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A B S T R A C T   

A new technological passage has emerged in the pharmaceutical field, concerning the management, application, 
and transfer of knowledge from humans to machines, as well as the implementation of advanced manufacturing 
and product optimisation processes. Machine Learning (ML) methods have been introduced to Additive 
Manufacturing (AM) and Microfluidics (MFs) to predict and generate learning patterns for precise fabrication of 
tailor-made pharmaceutical treatments. Moreover, regarding the diversity and complexity of personalised 
medicine, ML has been part of quality by design strategy, targeting towards the development of safe and effective 
drug delivery systems. The utilisation of different and novel ML techniques along with Internet of Things sensors 
in AM and MFs, have shown promising aspects regarding the development of well-defined automated procedures 
towards the production of sustainable and quality-based therapeutic systems. Thus, the effective data utilisation, 
prospects on a flexible and broader production of “on demand” treatments. In this study, a thorough overview 
has been achieved, concerning scientific achievements of the past decade, which aims to trigger the research 
interest on incorporating different types of ML in AM and MFs, as essential techniques for the enhancement of 
quality standards of customised medicinal applications, as well as the reduction of variability potency, 
throughout a pharmaceutical process.   

1. Introduction 

The Industrial Revolution 4.0 has introduced significant alterations 
in the production field of pharmaceutical industries, regarding the 
digitisation and automation of manufacturing procedures (Reinhardt 
et al., 2020). Technological evolution along with internet integration, 
has brought a transition era from knowledge acquisition to information 
management; conducting medicinal research towards a new route for 

describing complex phenomena and convoluted variables through pre-
dictive models, based on statistical analysis and algorithmic languages. 
Big data and Deep Learning (DL) have prevailed, responding to a digi-
tally based and cyber-governed universal system; thus, Internet of 
Things (IoT) and Machine Learning (ML) seem to have substituted, 
simplified, and automated many manufacturing processes, bringing a 
learning-edge on the pharmaceutical industrial concept (Saeid et al., 
2018). Therefore, the current pharmaceutical development path is 
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oriented towards the creation and implementation of optimised fabri-
cation strategies based on a high-quality medicinal application pro-
duction, in a reliable, reproducible, and agile way. 

Quality evaluation denotes a crucial practice during product devel-
opment, concerning the profound examination and validation of the 
initial and final characteristics, as well as the design parameters and the 
variability of the manufacturing process. As recorded by the U.S. Food 
and Drug Administration (FDA), the number of Class I Drug Product 
Recalls – drugs indicating serious life threatening or risk to health – has 
been increased throughout 2004–2015, raising concerns towards 
improving the quality criteria both of pharmaceutical processes and 
products (FDA, n.d.). A perspective of upgrading the manufacturing 
capability from “two to three sigma” to “six sigma” quality, showed 
potential error reduction to 0.0003% (Nunnally and McConnell, 2007; 
Yu and Kopcha, 2017). Moreover, examining the quality parameters 
through the lenses of “5M and E” (i.e., methods, machines, materials, 
measurements, men and environment) or “cause & effect diagram” 
theory, developed by Ishikawa, initial attributes (e.g., inputs) are 
directly related to quality problems (e.g., outputs) (Siamidi et al., 2021). 
Therefore, pharmaceutical industries are turned towards developing a 
Quality by Design (QbD) system, based on Process Analytical Tools 
(PAT), combined with ML techniques, targeting to operational excel-
lence through continuous monitoring procedures. This planning method 
describes the initial conception of the Quality Target Product Profile 
(QTPP) and the profound examination of quality terms, regarding the 
Critical Material Attributes (CMAs) and Critical Process Parameters 
(CPPs), which determine the Critical Quality Attributes (CQAs) of the 
pharmaceutical product, under the prism of advanced computational 
means (Su et al., 2019; Yu and Kopcha, 2017). 

It is obvious that the route of designing and developing personalized 
medicines (PMs) is firmly associated with quality standards of both the 
process and the drug. According to the notion of “personalization rights” 
– providing to the right patient the right treatment, in the right dose and 
at the right time, the development of analytical processes and statistical 
methods, which will investigate, identify and predict a patient’s health 
profile, indicate major prerequisites (Goetz and Schork, 2018). More-
over, the need for personalised treatments has led the scientific com-
munity to find alternative techniques, concerning a more rapid and 
precise control for the examination of a broad variety of attributes 
aligned to safety and effectiveness criteria, respecting the multi-
parametric individuals health conditions (Palekar et al., 2019).Thus, 
developing PMs is more complicated than can be perceived, interpreted, 
expanded and applied through a human mind. On the contrary, ML 
techniques seem promising on elaborating these parameters in a more 
feasible way (Beede et al., 2020). 

The idea of introducing Emerging Technologies (ETs), such as 3D 
Printing (3DP) known also as Additive Manufacturing (AM) (Lam-
ichhane et al., 2019) and Microfluidics (MFs) (Gomez et al., 2014) onto 
an industrial scale is a promising step, with a prospect towards the rapid 
and massive production and market distribution of personalized phar-
maceutical applications. The new concept of establishing smart and 
modular factories, comprises a forthcoming step of the industrialization 
of tailor-made products (Kumar et al., 2020). The ingenuity of these 
factories is based on developing processes characterised by end-to-end 
(Kulin et al., 2018) and real-time monitoring, avoiding human inter-
vention, i.e., the implementation of smart machines able to inspect and 
identify procedure issues and elaborate the generated data, which aim 
towards manufacturing automatization. Consequently, the establish-
ment of a Corrective Action Preventive Action system (CAPA), through 
machine-driven continuous monitoring, provides on-spot and between- 
procedures fault examination, contributing to the development of “six 
sigma”-based processes and products (Syafrudin et al., 2018). 

The perspective of this review is to examine the impact of ML tech-
niques implementation on AM and MFs for the optimization of Drug 
Delivery Systems (DDSs) development, through research studies of the 
past decade. Terms associated to quality, risk mitigation, research data 

acquisition as well as statistical and algorithmic methods are analysed. 
AM and MFs technologies are critically appraised regarding their 
perspective on fabricating multifunctional and innovative personalised 
diagnostic and therapeutic systems, and on investigating alternative 
approaches for smart material composition and analytical evaluation 
processes, by using novel computational models and automation tech-
niques. Finally, current limitations are considered, concerning future 
applications of these ETs for the rapid and broad production of “on- 
demand” treatments. 

2. Machine learning techniques 

A lot of deliberations about data utilization and analysis have been 
grounded, regarding the pharmaceutical product development and 
quality validation strategy (Fig. 1). Optimisation techniques, i.e. Design 
of Experiment (DoE) and ML methods, concern a profound experimental 
planning, based on a QbD approach (Al-Kharusi et al., 2022). DoE is 
related to predictive analytics, statistical quality control and is applied 
for optimization of experiments; thus, aims for the reduction of trials by 
using identified data (Saviano and Lourenço, 2015). On the contrary, in 
ML techniques, data are usually withdrawn from information banks. 
Subsequently, these data are conducted through mathematical routes, to 
create a predictive concept, which will provide the best path for con-
trolling a process with precision. This “data mining” method provides a 
more effective way of managing information and determining a suitable 
and well-fitted model for describing a procedure (Vougas et al., 2019). 

The need of introducing automation mechanisms for eliminating the 
duration of a process, along with inspecting process flow parameters, 
have revealed learning methods, which enhance the machine perfor-
mance. In particular, an ML technique can be successfully described by 
the notion of the “Black Box”; hence, “inserted data or inputs” are get-
ting through an unknown environment, the black box, which recognizes 
patterns and decodes the introduced information into “outputs or re-
sponses” (Handelman et al., 2019). Therefore, ML enhances the PAT 
tools, followed in a manufacturing procedure, by determining and 
controlling in real-time and in a more precise way probable variables 
occurring during the developed process (Vougas et al., 2019). 

Several ML techniques have emerged, concerning typical function-
alities and decoding models of the “Black Box”. There are four major 
categories of ML: supervised, unsupervised, semi-supervised, and rein-
forcement methods; each of which use different data analytical methods 
and interpretation routes (Fig. 2). 

2.1. Supervised Machine learning 

Supervised learning is based on programming the machine with 
already existing examples, simultaneously, precisely defining the output 
of inserted data. This type of ML generates algorithms depending on 
patterns, which can be controlled. In addition, supervised ML is sub-
divided into classification and regression processes, examining, and 
arranging data in one or two classes. Typical classification methods 
include Support Vector Machines (SVMs), Decision Trees (DTs), Naïve 
Bayes, k-Nearest Neighbours (k-NNs) and Artificial Neural Networks 
(ANNs), which depend on “pattern recognition” and group them into 
categories. On the other hand, regression predicts continuous values by 
correlating a dependent variable with one or more independent vari-
ables, to reveal the best-fit pattern of the inserted data; thus, logistic 
regression is mainly applied. Therefore, these learning techniques direct 
machines on performing analysis and finding precise algorithmic paths 
to evaluate binary classifiers, which facilitate the procedure of produc-
ing accurate outcomes (Osisanwo et al., 2017). 

2.2. Unsupervised Machine learning 

On the contrary, unsupervised learning is used for investigating 
algorithmic paths capable of decluttering and organizing convoluted 
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inputs, to develop enhanced predictive systems. The dynamic of these 
predictive systems is aligned with error and probability minimization, 
along with simultaneous flexibility advancement, regarding the multi-
parametric variable evaluation, and automated time-reducing analysis 
process. The generation of unsupervised networks is regulated by DL 
data-based systems, which have the capability to auto-organize and 
form algorithmic assemblies able to identify similarities of existed un-
structured data and to hierarchize them to foresee and propose 
decisions-making concepts. Unsupervised learning can be categorized in 
five major groups: outlier detection, data clustering, dimensionality 
reduction, hierarchical learning, and latent variable models. The broad 
variety of techniques addresses to the utilization and fitting of com-
plexed and tangled data on diverse applications. However, the imple-
mentation of an ML-based Network Management System (NMS), which 
will anticipate and spot probable defects, limitations and inaccuracies, is 
essential during undefined pipeline processes (Yau et al., 2019). 

2.3. Semi-supervised Machine learning 

A combination of supervised and unsupervised techniques comprises 
semi-supervised learning. The flexibility of using both learning methods 
standpoints towards the enhancement of convoluted data interpretation 
by using defined inputs. Labelled data are provided through supervised 
learning methods as an initial stimulus for deconvoluting unclassified 

inputs, which were or not formerly label removed. When regarding the 
different semi-supervised categories, they are divided into transductive 
graph-based methods (e.g., construction, weighting and inference) and 
inductive methods, which are described by three subcategories defining 
the process of utilizing the unlabelled data: the wrapper methods (e.g., 
self-training, co-training, and boosting), the unsupervised processing (e. 
g., feature extraction, cluster-then-label, and pre-training), and the 
intrinsically semi-supervised methods (e.g., maximum-margin, pertur-
bation-based, manifolds, and generative models). Therefore, the simul-
taneous application of these two learning techniques contribute to the 
creation of reinforced networks able to predict the quality of the process 
attributes (Engelen and Hoos, 2020). 

2.4. Reinforcement Machine learning 

Along with supervised and unsupervised ML, reinforcement learning 
is another commonly used technique for creating prediction-based sys-
tems. The key factor that specializes this method, compared to the 
previous mentioned, is the ability on creating pathways responding to 
learning through rewards. The rewards stimulate the learning procedure 
and forms the algorithm according to a certain outcome acquisition. 
During reinforcement ML procedure, inputs are categorized on “good” 
and “bad” data according to the interaction with the environment they 
are inserted; they are not classified with labels but with capability of 

Fig. 1. Diagrammatic illustration of a quality-defined process based on the “Black Box” theory, concerning different knowledge database acquisitions, the Critical 
Process Parameters (CPPs), Critical Quality Attributes (CQAs), and development techniques of a process, inspected by a Corrective Action Preventive Action (CAPA) 
quality-control system. 

Fig. 2. Flow chart of the four Machine Learning (ML) techniques, describing characteristic attributes, related to data sources, algorithmic models, and outputs.  
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integrating with the model. The accuracy of the learning procedure is 
determined or “reinforced” through reward feedback-loop signals. 
Typical methods of reinforcement learning comprise the Q-learning, 
temporal difference and deep adversarial network (Yo and Illig, 2017; 
Yoon et al., 2020). 

3. Machine learning in Additive manufacturing and 
Microfluidics 

Although the insertion of ML in 3DP technology is not considered a 
new concept, it is a revolutionary and advanced-based method charac-
terised by emerging aspects. Examining closely 3DP technology in 
pharmaceutical science, a wide variety of 3D printers exist, regarding 
different materials and applications. The digitalised nature of this 
method is mainly based on established algorithms and mathematical 
paths (e.g., g-code language), which assist in a supervised way the 
performance of the printer. Moreover, except from the design procedure, 
the manufacturing process is crucial and related to printing parameter 
adjustments. In particular, printability attributes (e.g., speed, pressure, 
temperature) are inputs affecting the quality characteristics of the final 
outcome (Wang et al., 2020). Therefore, eye-witness monitoring is not 
always efficient, due to complexed and multiparametric variables, 
derived from initial raw material to process settings and finally to 
formulation evaluation characteristics. Optimisation approaches and 
models based on ML techniques, which aim towards safe and effective 
product attributes, are mostly used; hence, envision the production of 
personalized medicine with respect to formulation pipeline efficiency 
(Elbadawi et al., 2021b). 

Moreover, MFs technology, is also a multiparametric method, 
promising on developing personalized formulations, it is characterised 
by the potential to combine a diversity of materials (e.g., cells, gene 
sequences, proteins, lipids, etc.) along with a variety of process pa-
rameters (e.g., flowability, speed, pressure), defining the optimum 
pattern of developing “on-demand” medicines or in vitro simulations. ML 
can contribute successfully on easing data accumulation and examina-
tion methods and creating algorithmic sequences capable for targeting 
towards automated quality control and product optimization. Further-
more, this plethora of data, can be effective on defining not only possible 
material interactions but also toxicity effects, enhancing preclinical in-
vestigations; thus, eliminating process variability and errors (Galan 
et al., 2020). 

3.1. Applications of Machine learning in Additive manufacturing 

The concept of AM implementation in larger scales corresponding to 
a massive production of tailor-made medicines are considerations 
characterised by multiple and intricate challenges, dealing mostly with 
the complexity of the printing process, high-cost equipment, slower 
production-efficiency, as well as regulatory frameworks that define the 
quality performance of the medicinal application. Spritam® is the only 
current approved industrial-scale tablet based on 3DP binder jetting 
technology (Aprecia, Spritam); however, not addressed for personalised 
use. Moreover, developing 3DP formulations for specific patient-groups 
is a complicated procedure, due to the need of profound investigation of 
the “personalization rights” (Januskaite et al., 2021). Furthermore, 
printing parameter adjustments, which describe print design (e.g., 
Computer Aided Design (CAD)), path movements and printability at-
tributes, are pre-determined or evaluated during the printing process. 
Nevertheless, not every printing procedure is successful; hence the 
outputs may have defaults and are not coordinate to initial character-
istics. In terms of developing well-standardised products, characterised 
by precision and accuracy, there are several techniques and methods 
which can be followed from an early stage (Januskaite et al., 2021). ML 
is the most broadly applicable method for 3DP optimization and process- 
monitoring enhancement, by conveying inputs through algorithmic se-
quences and generating well-defined process commands. 

Different types of ML have been applied to 3DP procedures in terms 
of decoding the effect of variability during printing processes. In this 
section, applications concerning prediction modelling in 3DP are 
investigated (Fig. 3). 

3.1.1. Machine learning and Fused Deposition modelling 3D printing 
Fused Deposition Modelling (FDM) printing has gained a lot of ap-

plications in medicinal product development, with a broad variety of 
research studies producing novel formulations attempting towards 
quality evaluation. M3DISEEN is a web-based software eligible to 
generate different artificial intelligence (AI) -based paths, to pre- 
determine the variability of crucial parameters, when using FDM 3DP 
for the development of drug-loaded formulations, and propose fixed- 
value combinations, which will assure the quality of desirable outputs. 
In more detail, this innovative ML process used regression analysis for 
predicting extrusion and printing temperature, multi-classification 
analysis for mechanical characteristics of extruded filaments, and bi-
nary classification for printability parameter adjustments. In total, 614 
different drug-loaded formulations were generated derived from 145 
materials with 7 drugs included. Inserted data comprised the name, the 
type, the functionality and the single or chemical structure-chained 
physical attributes of the different materials; thereafter were analysed 
under the prism of 6 ML methods (e.g., Multiple Linear Regression 
(MLR), k-NNs, SVMs, Random Forests (RFs), Neural Networks (NNs) and 
DL) developed by different algorithm building platforms, such as Py-
thon, multi-layer perceptron, neural-network library and TensorFlow. 
All generated algorithms were tested and evaluated regarding their ac-
curacy and precision and the predictability process was scored by using 
a variety of metrics and indexes. Consequently, the creation of this AI 
platform explores different parameter combinations and proposes opti-
mized sets from a preliminary research stage, contributing to the mini-
misation of probable error occurrence and procedure acceleration; 
however this ML approach is characterised by challenges regarding the 
manual data addition in the platform, which demands accurate user- 
handling, resulting on a long-time, thus low-profitable process (Elba-
dawi et al., 2020). 

The prediction parameters behaviour related to manufacturing and 
dissolution processes of drug-loaded 3DP melt-extrusion formulations, is 
another issue that has been studied through ML implementation. In an 
analysis of Muñiz Castro et al., literature platforms (e.g., Google Scholar, 
PubMed, etc.) were used as database sources and gathered data were 
examined and tested through 5 ML techniques (SVM, RF. ANN, k-NN and 
Linear Regression (LR)). Subsequently, Python language was used for 
the process data evaluation and the development of algorithmic se-
quences. More specifically, five variables were analysed; extrusion and 
printing temperature so as dissolution time defining the % drug release 
(20% (T20), 50% (T50), and 80% (T80)) were subjected under regres-
sion analysis, mechanical features of the filaments were examined with 
multi-regression, while binary classification was used for the assessment 
of printability attributes. Parameters related to the formulation process 
were determined through M3DISEEN platform, though predictive 
models regarding the release rate were developed through overviewing 
twelve different inputs (e.g., shape, surface area/volume, infill (%), pH 
of the dissolution media, drug solubility etc.). Last but not least, the Real 
Area Difference of Curves (RADOC) metric was used for the pre- 
assessment of dissolution time. The results of this study showed that 
ML is promising as a predictive tool for not only improving the devel-
opment of 3DP drug-loaded formulations but also for the simultaneous 
determination of the dissolution profile (Muñiz Castro et al., 2021). 

An initial programming of the printer is performed through in-
structions based on g-code language, which contribute on automating 
and simplifying 3D structure creation; however, there are several vari-
ables that may affect the printing process, hence, the integrity of the 
outcome. In a study, of Delli et al., where supervised ML was imple-
mented, a continuous-monitoring procedure was developed aiming on 
defining the printing efficacy (e.g., filament adequacy, printing stops 
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and structural uniformity) of an FDM 3D printer by using two different 
polymers, ABS and PLA. During the printing process, quality aspects 
were determined by camera inspection; in particular, 3D geometrical 
integrity was examined through successive printing stops and picture 
capturing. A python code was created for programming the printer to 
stop during successive time-points, for the camera to obtain pictures 
from 5 or 6 printing checkpoints. The accuracy of the selected data was 
specified through pixel analysis, by using different bright scales of LED 
light during camera use. Subsequently, SVM learning was applied, and 
algorithms were developed by the classification of acquired data into 
“good” or “bad” (Delli and Chang, 2018). Therefore, supervised ML can 
be efficiently applied for the inspection and determination of printing 
precision of 3D geometries, as possible models for the development of 
custom-shaped pharmaceutical forms. 

3.1.2. Machine learning and digital light processing 3D printing 
A variety of ML techniques have been incorporated in Digital Light 

Processing (DLP) 3D printing, in terms of optimising the fabrication of 
personalised DDSs. ANNs were operated through two different ap-
proaches, in a study of Stanojević et al., concerning the prediction of the 
drug release profile from 3DP tablets fabricated by a DLP technique. 
Data from 23 experiments, describing two parameters, % wt. of atom-
oxetine and the thickness of tablets were used, regarding their potential 
as associated attributes to the development of age-fixed dosage forms 
and drug release rate during different time intervals. At a first level, 
Kohonen Self Organising Neural Network was implemented for the 
creation of a self-organisation process, called Self-Organising Maps 
(SOMs), in which data were inserted and trained with an unsupervised 
way. Through this learning path, inputs were distributed into clusters 
and categorised into coloured map regions, in which each hexagonal cell 
structure represents a unit called a “node”, simulating the maximum and 
minimum values. On a second level, a Generalised Regression Neural 
Network (GRNN) was generated, based on a 4 parallel layer structure 
learning (1. inputs → 2. radial centres → 3. regression units → 4. out-
puts). In this algorithmic pattern, the training of inserted information 
was carried out by k-means clustering, while regression and output stage 

were elaborated through division algorithm. Therefore, Root Mean 
Square Error (RMSE) validated accuracy and precision of the generated 
algorithm for the best model to be determined (Stanojević et al., 2021). 
The invention of predictive methods regarding drug release rates from 
personalised pharmaceutical formulations is a major key to assess 
further development of optimised pharmacokinetic models; neverthe-
less, more research must be conducted referring to experimental data 
acquisition and algorithmic model fitting. 

3.1.3. Machine learning and material jetting 3D printing 
Optimization techniques have been applied also on initial stages 

regarding the development of novel material combinations intended for 
3DP use. In a recent study of Erps et al., a multi-objective optimization 
was implemented based on a semi-automated data-driven method for 
the investigation of learning paths capable of providing innovative 
photocurable ink compositions with enhanced mechanical properties. 
The operated algorithm was based on Bayesian optimization, examining 
6 initial formulations composed of 8 different materials aiming on 
developing inks with regards to toughness, maximum strength, and 
compression modulus efficiency. In this “black box”, Gaussian process, 
Gaussian Thompson sampling and Pareto front were used, to examine 4 
different formulations at a time, reaching a total of 150 samples testing. 
All experiments were initially designed concerning the total cost of the 
procedure; thus, considering the reduction of experimental cycles. 
Subsequently, developed compositions were tested with a Jet valve 3D 
printer, samples were UV cured, their mechanical performance was 
evaluated, and data obtained were finally incorporated into the algo-
rithmic platform. Therefore, this developed learning method facilitates 
the fabrication of optimized multiple photocurable resins, which are 
able to produce 3DP shapes efficiently, automatically, and cost- 
effectively (Erps et al., 2021). 

3.1.4. Machine learning and in-situ 3D printing 
In-situ 3DP has emerged for developing new approaches for tissue 

restoration, drug-loaded implantable devices, and biosensors. Never-
theless, 3DP biomimetic applications do not always follow the biological 

Fig. 3. A) 3D printing (3DP) process describing the in-situ and real-time inspection of the 3DP structure, through incorporated sensors and cameras. B) Process 
optimisation of 3DP technique through Computer Aided Design (CAD) modelling modification and Machine Learning (ML) algorithmic techniques implementation. 
C) Data generation and supply through cloud database storage, during 3DP and optimisation process. D) Different medicinal applications and data prediction of ML 
implementation in 3DP process. 
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paths of the incorporated system; thus, monitoring procedures are vast 
in determining probable induced variables. In a study of Zhu et al., an 
ML-tracking system was developed, for the optimisation of an in-situ and 
in-vitro 3DP of a soft sensor in a breathing lung. The challenge of printing 
in an uneven and deformed tissue was ameliorated through a 4-stage 
process; initially the tissue region was scanned and details about the 
surface morphology were obtained, on a next stage the real-time 
breathing rhythm was determined, then an in-situ 3DP of a carbon- 
elastomer hydrogel-based Electrical Impedance Tomography (EIT) 
biosensor was followed and finally, data were collected from the 
monitoring process of the biosensor. During the deformation procedure 
tracking, data were collected by a structured light scanner, creating a 
learning path in real-time, useful to generate accurate outputs for tissue 
reconstitution (Zhu et al., 2020). Consequently, in-situ 3DP can be 
enhanced through ML modelling, in order to attempt the generation of 
data corresponding to multivariable tissue surfaces and composition 
characteristics. 

3.1.5. Machine learning and embedded 3D printing 
ML based predictive models, have also been developed for the cre-

ation of bioinspired medical devices. In a study of Lei et al. the signifi-
cance of various parameters (e.g., the anatomic features of the cochlear, 
the conductivity potential of the tissue and the implantable site of the 
system), which affect and regulate the intra-cochlear voltage allocation 
through Cochlear Implants (CIs), were inspected. The complexity of 
cochlear structure along with its anatomical site position (inside the 
temporal bone) defined the challenges, which researchers examined, in 
order to develop a predictive patient-based tool for hearing deficiency 
restoration. In more detail, owing to the diversity of shape and 
geometrical features of the human cochlea, four different designs, based 
on parametrical approaches, were assessed: the diameter of basal lumen, 
the ratio of taper, and the cochlear width and height. Along with these 
parameters, 3D biomimetic matrix resistivity was also evaluated. Hence, 
embedded 3DP technique was used for the fabrication of 82 biomimetic 
cochlea systems, subsequently, data from in vivo bone tissue resistivities 
were tested through these artificial cochlea-bone 3D structures and 
Electric Field Imaging (EFI) captures were acquired. The generated data 
were inserted into a ML technique based on NNs, called 3D Printing and 
Neural Network co-modelling (3PNN), which was operated with two 
different approaches, the forward- and the inverse- 3PNN; these 
methods were using cochlear geometry data and EFI profiles, and pre-
dicted as output the input of each technique, respectively. Overall, 3DP 
biomimetic cochleae are described by accuracy and precision 
throughout the process of ML technique, data acquisition and 3DP 
fabrication; hence characterized promising tools for PMs (Lei et al., 
2021). 

3.1.6. Machine learning and 4D printing 
Finally, reinforcement ML was implemented for the development of 

a Closed Loop 4D Printing (CL4DP) learning technique, based on Q- 
learning method, for the fabrication of personalised 4DP visors for facial 
coverage protection against COVID-19 pandemic. The aim of CL4DP 
system development was to predict and control the actuation of 3D 
printed Shape Memory Polymers (SMPs), enabling the accurate, precise, 
and real-time shape modifications of the polymers. Initial studies 
defining the accuracy of the learning method, were performed by a 
cyber-network comprised with a webcam-PC system and a controller 
board; hence, the controller board was inducing the thermal-activation 
to SMPs, motion alterations were captured by the webcam and further 
analysed by the learning system. In particular, the design of these visors 
was amended to a 2 mm smaller width of both two top sides of the visor 
skeleton, and heating resistances were placed at these corners, while 
colour markers at its end-tips as sensors. These heating circuits were 
controlled by CL4DP loops, providing the shrinkage or expansion of the 
skeleton width, in an independent or simultaneous way, creating 4 
different forehead sizes (e.g., extra-large (100◦, 185 mm), large (92◦, 

140 mm), medium (75◦, 80 mm) and small (70◦, 45 mm)). These smart 
electrical actuators allowed personalised adjustments; however, inputs 
and controllers were trained through an offline procedure, which may 
affect the predictability potential for data not precisely defined (Ji et al., 
2022). Therefore, stimuli-responsive materials programmed by digital- 
based systems, which are capable to be activated in a predefine way, 
may facilitate the concept of producing in a large scale and in a cost- 
efficient way an “one-of-a-kind” application that is adjustable for per-
sonalised use. 

4. Microfluidics 

As mentioned in section 1, the applications of ML to support the 
progression of MFs are vast. The relevant progression of MFs, including 
theranostics and formulation, has also allowed the implementations of 
ML within MFs to progress. Hence, since the 1990′s the merging of ML 
and MFs has been realised (Riordon et al., 2019). Whilst MFs in its own 
right is a very successful and accomplished technique, there are still 
areas that could be improved, including material use reduction (Weaver 
et al., 2022a) and output generation amelioration. ML is most effective 
for MFs when there is the capacity to generate sufficient quantifiable 
data which cannot otherwise be modelled from the first principles 
(McIntyre et al., 2022). 

As will be highlighted in this section, it’s clear that both analytical 
and therapeutic techniques are applicable to the conjunction of the two 
technologies. Contained within this section are innovative uses of ML 
within MFs, such as cell/particle sorting cancer cell (CC) diagnosis, 
particle identification and flow cytometry, as displayed in Fig. 4. 

4.1. Microfluidics setups controlled by Machine learning 

MFs has gained many of its accolades owing to the flexibility and 
controllability of its parameters. This makes it an ideal technology for 
targeting with ML, to home in on the various parameters that would be 
deemed optimal for their individual applications. Whilst mathematical 
models are available for data processing, they are often time intensive 
and require lengthy initial fabrication from experts within the field 
(Fukada and Seyama, 2022). Therefore, in recent times, ML has been 
employed to achieve similar conclusions to those of mathematical 
models, in a less labour-intensive and more timely manner. 

The automation of a MFs system to respond autonomously to result- 
driven stimuli has become a greatly desired goal for many MFs tech-
niques, both for Good Manufacturing Practice (GMP) and research- 
based applications. Such a goal could be achieved by applying ML to 
monitor what is happening at the downstream end of the process and 
cause alterations to the input parameters. One such way of achieving 
this result is via the use of reinforcement learning (Ibarz et al., 2021). 

Reinforcement learning is a reward-based pathway for ML optimi-
sation, whereby the output is interpreted as either a positive or negative 
iteration compared to the desired result. “Failure” results are equally as 
important to the “successful” results for ML in the case of reinforcement 
learning (Fig. 5) (Kalashnikov et al., 2021). This expands the dataset that 
is available for analysis, hence improving the accuracy of the process 
and increasing the speed at which the process is learned. RL has been 
employed using a MFs setup to sort particles, based upon size and 
denseness of popularity, by altering MFs parameters such as flow speed 
or dilution rates (Fukada and Seyama, 2022). This process would be 
particularly applicable to flow cytometry, as discussed in greater detail 
in section 4.1.2. For reinforcement learning, it’s essential to ensure the 
input parameters, output parameters and reward criteria are estab-
lished. To apply this concept to the study mentioned, input parameters 
would include the flow speed used along with the sample dilution. 
Output parameters would include final cell positioning (as analysed by 
microscopy) and reward criteria would be based upon a success/failure 
basis. The feedback for the next assay can be provided and the next 
iteration of input parameters used to sort the particles. Reinforcement 
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learning technology is not limited to droplets formation, as an auto-
mated MFs-ML setup for the synthesis of inorganic gold nanoparticles 
(AuNPs) was made possible by Tao et al., who investigated the modifi-
cation of input parameters to achieve optimal synthesis conditions (Tao 
et al., 2021). Using Gryffin, a ML algorithm designed specifically for 
chemistry and material science, the conditions for synthesis, such as 
concentration of reagents and reaction time, were analysed and auton-
omously improved upon for future rendering of the large AuNPs. 

Deep Q Networks (DQNs) and Model Free Episodic Controllers 
(MFECs) are two common algorithms that are applied to reinforcement 
learning (Dressler et al., 2018). DQNs have been shown to offer high 
performance levels in simulated environments, famously outperforming 
human competence at Atari games (Mnih et al., 2013). To exhibit high 
proficiency, DQNs require a large database of input information 
(Dressler et al., 2018); however, MFECs are capable of producing 
learned outputs with limited datasets. The hindrance though is that the 
level of performance is lower than that of DQNs. MFECs are able to 

function with more limited data, due to the fact that the algorithms are 
able to deduce outputs based upon closely related parameters, whereas 
DQNs require exact matching of parameters for a reward-based judge-
ment to be rendered (Blundell et al., 2016). 

Organ-on-a-chip (OoC) technology has become a breakthrough 
method used widely for preliminary studies and high throughput 
screening of active pharmaceutical ingredients (APIs) and medicines 
alike. ML is often applicable to OoC via either detector integration or 
image analysis (Li et al., 2022). Using cell tracking software, such as 
CellHunter, OoC and ML technologies have been successfully integrated 
to assess the progression of HER2 + cells on an artificially simulated 
tumour tissue on a chip (Nguyen et al., 2018). The outputs of this 
imaging-based software were fed into ML algorithms. This helped pre-
dict future progression of tumour cells in similarly constructed tissues. 
This spectrum of information is invaluable as it may help predict aspects 
of prognosis/treatment such as likelihood of metastasis, optimal treat-
ment locations or residence time. Similar work performed by Oliver et al. 
investigated OoC to simulate a 3D model of brain metastases (Oliver 
et al., 2020). Using both neural networking and Adaboost (Schapire, 
2013) ML, it was possible to both assign the cancerous cells a likelihood 
of metastasis and also classify the cells based upon phenotypic identi-
fication. OoC technology is particularly suited for ML, due to the amount 
of quantifiable data that is produced in a short amount of time (Weaver 
et al., 2022b) – often a barrier to the practice of ML is a lack of data 
available for processing. 

The use of CAD tools for fabricating MF chips is an area that’s being 
investigated in conjunction with ML. CAD is a standard practice with its 
usefulness being seen throughout various medical, engineering, and 
other related fields. The compatibility of CAD files such as.stl and.obj 
with operations such as Computational Fluid Dynamics (CFDs) and 
material testing has led to fast progression within the field, which can 
often be used with ML to help optimise fabrication processes. The evo-
lution of Graphics Processing Units (GPUs) and their related computa-
tional power has allowed for more complex tasks to be performed, such 
as larger clusters of NN or higher resolution simulations (Dally et al., 
2021). The increased core power is also affiliated with the capacity to 
process results faster, allowing the production of datasets in a faster 

Fig. 4. Topic covered in section 3, highlighting both the formulative and diagnostic uses of Microfluidics Machine Learning.  

Fig. 5. Graphical representation of a traditional reinforcement learning 
pathway. Agent algorithms are enhanced by the reward-based decisions ob-
tained from the initial outputs. The cyclical nature of Machine Learning allows 
for the constant improvement of the decisions that are being made. 
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amount of time, which as mentioned is essential for ML. This topic leads 
clearly onto the use of CFDs for the assessment of fluid flow via digitally 
created simulations – this is often performed within the DoE stage of 
research as predicting the nature of the flow is good practice to provide 
further evidence for MFs choices. 

4.1.1. Computational fluid Dynamics for the assessment of fluid flow in 
Microfluidics 

CFDs, as mentioned, is frequently used during the DoE stage of 
experimental research to act as preliminary justification for the work 
performed. CFDs software applies algorithms that obey digitally pro-
grammed natural laws, such as conservation of mass, momentum, and 
energy, to dynamic flow simulations. The numerical data produced from 
the simulations allows the operator to alter input and output parameters 
of the MFs devices, without the use of physical reagents. There are 
multiple CFDs software programmes available for use; some of which 
can be modified to apply ML principles to ameliorate their efficacy. 
There has currently been limited research specifically applying CFDs-ML 
for use in MFs, although the coupling of the two technologies in realms 
such as aeronautics and engineering is becoming more commonplace. 

The primary mathematical concept followed by Newtonian flow 
predictions are the Navier-Stokes equations (Vinuesa and Brunton, 
2022), shown below. 

Continuity Equation:  

∇⋅ V→= 0   

Momentum Equation:  

ρD V→/Dt = − ∇P+ ρ g→+ μ∇2 V→

The Navier-Stokes equations relating to Computational Fluid Dy-
namic fluid flow calculations, whereby ∇ represents the gradient dif-
ferential operator (Asjad, 2020), ρ represents fluid density, P the fluid 
pressure, t represents the time, ∇2 is the Laplacian operator (Semmel-
mann and Weingart, 2019), V→ is the kinematic viscosity vector and g→

the gravitation vector force. 
Equations such as these are important to note as they act as the basis 

of many ML algorithms used for altering the predictive flow models 
(Kochkov et al., 2021; Ranade et al., 2021). It should be noted also that 
the equation is normally applicable only for flow patterns of liquids with 
a low Reynolds number, due to boundaries determined by inertial 
constants (Ahmed and Javed, 2019). There is a directly proportional 
increase in the computational cost (e.g., core hours, RAM space) asso-
ciated with simulating flow patterns for fluids with high Reynolds 
numbers (Vinuesa and Brunton, 2022). As such, CFDs software could 
greatly benefit from parameter optimisation to help reduce the 
computational impact, whilst improving the speed and flow success of 
simulations, which is where ML could be applied. 

Many models exist within the field of CFDs, for example Reynolds- 
Averaged Navier Stokes (RANS) or Large-Eddy Simulations (LESs) 
(Whitehouse and Boschitsch, 2021); however, these techniques are time 
and resource intensive, so often, a Reduced Order Model (ROM) is 
applied to act as a preliminary simulation. ROM provides a less complex, 
lower fidelity flow prediction, but provides a coarse prevision of the bulk 
flow; this type of modelling would be much more suitable for high 
throughput screening of flow patterns. ML, and specifically DL, has been 
applied to ROM simulations successfully via the implementation of an 
autoencoded NN (Maulik et al., 2021). The autoencoder programming 
functions by allowing high resolution input and output functions, whilst 
bottlenecking the precision of the data mid-simulation to minimise the 

computational demand. DL algorithms then analyse and process the data 
accordingly, with respect to the output determinants (Vinuesa and 
Brunton, 2022). 

Clustered Reduced Order Models (CROMs) allow for the unsuper-
vised learning of data patterns via the grouping of similar data obtained 
from output functions (Brunton et al., 2020). Within MFs, this technol-
ogy could be used to analyse the effect of channel geometry alterations 
to predict particle flow or droplet generation, which is what has been 
investigated by Lashkaripour et al. (Lashkaripour et al., 2021). Using the 
programme Design Automation of Fluid Dynamics (DAFDs), NNs were 
again applied to predict fluid flow and determine droplet diameters from 
individual flow variants. The work initially altered channel geometries 
along with various flow rate ratios (FRRs) and total flow rates (TFRs). To 
produce the initial datasets, which are required for supervised learning, 
the physical experiments were performed in conjunction. From this 
initial database provided, the ML algorithms then were utilised to 
determine over 800 datapoints from potential simulations. The findings 
of the study successfully predicted the droplet size and generation rate 
from multiple assays with an accuracy degree of 91.7%. Such studies 
represent the beginning steps for the optimising of the DoE process of 
experimentation. 

4.1.2. Data analysis and flow cytometry 
The use of MFs in a diagnostic capacity has become one of the most 

widely used and highly regarded technologies, owing to the high quality 
of results, coupled with its speed of conclusion. The practice of data 
analysis can be prone to human error, especially when handling large 
amounts of data. This makes it a prime candidate for coupling with ML 
to both evaluate data and improve assay methods. The data produced 
from MFs can be sparse, however if numerical or quantifiable, it’s likely 
that ML may be applicable. In this section, a variety of data produced 
from MFs is analysed in conjunction with ML to alter the way in which 
the data is analysed. 

An interesting study performed by Rizkin et al. (Rizkin et al., 2020), 
allowed the in situ determination of chemical reaction pathways by 
incorporating an array of sensors both inside and outside the MFs device, 
and coupling their output with ML. Programmed to monitor for the 
exothermic activity exuded during the reactions, the setup was able to 
adapt accordingly to help obtain the most efficient reaction conditions 
within the microreactor of the system. The setup is programmed to 
automatically change reaction conditions depending upon the previous 
run, with the system eventually learning optimal reaction conditions via 
a regularised NN. MFs offers the opportunity for multiple sensor/de-
tector arrays to be integrated within the system, due to its customisable 
nature. Examples of other sensors used for MFs in conjunction with ML 
are soft sensors, pressure sensors (Li et al., 2022) and microscopy; the 
latter of which is frequently applied for Flow Cytometry (FC). 

FC is a diagnostic practice to measure the physicochemical proper-
ties of a population of cells and/or particles. In terms of data analysis, 
resultant data can range from phenotypic categorisation to immune 
response observations (McKinnon, 2021). One of the most common 
practices of flow cytometry is via the use of fluorescent-labelled cells for 
improved detection and characterisation. A potent study in this field, 
performed by Ahmad et al. compared the efficacy of ML for the char-
acterisation of labelled CCs both experimentally and in a computation-
ally simulated environment (Ahmad et al., 2022). In both cases a 
Convolutional Neural Network (CNN) was applied to sort cells 
depending upon their physicochemical properties. CNNs are generally 
regarded as the foundation of all image-based DL (Riordon et al., 2019). 
The use of MFs for FC allow the precise control over the flow rate 
possessed by the cells, to allow for clearer images to be produced, 
determined by the frame rate of the microscopy (Yalikun et al., 2020). 
The precise channel structuring from laser micromachining and laser 
etching also ensured that cell imaging was possible in a 3D aspect due to 
image stacking. The use of CNN DL allowed cell sorting in this study to a 
degree of 99.4% accuracy, with categorisation speeds like those of real- 
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time cytometry. The database for the CNN was built up rapidly from 
both the experimental results as well as the simulations, which 
contributed to the overall success of the research, and the transferability 
of this technique to other cell types is immense. This technology has also 
been reported to be effective for the classification of red blood cells 
(RBCs) in haemolytic anaemia (Rizzuto et al., 2021). Anaemia can be 
caused by multiple factors, such as warped RBCs shape or lack of hae-
moglobin binding regions (Newhall et al., 2020), causing a lack of active 
O2 to cells. MFs FC in conjunction with ML allowed for the detection of 
multiple variant RBCs shapes, again by applying an automated CNN for 
categorisation. The study also implemented time lapse microscopy, an 
advanced technology that allows the recognition of cells without the 
need for a specific detection marker e.g., fluorescence. Similar tech-
nology allows for the label free assessment of cellular information, 
including digital holographic microscopy, as employed by Xin et al. 
during their MFs-FC-ML study (Xin et al., 2021). 

5. Benefits and limitations of Machine learning incorporation in 
3D printing and Microfluidics 

5.1. 3D printing 

The insertion of ML techniques in 3DP technology contributes on 
facilitating the precise fabrication of custom-made applications, as well 
assuring the specified requirements of the output. The enhancement of 
3DP monitoring through external parts, regarding different types of 
sensors and cameras, can be efficient on transferring gathered infor-
mation from a 3D material-based to a digital dimension level, such as 
cyber services, information clouds, advanced programming software, in 
order to translate the data variability into optimised commands for the 
3D printer (Faes et al., 2016; Nguyen et al., 2022). Hence, parameters 
connected to smart material properties and quality attributes of the 3DP 
procedure are thoroughly examined and easily adapted to personalised 
needs (Ji et al., 2022). Moreover, the research spectrum of 3DP in 
medical applications (e.g., devices, orthopaedics, implants, tissue engi-
neering, drug-loaded forms etc.) has been broaden, due to the potential 
to fabricate 3DP products based on biodegradable and eco-friendly 
materials, in a time- and cost-efficient way. Consequently, the concept 
of incorporating ML techniques in 3DP enhances its sustainability 
perspective in a socio-, economic-, and environmental-way (Elbadawi 
et al., 2021a). 

On the contrary, the incorporation of NN-based platforms in 3DP 
procedures may evoke limitations of the predicted outcome. ML tech-
niques require specific qualification and expertise on using and elabo-
rating the data. Software for developing algorithmic patterns and 
programming language, which are important for designing the learning 
path, are mostly complicated and addressed to qualified users; hence, 
training time for gaining the capable experience is variable and sub-
jective. Moreover, data which are used for the development of an ML 
technique may lack of labelling and structure and the development of 
the learning path is demanding or even inapplicable (Goh et al., 2021). 
The significant amount of “good” data, based on efficient and repro-
ducible results provided by research studies, simultaneously the insuf-
ficient provision of “bad” data, regarding the impractical results, lessen 
the knowledge background; subsequently, create a gap on developing 
Big Data libraries, which are useful for precise predictions. Another 
limitation is that online network and cloud systems are not always 
provided for data acquisition; thus, many data are inserted in an offline 
way, which influences the accuracy and the predictability potential of 
the method (Ji et al., 2022). Therefore, is essential that a control policy 
system is developed on accordance to data retrieval and usage. 

5.2. Microfluidics 

Due to the automation of MFs and its continuous process capacity, it 
appears as a prime candidate for the applications of ML. As mentioned, 

its high throughput behaviour allows for a large amount of data to be 
obtained in a short amount of time, which is essential for certain ML 
techniques including reinforcement learning. 

Despite the promise shown though from the synergy of MFs with ML, 
there are still drawbacks associated with its progression. Due to fluctu-
ations in MFs systems, it may be the case that ML training performed 
using one setup may not be applicable to that of another setup (McIntyre 
et al., 2022). Minor inconsistencies such as these can cause huge fluc-
tuations in the output data produced during actual experimentation. 

A minor limitation, as with all ML concepts is the number of data 
points required for effective functionality. As mentioned throughout this 
review, this limitation is minimised via the use of MFs due to the tech-
nologies’ high output level of data. Were this issue to be accentuated 
though, a less data-intensive form of ML, such as an MFEC algorithm, 
could be used. This applies also for image-based ML, such as those that 
apply CNNs, as the image acquisition prerequisites must also be 
considered (Dabbagh et al., 2020). The issue of data storage and GPUs 
functionality is quickly diminishing due to relevant advances within the 
computer-science field, allowing for larger datasets to be analysed in a 
shorter timeframe. It should be noted that higher-level storage and data 
processing units do still carry a great economic expense, meaning their 
financial viability may still be limited. 

6. Conclusions 

The technological background of AM and MFs has been reinforced by 
the insertion of ML, which is continuously asserted by numerous 
research applications. The unlimited amount of data permitted the 
development of advanced technological systems, which can predict 
undefined variables, observe, and determine faults and errors that may 
occur throughout processes. Different ML techniques have been applied 
on AM and MFs aiming on the development of custom-made pharma-
ceutical applications described by quality standards. In terms of PMs, ML 
methods were able to collect and evaluate data based on patient-centric 
characteristics; hence, producing predictive models that assess the fi-
delity to existing information. Finally, the efficacy of digital-based 
learning was enhanced with real-time monitoring by adjusting 
external sensors and detectors, while precision measurements of the 
outcomes were evaluated through data analytics. 

7. Expert opinion 

ML appears to be a promising technique for the evaluation of both 
AM and MFs workflows; however, the generated mathematical se-
quences may conceal risks, regarding the model complexity, conse-
quently, the interpretability of utilized data. Risks such as model 
overfitting to data phenomena, may set limits and conduct towards 
uncertainties (Yau et al., 2019); hence, incapable models for precise 
prediction processes are developed. Conversely, the combination of 
different learning paths capable to detect and provide results in a time- 
and cost-efficient way, along with the creation of online information 
clouds, loaded with real-time data, outline upcoming future research 
prospects (Elbadawi et al., 2020). Moreover, this flexibility of data 
processing may be efficacious on using the information or algorithmic 
patterns for similar technological applications or for combining 
methods; thus, the reduce of experimental cycles. Therefore, a learning 
method capable to define in an easy, rapid, and precise way aiming 
towards the evaluation of data is beneficial (Al-Kharusi et al., 2022). 

In addition, proposing a free-access data cyber may conceal the risk 
on handling this plethora of information in a secure and controlled way, 
respecting privacy and intellectual property guidelines. Hence cyber-
security systems, defined by different privacy levels and cryptographic 
patterns, are essential to be established on common shared information 
banks. Subsequently, the inception of creating a blockchain network for 
the reasonable use of data may ease regulatory inaccuracies and im-
pediments for product market approval (Sarker et al., 2020). 
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The establishment of smart factories is also a propitious achieve-
ment, regarding the use of advanced technologies in automated 
continuous manufacturing lines for the accurate and precise detection of 
the processes and the personalised pharmaceutical applications pro-
duction. The incorporation of ML in industrial-scale cybernetic pro-
cedures, comprises the performance of continuous CAPA cycles (Yu and 
Kopcha, 2017), which give feedback to synced data banks, as well as 
technological equipment for the amelioration of the process; hence, the 
fabrication of high-standard product attributes, targeting towards six- 
sigma quality and variability minimization (Nunnally and McConnell, 
2007). As a result, the upgrade of scale production for tailor-made drugs 
could be more efficient, simultaneously simple, and agile. 

All in all, significant progress has been done in the research field of 
incorporating ML in AM and MFs technologies, revealing promising 
aspects for the development of optimized targeted treatments. The need 
to minimize manufacturing errors and predict efficient therapeutic drug 
performance consist critical challenges for the scientific society. 
Therefore, the visualisation of creating novel algorithms qualified on 
solving actual problems automatically, without human intervention, 
concerns the nearest technological ambitions. 

Funding 

This paper was not funded. 

CRediT authorship contribution statement 

Aikaterini Dedeloudi: Resources, Writing – original draft, Writing – 
review & editing. Edward Weaver: Resources, Writing – original draft, 
Writing – review & editing. Dimitrios A. Lamprou: Conceptualization, 
Resources, Writing – review & editing, Supervision. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Data availability 

No data was used for the research described in the article. 

References: 
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