum rpm, at which
the powder reaches this regime; which coincides with the blender
being 1/3 full. Either side of this apparent optimal fill level leads
into contact-dominated mixing (for higher rpms) or friction-dominated
mixing (lower rpms) — similar to that outlined by Zheng et al. (2022).

However, to attain this regime at a higher strain value- and there-
fore improved mixing, blade configuration is key, as it will manage the
bulk mass — due to its role of promoting both axial and radial trans-
port. In the context of this study, that would be the 16H configuration
(when compared to 8H and 12H), which should, by these standards,
supply adequate transport at the base (inlet), improved ‘slippage’ and
radial dispersion in the mixing region, and lastly enough transport at
the latter part of the barrel to remove sufficiently blended powder.
This is supported further by the ‘folding region’ seen in the Positron
Emission Particle Tracking (PEPT) study of Jones-salkey et al. (2023b)
which describes localised spatial residence time retention of powder in
the former part of the barrel, just prior to the mixing zone.

While it is possible that this is a specific feature of the helical
mixing blade configuration (H) arrangement, the findings implicitly
suggest that alternative blade configurations can form different regime-
like behaviour. Nevertheless, in this instance, it would be sensible to
offer the use of the H-configuration in order to exploit the described
feature. It would be interesting to evaluate alternative configurations,
like those discussed in Van Snick et al. (2017), to see if they present
varied regime-like behaviour; and if not, would the configurations they
describe present different processing sensitivities to those regimes?

To expand upon the insights from Fig. 15, let us examine how the
proposed theory compares with the broader literature on this subject.

Building on the work of Kushner and Schlack (2014), who ex-
plored the scaling of blending powdered lubricant in both bin and
tubular batch blenders, they highlighted a parameter K that could scale
blending across vessel sizes spanning five orders of magnitude, given
a constant Froude number of 0.4. Here, K denotes the ‘amount of
mixing’, which is the product of the ‘number of rotations (r)’, the ‘batch
blender’s characteristic length scale (L)’, and the ‘fraction of headspace
(Fheadspace)’.

K can be broken down into two components: ‘mixing intensity’
(LùFheadspace) and ‘mixing duration’ (r). Specifically, the characteristic
length roughly indicates the mixing region and the headspace gives
the powder room to move, facilitating mixing. These combine to show
the dispersive potential of each rotation. Meanwhile, the number of
rotations conveys the number of times the powder undergoes dispersive
rotations. Fortunately, for batch systems, these two components are de-
coupled, meaning ‘mixing intensity’ can be compensated by increasing
‘mixing duration’, and vice versa.

Transitioning this concept from batch to continuous processes leads
to the formulation of the strain equation (strain = rpm ùmean residence
time), where rpm and mean residence time encapsulate the mixing
intensity and duration, respectively. In continuous systems, however,
since the MRT is a function of RPM (assuming a constant feed rate),
one cannot independently adjust intensity and duration, emphasising
that a balance is required.

Critical to these discussions is the underlying principle that regard-
less of scaling in batch or varied continuous setups primarily depends
on fostering particle–particle interactions — the real catalyst for mix-
ing. This becomes evident in bulk powder flow regimes, especially
visible in granular mixing within rotating drums.

Relevant studies by Van Snick et al. (2017), Palmer et al. (2020),
Bekaert et al. (2022a), and Zheng et al. (2022) offer deeper insights.
The first three emphasise that maximising strain results in better con-
tent uniformity in both horizontal and inclined (15˝) linear powder
blenders. The latter provides context on regimes.

Interestingly, Bekaert et al. (2022a), using a horizontal mixer, found
no interaction between the number of blade passes and blend prop-
erties, which contrasts the findings of this study. The interpretation
is that the inclination of the blender seems to play a pivotal role
in powder transport, which is best illustrated by materials showing
different fill levels at the same rpm- see Fig. 11. This highlights the
importance of understanding how the material properties interact with
the geometrical differences.

Van Snick et al. (2017) indicated that in the same blender used in
this study (15˝ linear blender), accurate and consistent content unifor-
mity was achieved at intermediate residence mass and an intermediate
rpm. This finding was reinforced when comparing two different blade
configurations under identical conditions.

Moreover, Palmer et al. (2020) demonstrated that after achieving
a certain strain, there is only a minimal further increase in blend
uniformity, effectively stating that there is an effective ‘ideal strain’
for a formulation which achieves optimal mixing for a minimal time-
and energy-expenditure. Thus, by utilising this tool we can predict
the maxima and work back towards this ‘effective’ strain. Such in-
sights enable researchers to pinpoint the optimal strain for increased
processing efficiency whilst ensuring consistent content uniformity.
Furthermore, an additional graph shows a V-shaped dip in the Peclet
Number (Pe) plotted against fill level, with the lowest point (of this
V-shaped dip) at around 1/3 fill level. Pe number is a ratio which
indicates a balance between advective and diffusive transport rates;
which could be effectively described as a balance of micro-to-macro
mixing. A Pe of one, seems to occur at the fill level that provides the
highest strain (demonstrated in Fig. 15).

Lastly, Zheng et al. (2022) utilised calibrated DEM simulations to
identify two distinct regimes, which transition at an intermediate RPM
of 250. This aligns with the first logic gate in the RFR decision tree
shown in Fig. 12; whilst it is important to note, the model has similarly
outlined this RPM across the ten different excipients and remains
comparable to the simulation.

In conclusion, the body of literature, when analysed in tandem
with the findings from Fig. 15, and the related discussions provide a
comprehensive rationale of the behaviour being exhibited under these
conditions. The significance of this should provide both researchers
and industry professionals with an initial look into continuous blending
regimens.

6.3. Application: Identifying the strain window

One potential practical application of these tools could be to adjust
the process to compensate for a large disturbance. For example, APC
could be used to reduce the RPM, and therefore increase the MRT, in
response to a large disturbance. Following the disturbance, the RPM
can be returned back to the steady-state set-point.

Referring to Palmer et al. (2020), the lowest rpm on the APC should
match the most suitable point on the exponential decay curve, which
could be effectively termed ‘Strain Point (!P )’. This represents the
minimum blade passes needed for desired content uniformity. Given
that cohesive species are given an effective shear rate (tip-speed)
to sufficiently break particle agglomerates/aggregates. This leads to
questions for future research: ‘‘what is the minimum tip speed required for
effective blending of cohesive powders" and ‘‘are two equal strain values
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Fig. 16. Graphical Representation of the Strain Window (!
W
). Points 2, 3, and 4,

indicate guided experiments to find the Strain Point (!
P
) — or the expansion of the

current Strain Window (!
W
).

with different RPMs similar for mixing?" especially concerning values
above or below the specific shear requirement for a formulation.

The predictive toolkit highlighted in Figs. 13, 14, and 15 enables the
identification of ‘Maximum Strain’ (!M ) for specific processing param-
eters, verifiable through subsequent experimentation. Upon confirming
the attainment of minimum shear, our focus shifts to optimising the
‘Strain Window’ (!W ), which is the difference between !M and !P , as
depicted in Fig. 16. We can direct our experiments to maintain content
uniformity around the ideal RPM, as illustrated by points 2 and 3 in the
figure. These experimental points establish a strain window from the
lowest acceptable strain value to !M . Further exploration, as seen at
point 4, could widen this window. For a comprehensive understanding
of the process limits, additional guided experimentation, towards point
n (!P ), may be performed to identify the threshold of failure.

It is noteworthy that theoretically, the toolkit could streamline
experimentation to just three pivotal points. This top-down approach
defines a steady-state set-point and establishes bounds for upper and
lower RPM ranges. Similarly, it can assess the impact of other variables
like feed rate changes on blend properties.

The deployment of these modelling tools is instrumental in develop-
ing robust control strategies, offering a nuanced understanding of the
process and its operational parameters up to the point of failure. This
outlines a safer operating domain, ensuring the product meets critical
quality attributes. The use of these tools allows this understanding to
be achieved with reduced experimentation, which is particularly impor-
tant as extensive large-scale experimentation can slow development as
well as impact on cost and sustainability. Furthermore, they can verify
the consistency of processes or formulations, valuable for modifications
like reformulation or changes to processing set-points. This process
similarity can be corroborated through a series of validation trials,
affirming the model’s accurate prediction of the operational landscape.

7. Conclusion

In this paper, we have developed several machine learning/artificial
intelligence models for predicting the performance of a continuous
pharmaceutical blender, whilst also facilitating new insight into the
fundamental behaviours thereof.

The methods used include RandomForestRegression (RFR), which
extracts logic from the data; a novel symbolic regression and evolution-
ary AI tool (M2

E
3
D), which produces complete, closed-form equations,

effectively creating a reduced order model of the data; and Artificial
Neural Networks (ANN), which provide more accurate predictions at
the expense of a less-interpretable model. All three models indepen-
dently identified the agitator speed (RPM), the number of mixing
blades, the wall friction angle (WFA, 2 kPa with 0.4 Ra coupon) and the
feed rate (kg/h) as the most important features for the prediction of fill
level, and thus the strain experienced by the powder — an important

predictor for mixing. By interrogating the models further, we were also
able to gain valuable insight into the dynamics and mechanics of the
blender explored, through prediction of the operating space.

In terms of pure predictive capability, the ANN demonstrated the
greatest strength, both for the single components on which it was
trained, as well as in further blind validation, predicting the behaviour
of a 4-component formulation to a high degree of accuracy. Its ability
to accurately predict the fill level of a previously unseen formulation,
containing an API not included in its training data set, shows consider-
able promise for such an approach, in the future, to be used as a means
of reducing the time and cost currently associated with bringing new
drugs to market.

It is worth noting that we have discovered an interesting correlation
between the maximum strain and 1/3 fill level (during steady state) in
the prediction of the operating space. This correlation applies regard-
less of formulation or variable processing parameters, and it represents
a crucial set point for blending processes that use a 15-degree incline
blender. By achieving this, 1/3 fill level, set point during operation, a
balance between advective and diffusive mixing can be attained. It is
of further interest if other fill-level, and thus space–time, optimisations
exist for other blending platforms and inclinations.

The magnitude of strain can be increased if the process is in-
tensified — in effect simultaneously increasing both RPM and MRT.
Yet, since RPM and MRT are coupled, increasing RPM will decrease
MRT. Therefore, it is important to consider both the feed rate and the
blade configuration. Decreasing the feed rate will increase MRT while
decreasing the number of radial mixing blades will decrease MRT.

Given that maximising throughput is often desired, the blade con-
figuration should be adjusted to include more radial mixing blades
to retain higher fill levels (at the same RPM) and the RPM should
be increased — thus intensifying the process. Similarly, this resolves
the issue for highly agglomerated species, where using a higher RPM
provides a higher tip speed, which then acts to break the highly
agglomerated species. There may be slight differences between the
clinical commercial equipment and the prototype (used in this study),
however, the fundamental understanding remains the same. To validate
this observation, we performed additional runs using various blade
configurations, feed rates, and surrogate formulations (as detailed in
Section 2.1). These runs were not included in the model training.
However, they have shown that the maximum strain is also consistently
observed at a fill level of 1/3. In addition, these findings were checked
against a backlog of development runs for other formulations using the
GMP-compliant CDC-50 from GEA and saw the same relationship of
around a 1/3 fill level delivering the highest strain values.

Ultimately, the predictive tools described in this publication can
find this optimum range of processing parameters for a newly char-
acterised formulation and then evaluate both the operational and for-
mulation stability of that formulation within the blender. Said tools
thus stand to both mitigate risk and reduce wastage of time, energy
and materials during product development through prediction of the
variability at these early phases, meaning a directed first-time-right
approach to experimentation, validation and process establishment,
carrying benefits both economic and environmental.
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