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Artificial intelligence is a rapidly expanding area of research, with the disruptive potential to transform tradi-
tional approaches in the pharmaceutical industry, from drug discovery and development to clinical practice.
Machine learning, a subfield of artificial intelligence, has fundamentally transformed in silico modelling and has
the capacity to streamline clinical translation. This paper reviews data-driven modelling methodologies with a
focus on drug formulation development. Despite recent advances, there is limited modelling guidance specific to
drug product development and a trend towards suboptimal modelling practices, resulting in models that may not
give reliable predictions in practice. There is an overwhelming focus on benchtop experimental outcomes ob-
tained for a specific modelling aim, leaving the capabilities of data scraping or the use of combined modelling
approaches yet to be fully explored. Moreover, the preference for high accuracy can lead to a reliance on black
box methods over interpretable models. This further limits the widespread adoption of machine learning as black
boxes yield models that cannot be easily understood for the purposes of enhancing product performance. In this
review, recommendations for conducting machine learning research for drug product development to ensure
trustworthiness, transparency, and reliability of the models produced are presented. Finally, possible future
directions on how research in this area might develop are discussed to aim for models that provide useful and
robust guidance to formulators.

1. Introduction 2022). Rational small molecule drug design produces lead molecules

based on a combination of screening, detailed structural knowledge of a

Machine learning (ML) has never been more accessible to pharma-
ceutical scientists. Computational performance and high speed
computing has increased in an exponential way since the 1970s (Lei-
serson et al., 2020). There are further modern algorithms available for
ML and there is great interest in applying these to drug product devel-
opment, with the number of published data-driven modelling studies
growing year by year (Wang et al., 2021). In parallel, product devel-
opment has become more challenging as drug discovery has also evolved
technologically over the previous decades (Lou et al., 2023; Park et al.,

biological target and the molecule, where the biological target is typi-
cally lipophilic (Bergstrom and Yazdanian, 2016; Doytchinova, 2022).
High lipophilicity and increased molecular weight are reflected in
molecules that emerge from combinatorial chemistry and
high-throughput based drug discovery, explaining why drug candidates
in the drug development pipeline exhibit poor biopharmaceutical
properties. Formulation scientists are increasingly tasked with formu-
lating poorly water soluble and poorly permeable drug candidates
(Keserii and Makara, 2009; Vinarov et al., 2021). Early developability
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assessments can prompt scientists to abandon highly lipophilic lead
candidates due to poor solubility or at least highlight the development
risk, while other development hurdles can also limit clinical translation
as high lipophilicity may also lead to suboptimal drug distribution,
metabolism, and/or toxicology (Agarwal et al., 2022). Moreover, the
trend towards an increasing molecular size often limits drug perme-
ability, which is a particular issue for some promising new drug classes
(Edmondson et al., 2019).

The needs of these difficult-to-formulate molecules are not optimally
met by the conventional iterative trial-and-error approach to formula-
tion design (Kuentz et al., 2016). A shift from empirical drug formula-
tion development to computationally supported pharmaceutics may
mitigate the unpredictability associated with the classical approach to
drug product design. In silico models used in computational pharma-
ceutics can be broadly divided into theory-driven models including
simulations that are based on physical sciences, and data-driven
modelling based on empirical pattern recognition and algorithmic re-
lationships (Kuentz and Bergstrom, 2021; Wang et al., 2021). Artificial
Intelligence (AI) exists within data-driven modelling and is a term used
to describe a computer system that simulates human intelligence. ML is a
special case of Al where algorithms improve performance through
exposure to data without being explicitly programmed (Bini, 2018;
Poole et al., 1998).

At the fundamental level, ML tasks aim to construct models that
generalise accurately to new, unseen data by utilising statistical in-
ferences from previously observed input data. The effective construction
of a model requires careful consideration of the balance between bias,
representing the propensity to underfit the data, and variance, indi-
cating the tendency to overfit the data. This trade-off between bias and
variance is at the core to the development of accurate machine learning
models and remains a critical concern throughout the model develop-
ment process. With supervised learning, the most common form of ML
seen in drug product development, a type of algorithm is presented with
a set of inputs mapped to known outputs. The goal is to train the model
to predict output values for previously unseen inputs. Supervised ML can
be further subdivided into regression, to predict a continuous numerical
outcome, and classification, to determine which class an unseen case
belongs to, depending on the nature of the output (Bannigan et al.,
2021). Conversely, the inputs to unsupervised learning algorithms are
not mapped to an output. Instead, the algorithm clusters similar data
together and finds empirical associations. Unsupervised learning can be
also used as a preliminary step before the data are passed to a supervised
learning algorithm (Maltarollo et al., 2015). The term semi-supervised
learning is applied when aspects of both supervised and unsupervised
learning are combined (Raschka and Kaufman, 2020). A final form is
reinforcement learning, which is rarely used in drug product develop-
ment, and entails continuous improvement as an algorithm rewards
desired outcomes and penalises undesired outcomes (Elbadawi et al.,
2021; Mak and Pichika, 2019).

Despite the increasing number of publications applying ML, the lack
of availability of recommendations for scientists on how to fit data-
driven models may result in a tendency towards suboptimal modelling
practices. The resulting models often fall short of the expectation of
robust predictions. For example, a model to predict the optimum
formulation for a molecule with challenging biopharmaceutical prop-
erties that is overfit to its training data will not provide reliable pre-
dictions once deployed. Therefore, suboptimal computational
pharmaceutics models may in the future cause more costly development
failures than the benchtop experiments they aspire to replace. While
research has not fully addressed suboptimal modelling as a potential
issue for drug product development, this phenomenon has been exten-
sively documented for small molecule drug discovery (Schaduangrat
et al., 2020) and clinical medicine (Ellis et al., 2022).

Fig. 1 identifies sources of suboptimality in ML modelling in drug
product development research, namely: irreproducible modelling; high-
dimensional modelling; overlooking existing datasets; a lack of in vivo
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Fig. 1. Barriers to the increased adoption of ML for drug product development.

data/modelling; and a reliance on black boxes. Failure to publish source
code and data makes it difficult for a third-party researcher to reproduce
the ML model and leverage off previous research in the field. In terms of
inputs, both the dimensionality and quantity of instances used to fit
models may be unsuitable, in particular for modelling a small number of
samples that each have many descriptors. Small datasets have domi-
nated research to date, producing models that may be trained with a
sufficient number of examples or have limited domains of applicability.
The promise of ML to deliver robust predictions of quality formulation
attributes, including in vivo attributes such as bioavailability, is
currently still not fulfilled. Moreover, increased model interpretability is
needed from a regulatory perspective in the framework of building
quality into the final product (i.e., Quality by Design) (Yu et al., 2014).
This review presents the current state-of-play of ML research in drug
product development. While parallels are drawn with ML for drug dis-
covery and clinical medicine, the focus here is on the path from drug
substance to licensed drug product. The possible limitations of the cur-
rent methodologies as outlined in Fig. 1 are presented in detail and
discussed considering the current literature, and finally, strategies are
suggested with proposed best practice for future research in this area.

2. Risks of irreproducible modelling

Reproducibility is central to the scientific method. In silico experi-
ments are no more immune to the current ‘crisis of reproducibility’ than
laboratory studies (Gibney, 2022). Reproducibility has no single agreed
definition and in this review, Gundersen’s definition of reproducibility
for ML is applied: “..the ability of independent investigators to draw the
same conclusions from an experiment by following the documentation shared
by the original investigators’ (Gundersen, 2021). It is important to note
that reproducibility encompasses both data availability (i.e. the need for
original data sharing for an independent investigator to replicate the
model) and performance (i.e. the need for the model to have similar
performance for new, real-world data as it showed on its test set).

From a mathematical viewpoint, there is inherent randomness with
ML modelling. For example, the data being used in supervised learning
to fit a model is often randomly split into test, train, and validation sets,
and different models can be produced depending on how the data is
partitioned. Similarly, in the case of neural networks, the initial synaptic
weights are small random numbers (Agatonovic-Kustrin and Beresford,
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2000). Notwithstanding such causes of randomness, a third-party
researcher should be able to independently reproduce the same ML
model given sufficient information in the form of data and code, espe-
cially in cases where the random seed used is specified. A robust
framework for reproducibility is essential to maximise adoption of ML
more widely for drug product development. However, in many cases ML
models in the published pharmaceutics literature often do not detail
sufficient information for a third party to replicate the results.

ML models cannot be readily reproduced if the data used to train
them are not published in a machine readable format (Haymond and
Master, 2022; Heil et al., 2021). Data-driven modelling is classically
seen as a black-box process and publication of data is a key step that can
be taken to enhance transparency. The FAIR (Findable, Accessible,
Interoperable, and Reusable) Principles for Data Management and
Stewardship should underpin the publication of all code, data, and
metadata associated with predictive modelling for drug product devel-
opment (Wilkinson et al., 2016). All data should, for example, have their
own globally unique and persistent identifier, such as a digital object
identifier (DOI) or persistent uniform resource locater (PURL) (Gun-
dersen et al., 2018). Thus, data available only after contacting the author
or publisher is not considered open in the strictest sense. Data published
as tables within PDF documents are not interoperable as they are not
readable by popular libraries for data analysis and manipulation, such as
NumPy (Harris et al., 2020) and pandas (McKinney, 2010). Even if
textual descriptors of the modelling methodology are published, these
alone cannot be used directly to produce an identical model as small
details are often lost without code (Gundersen and Kjensmo, 2018).

Clearly, data-driven research should have raw and processed data
published as standard. To illustrate the lack of data availability in the
drug product development applications, a simple Medical Subject
Headings (MeSH) term search (‘drug formulation” AND ‘machine
learning’) was employed to identify a set of recent publications that can
be analysed in detail. The aim was not to identify all relevant papers, but
instead to produce a reasonably sized sample of studies that could be
independently obtained by another researcher in a reproducible
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manner. By applying these MeSH terms in a search up to December 2022
(Supplementary Material 1), 27 relevant research articles were identi-
fied, of which 22 did not publish the data used to fit their models (Fig. 2).

There are some legitimate reasons not to publish all data explicitly,
including cases where input data are proprietary. Drug product devel-
opment models that are used in-house at pharmaceutical companies are
likely to be trained with the firm’s own investigational compounds and
thus the training data is not appropriate for publication. This is reflected
in the FAIR Principles, as there is no requirement for data to be open to
be FAIR. It has further been suggested that studies in these instances can
still share model predictions and data labels. The foundations of ‘open as
possible’ and ‘closed as necessary’ must be balanced on a case-by-case
basis in the context of pharmaceutical science datasets (Haibe-Kains
et al., 2020).

It is also essential for code to be published alongside data. The
traditional framework of scientific publishing, where the method used is
described textually in a research article, does not best meet the needs of
ML research (Schwab et al., 2000). It is highlighted across sources that
describing the modelling in a ‘Materials and Methods’ section alone is
generally insufficient for the output to be reproducible (Gundersen,
2021; Haibe-Kains et al., 2020). Uploading code to an open-source re-
pository not only increases transparency but allows for other researchers
to put this code into production without having to write it themselves. It
has also been argued that even the publication of source code does not
go far enough for deep learning algorithms — as changes in hardware that
the code is executed on (e.g thread count and random seed selection)
were demonstrated in certain circumstances to eventually alter out-
comes by an order of magnitude (Crane, 2018). This should be kept in
mind with the aim to use end-to-end modelling along the full spectrum
of drug discovery through to clinical trials, which means that initial
model predictions of physicochemical parameters or formulation prop-
erties can lead to substantial error propagation if used as input for
subsequent models that predict a product’s in vivo performance. Code
should also be annotated such that researchers without technical
knowledge of the project can broadly interpret the modelling process. In

Records identified via
MeSH search

Review Articles

(n=32) (n=1)
Research studies | Studies not relevant
(n=31) (n=4)

Research studies
examined (n=27) S

[]

TTTTTT

22 did not release data
25 did not publish code

4 did not specify software or
programming language used

22 did not specify what hardware
analysis was performed on

Fig. 2. A flow diagram summarising the results of the MeSH search strategy (‘drug formulation’ AND ‘machine learning’) used to identify a set of relevant papers

for analysis.
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the same set of 27 articles identified via MeSH searching, 25 did not
include their code, and 22 did not specify the hardware that the analysis
was performed on. Only one of the 27 articles specified all three of data,
code, and hardware. The purpose of this analysis is to demonstrate the
need for increased data and code sharing, rather than to criticise the
reproducibility of individual papers. These studies still represent ad-
vancements in our understanding of what pharmaceutically relevant
data is amenable to modelling. While the reliability of the models is
more difficult to assess without supporting data, it is important to
differentiate between reproducibility challenges due to inadequate
documentation and those arising from the scientific method.

Further adding to the reproducibility crisis across disciplines is the
phenomenon of data leakage. Just as clinical trials are blinded, so too
should creation of a ML model be completely blind to the test data that
will be used to assess performance. Data leakage occurs when infor-
mation about the test set is unintentionally exchanged with the training
set, causing a model to perform well on its test set but then not give
accurate predictions when it is used for real-world prediction. Accuracy
may be overestimated on the test set for a number of reasons, such as if
the data in the test set was included when selecting predictor variables,
or if the test set is not representative of real-world data, both of which
are examples of data leakage (Kaufman et al., 2012). In a literature
survey across 17 fields, Kapoor and Narayanan identified 329 papers
affected by data leakage, and proposed a taxonomy of eight types of
leakage to assist elimination of it (Kapoor and Narayanan, 2022).

In the absence of code and data, it is impossible to audit the full
extent of data leakage in computational pharmaceutics research. Keep-
ing with Kapoor and Narayanan’s classification system, ‘feature selec-
tion on training and test set’ is an unintended source of potential leakage
in recent articles. In one study which describes a prediction model for
ternary cyclodextrin complexes, the model inputs (or ‘features’) are
chosen using all of the data, not just the training data (Li et al., 2022).
Therefore, information about the test set that the model will be assessed
against was used to improve the model’s performance. Leakage can be
more subtle, however: in the prediction of tensile strength and disinte-
gration time of tablets using Partial Least Squares analysis, where it was
reported that data needed to be centred and scaled, but did not specify if
this happened before or after the data was partitioned into training,
testing, and validation sets (Hayashi et al., 2021). Variables should be
rescaled using statistics calculated from the training set only, to prevent
the leaking of information about the test set to the ML algorithm.

Kapoor and Narayanan advocate for the use of ‘model info sheets’ to
accompany published predictive models. These prompt scientists to
consider all possible sources of data leakage, and ensure training data is
not inadvertently contaminated with information from the test set. A
template for model info sheets is included with their arXiv preprint and
includes questions such as process used to select the test set, and how the
test-train split was maintained at each model evaluation step (Kapoor
and Narayanan, 2022). Such a framework has clear potential to enhance
reproducibility of ML models in the field of drug formulation. A
deployed ML model is only expected to make reliable predictions within
the space it was trained on. Describing the ‘applicability domain’ of a
model can establish the boundaries of its predictive capabilities and
assist in preventing predictions beyond this range, as such predictions
would be unreliable. Considering the vast diversity in the chemical
space encountered, it is advocated to report the applicability domain for
ML models. In essence, these methods revolve around reporting the
similarity of a new encountered sample compared to the predictor space
encountered within the training set. There are several methods to
quantify the applicability domain, including identifying the most
important features and examining their distribution and extremes in the
training set, as well as using Principal Component Analysis to compare
the position of new samples with the training set in a lower-dimensional
space (Netzeva et al., 2005).

The predictive models built by drug product development scientists
cannot be used in practice for new data if the algorithms cannot be
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reproduced. In cases where models are not constructed using code but
instead by statistical software, other means to facilitate the exchange of
algorithms must be identified. Predictive Model Markup Language
(PMML), an Extensible Markup Language that is both machine and
human readable, can be used to facilitate interoperability and score new
examples (Guazzelli et al., 2009). Another means of broadening the
adoption of predictive models is the development of user-friendly ap-
plications. A successful example is M3DISEEN.com, where users can
quickly generate in silico predictions relating to fused deposition
modelling three dimensional printing of an oral tablet (Elbadawi et al.,
2020). The model card framework proposed by Mitchell et al. can also be
used as a tool by drug development scientists to disseminate key infor-
mation about their model, particularly to a non-expert audience
(Mitchell et al., 2019). The reader is also directed to recent computa-
tional reproducibility standards for life science researchers proposed by
Heil et al. (2021).

To avoid discrepancies between how well the model performs on its
test set and how well the model performs on real-world data, careful
considerations during training of the model must be made to ensure its
generalisation capability. The strategy employed to guarantee this will
depend on the algorithm under evaluation and the structure of the data.
Hyperparameters (e.g. the number of trees in a random forest or the
regularization strength of a least absolute shrinkage and selection
operator (LASSO) regression model) control the behaviour of an ML
model and are specified by the user before training. They control the
architecture and functionality of the model, and significantly impact
model performance. The optimal hyperparameter values should be
tuned by using cross-validation schemes on the training data to avoid
train-test leakage, while at the same time considering different struc-
tural aspects of the data within the training set. This process facilitates
training of the algorithm without sacrificing data and inducing train-test
leakage. Cross-validation works by partitioning the training data into
multiple subsets and iteratively training the model on different combi-
nations. The final estimator evaluation can be conducted on the test set
to ensure true model performance (Probst et al., 2019).

3. Risks of high-dimensional modelling

While the focus of this review is on data-driven computational
modelling, mechanistic modelling, where equations that describe
physical, chemical, and biological processes are solved or approximated
by computational approaches, have also seen success in guiding drug
formulation design. Molecular dynamics, computational fluid dynamics,
and discrete element modelling to name but a few similarly achieve the
goal of reducing the need for laboratory experiments and accelerating
development (Mehta et al., 2019). These mechanistic models often have
well-defined inputs as there are equations that underpin the phenomena
under investigation. This is not equally clear in the case of data-driven
modelling. It may be possible in some cases to select predictor vari-
ables based on theoretical equations (e.g. octanol-water partition coef-
ficient and melting point in the case of solubility prediction) (Jain and
Yalkowsky, 2001; Kuentz and Bergstrom, 2021). For many modelling
problems, however, it is unclear which features are most predictive of
the response variable. A key goal of ML is to reveal such previously
unknown patterns or correlations in the data so this aspect of variable
importance should be addressed in the modelling strategy.

Data is typically presented to ML algorithms as lists of values called
vectors. Each value in the vector represents a different input variable,
also known as a feature, that describes the data. Each case in the dataset
is represented by its own vector, and the number of features (variables)
in the vector is called its dimensionality. While it may seem counterin-
tuitive at first, a vector with more features will not necessarily generate
better predictions, as too many dimensions make it difficult for ML al-
gorithms to produce models that generalise well. This is due to the
‘Curse of Dimensionality’, which refers to the loss of underlying patterns
in the data as dimensions are added and the feature space becomes
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increasingly sparse (Berisha et al., 2021).

This is especially relevant to drug product development datasets that
can often have far more descriptors (i.e. features) than samples (i.e.
vectors) (Jain and Zongker, 1997; Raudys and Jain, 1991). A classic
example is drug solubility prediction, where thousands of molecular
descriptors, each representing an additional dimension, are immediately
available from the literature or via rapid calculation. However, the la-
bour and cost associated with solubility studies limits the number of
samples, and therefore training cases for ML (Bergstrom and Larsson,
2018; Kuentz and Bergstrom, 2021). Preliminary solubility estimation is
crucial at the early stages of drug product development and as such it is
in the interest of the field to use algorithms to streamline this process.
Therefore, the benefits of modelling in lower dimensions and regulari-
zation techniques, including increased interpretability, lower compu-
tational cost of modelling, and, in some cases, increased accuracy by
reducing noise and overfitting, should be explored (Jia et al., 2022).

For unsupervised clustering algorithms, such as k-means clustering,
each vector is placed in a multi-dimensional space and the algorithm
attempts to group similar cases together. Extra dimensions increase the
average pairwise distance between data points and can result in loss of
clear clustering seen in lower dimension problems (Altman and Krzy-
winski, 2018; Cunningham and Delany, 2022; Jain and Chan-
drasekaran, 1982). Similarly, for supervised learning algorithms like
some artificial neural networks, the available information relative to the
number of dimensions decreases with each additional independent
variable. Rather than finding a general ‘line of best fit’, ML algorithms
tend to overfit when there are many variables but only a few samples,
and instead ‘connect the dots.” The model will then fail to generalise on
data that it did not encounter during training, resulting in unexpected
and inaccurate predictions in practice (Schittenkopf et al., 1997).

Categorical nominal inputs (for example, route of administration,
excipients used during formulation, dosage form) are not readable by
some ML algorithms in their native form, with the notable exception of
tree models. As such, they must be transformed into a numerical format,
with the most widespread technique being ‘one-hot encoding.” One-hot
encoded features are described as a list of binary values as described in
Fig. 3. This introduces complexity to a modelling problem, as an extra
dimension must be added for each category included in the dataset.
Seemingly straightforward problems quickly acquire many dimensions,
necessitating a large sample size to model effectively (Hastie et al.,
2009).

ML is generally accepted to work best with large datasets, but with
the expense associated with drug product development studies, a key
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factor to consider is the number of training cases that are required.
Topliss and Costello observed that when there were fewer than five cases
for each independent variable in a simple linear regression model, any
correlations observed were likely due to chance (Topliss and Costello,
1972). This would suggest a linear growth in the number of samples
needed for each additional dimension, but this is not always the case in
practice. For example, each additional one-hot encoded variable results
in exponential growth of required sample size, as for n binary variables,
there are 2" possible combinations of categories (see Fig. 3). Further-
more, introducing many binary dimensions to a small dataset can result
in category combinations appearing in testing/validation sets that the
model did not encounter in training. Models trained on limited data
show strong bias as the model overfits and performance ‘improves’ due
to noise instead of signal (Hastie et al., 2009).

One essential step in ML modelling that is often overlooked is feature
engineering — using data science and domain expertise to manipulate
raw data into more rational algorithm inputs (Bengio et al., 2013). The
exception to this is certain deep learning methods where the model is fit
using the raw data and feature extraction occurs autonomously. This
autonomous approach has seen applications in chemical-chemical
interaction potential (Kwon and Yoon, 2017) and drug design (Mon-
teiro et al., 2021), amongst others. Dimensionality reduction without
loss of predictive accuracy, however, remains a key objective for most
models.

It is computationally cheaper and faster to train models with fewer
dimensions. Additionally, models with fewer inputs can be advanta-
geous as some features may be laborious to determine or cumbersome to
calculate. Dimensionality reduction has been shown in some instances to
increase accuracy by reducing noise (Jia et al., 2022). There is no
general-purpose approach to optimising features. The calculation of
derived features and grouping of similar categorical inputs can greatly
mitigate the ‘Curse of Dimensionality’. Principal component analysis
and partial least squares regression in particular have seen extensive
applications to reduce dimensionality in drug product development
datasets (Ferreira and Tobyn, 2015).

Another obvious approach is to exclude inputs which do not make a
meaningful contribution to output (Steppe and Bauer, 1997). In order to
filter redundant features, the strength of the univariate relationship
between each descriptor and the target output can be quantified by
various importance metrics, such as mutual information or the Pearson
coefficient. Importance analysis must only be performed with training
data to prevent leakage. Similarly, ‘greedy engineering methods’ add or
reduce the number of variables used by a model in a stepwise manner
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Fig. 3. Simple illustration of one-hot encoding. The figure above shows a fictitious lipid-based formulation. One-hot encoding creates a binary dummy variable for each
category. Every excipient is given its own dummy variable. As the number of excipients increases, so too does the number of dummy variables and, therefore,
dimensionality. If there are too many dummy variables, the feature space becomes sparse with many zeroes, and synergistic combinations of excipients may not be
modelled effectively. One-hot encoding can be used in many other situations relevant to drug product development, such as to represent SMILES strings, atom types,

and routes of administration.
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based on importance and have seen success in optimising models for
drug product development (Bennett-Lenane et al., 2021). While these
methodologies reduce dimensionality, they ignore cases where inputs
may have synergistic/antagonistic effects (Chandrashekar and Sahin,
2014; Guyon and Elisseeff, 2003). In the context of drug product
development, however, domain expertise can offer insight into which
features are naturally meaningful and which are expected to be redun-
dant. Another approach to feature selection and dimension reduction is
regularization such as L1 and L2 regularization applied by LASSO and
Ridge Regression respectively. By adding a penalty term to the cost
function that these models are trying to optimise, sparse coefficient
values for each feature can be obtained, avoiding challenges inherent to
overfitting and limited interpretability (Demir-Kavuk et al., 2011).

To illustrate the merits of feature engineering, consider a study
which describes the use of a random forest model to predict the extent of
agglomeration in pharmaceutical particulate systems using nine input
features (Sinha et al., 2021). An importance analysis after the model was
constructed and revealed that five of the nine features had a negligible
effect on mean squared error of the model. By applying a feature se-
lection approach and constructing the model again using only the four
most important predictors, accuracy may improve (Sinha et al., 2021).
Comparably, many of the 21 inputs in a study to predict tensile strength
and disintegration time of tablets did not contribute meaningfully to the
model’s output (Hayashi et al., 2021). This study also produced two fully
interpretable decision trees using only the top seven most important
inputs from their two earlier models. The benefits of this methodology in
terms of dimensionality reduction are obvious. The added advantage of
interpretability gain is discussed in detail under ‘6. Reliance on Black
Boxes’.

Determining the best inputs or mathematical transformations of
these inputs is computationally challenging. It has been shown mathe-
matically that the only method to determine the optimum subset of
descriptors is an exhaustive search of each possible subset, but in high
dimensional drug product development datasets this may not be feasible
(Cover and Van Campenhout, 1977). A modelling problem with 20
features, for example, would require 1,048,575 solutions to be con-
structed (2" possible sets minus the null set). This also ignores the po-
tential for dimensionality reduction or derived features. The features
that minimise the error for one algorithm may not be the same for
another, or even the same algorithm with a different internal architec-
ture. Moreover, feature selection algorithms can be unstable for small
datasets that have many dimensions, meaning that each iteration of the
algorithm can give different results (Dernoncourt et al., 2014). Even
though the solutions set provided by feature selection algorithms may be
suboptimal, the final model can still be of high predictive quality.

4. Possible opportunities with existing data

The ‘Curse of Dimensionality’ emphasises the need for sufficient
high-quality data to effectively model a given problem. Computational
chemists have assembled immense datasets from which data-driven
modelling can be performed. In one library, for example, the docking
of 170 million make-on-demand compounds against two biological
targets was used to identify novel highly potent agents (Lyu et al., 2019).
Schneider et al. propose that ML approaches could use big data like this
to identify promising ways in which libraries can be expanded further
into the most relevant drug-like chemical space (Schneider et al., 2020).
In the clinical sciences, the availability of labelled big data has fuelled
applications of ML to diagnostic image processing and ECG/EEG inter-
pretation (Topol, 2019). The potential of pharmaceutical consortia to
gather experimental datasets and synthesise structured data from the
existing body of unstructured digital information has yet to be fully
realised.

It has been demonstrated already in this review that small sample
size modelling with many independent variables leads to a sparse
feature space and makes overfitting likely. Despite this, the prevailing
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approach to ML in the drug product development literature involves
conducting small-scale experiments for the purpose of modelling the
results obtained. An alternative approach is to exploit insights from the
existing regulatory or literature data where available. A current issue to
this end is that there are limited databases or otherwise machine-
readable data that are relevant to the formulation scientist for such
ML efforts. However, with increasing numbers of open data publications
and efforts in pharmaceutical consortia to gather larger datasets, this
current situation is about to change. International campaigns of data
sharing and generation, including the Simcyp consortium (Jamei et al.,
2013), OrBiTo (Lennernas et al., 2014), PEARRL (Kuentz et al., 2021)
and most recently InPharma (Reppas et al., 2023), will continue to result
in databases that can be used for ML research. This would form a basis
for a shift in focus from production to consumption of data in ML, which
has the potential to uncover underlying patterns in current knowledge
and prevent wasteful duplication of experiments.

It is promising that the rate of data generation generally is increasing
year on year, with some of this data likely to be meaningful for drug
product development. International Data Corporation project that the
datasphere, the total digital data in the world, will amount to 175 zet-
tabytes by 2025 (Reinsel et al., 2018). The rate of data generation far
exceeds our current extraction of useful information from it, with most
data being unstructured and challenging to analyse. This is echoed by
regulators. The Heads of Medicines Agencies-European Medicines
Agency Big Data Taskforce define big data as ‘extremely large datasets
which may be complex, multi-dimensional, unstructured and hetero-
geneous...” (HMA-EMA Big Data Taskforce, 2019). Data mining, the
process of extracting information from big data using ML and statistics,
is needed for pattern and anomaly detection. The Food and Drug
Administration routinely uses data mining tools to process large safety
report datasets (Duggirala et al., 2016), and are expanding this to other
aspects of the drug lifecycle as part of the Knowledge-aided Assessment
and Structured Application System (Yu et al., 2019). Literature exam-
ples, however, of data mining being applied to data for drug product
development are limited.

Whether a study produces or consumes data depends mainly on the
availability of machine-readable data. For example, there is potential for
data to be scraped from the regulatory datasphere in ML modelling
campaigns to predict the bioavailability of marketed formulations
(Bennett-Lenane et al., 2022). It is important to recognise that the data
of interest to drug product development scientists may not be as easily
accessible in the same way as small molecule libraries due to a lack of
high throughput experimental methods. Smaller datasets will likely be
easier to convert into a machine-readable format, in contrast to big data
where significant cleaning may be required to appropriately format the
information. Smaller datasets that are produced from combined efforts
in, for example, a consortium would have fewer confounding parameters
from non-standardized methods or other noise factors that are
commonly included in gathered unstructured datasets.

None of the studies uncovered in this review exploited big data,
which is again likely due to the limited availability of big data relevant
to drug formulation. Many studies, however, demonstrated that litera-
ture data can be effectively mined. Li et al. combined data from multiple
papers to train ML models to optimise the formulation of drug/cyclo-
dextrin/polymer complexes (Li et al., 2022). Wang et al. highlighted the
challenges of combining data from different sources in this manner, such
as heterogeneity of structure (Wang et al., 2021). Often with this
approach, the available data differs between studies, requiring fields
with missing values to be either dropped or have these numbers imputed
(Emmanuel et al., 2021). The strategy for handling missing data in this
case was guided by a combination of statistics and domain knowledge.
The prediction of subcutaneous monoclonal antibody bioavailability has
also been guided exclusively from data consumption. Lou and Hageman
constructed a database of monoclonal antibody bioavailability with 47
potential predictors that were obtained from the literature (Lou and
Hageman, 2021). Some studies combined experimental and literature



J.D. Murray et al.

data, e.g. a model to predict tablet properties from material properties
used a dataset that contained elements of data consumption (e.g. by
expanding on existing material libraries via literature search) and pro-
duction (e.g. determination of tensile strength and disintegration time
experimentally) (Hayashi et al., 2021).

Data fuels ML, and drug product development lacks the enormous,
structured data libraries available for other scientific disciplines such as
drug design and medical image processing. Searches of open dataset
collections yield far more results for medical images and drug design
than drug formulation. The ‘drug-like’ chemical space of molecules that
conform to Lipinski’s Rule of Five for oral absorption (Lipinski et al.,
2001) has been estimated to be in excess of 10%° (Bohacek et al., 1996;
Reymond, 2015). This is especially relevant in the field of excipient
design. Defining a chemical space for excipient design is not as clear
given the structural diversity and the many roles they fulfil in the
various dosage forms. This is complicated further by excipients that
cannot be defined as a single chemical structure, such as many polymers
and lipid-based formulation excipients (Rowe et al., 2009). Existing
explorations of excipient chemical space have been isolated to specific
classes of agents, including freeze-drying excipients (Meng-Lund et al.,
2019) and stabilising molecules for antibodies (Tosstorff et al., 2020),
and not aided by ML.

The ability of computers to generate this chemical data far exceeds
the human capacity to perform the same task. Investigations of the
extent of the small molecule chemical universe to date have been pre-
dominantly automated. The GDB-17 database enumerates 166.4 billion
molecules of up to 17 atoms of carbon, nitrogen, oxygen, sulphur, and
halogens (Reymond, 2015). At the time of the publication of GDB-17,
PubChem, the largest publicly available collection of chemical infor-
mation, listed only 2.5 million compounds that conform to the same
restrictions as the GDB-17 database (Ruddigkeit et al., 2012). Machines
could ultimately outperform humans in their power to aggregate exist-
ing observations in the drug product development datasphere. A vision
of formulation sciences would be to scrape unstructured textual data
from the drug product development datasphere/literature with a sub-
sequent transformation into structured data for ML. Large volumes of
human-readable semi-structured text from regulatory documents, safety
reports, etc., can be systematically separated into segments, with useful
segments being retained and added to a database (Aho, 1990). Natural
language processing applied to drug development goes a step further
than regular expression searching. Rather than being rules based, nat-
ural language processing is an Al technique for the analysis of human
language (Nadkarni et al., 2011). A recent review by Bhatnagar et al.
illustrated the applications, challenges, and future opportunities of
natural language processing in drug development (Bhatnagar et al.,
2022). Machine vision problems (Ficzere et al., 2022; Thite et al., 2022)
may also benefit from large automatically generated image databases
from which training examples may be obtained.

5. Lack of in vivo modelling

Identifying in vitro and in silico models for in vivo prediction is a
fundamental objective of pharmaceutical science. Although in silico
modelling has traditionally focused on the theory-driven approach, such
as Physiologically Based Pharmacokinetic Modelling, Al and the surge in
data has sparked expanding interest in data-driven representations of
physical and biological processes. To date, the applications of ML to
drug product development have concentrated on optimising factors such
as processability, product stability, etc., rather than enhancing in vivo
performance. From the set of articles identified by MeSH searching, only
one was trained using in vivo data to predict an in vivo outcome. Lou and
Hageman sourced subcutaneous bioavailability values of monoclonal
antibodies from regulatory documents and literature to derive a rela-
tionship between product properties and bioavailability (Lou and
Hageman, 2021). This permits efficient estimation of subcutaneous
bioavailability for many monoclonal antibodies and formulation
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strategies without the need for benchtop data. Rich libraries that inte-
grate published data, molecular descriptors, and in vivo human out-
comes, such as the dataset of intravenous pharmacokinetic parameters
reported by Lombardo et al. (2018), provide a promising framework for
predictive model design.

There is limited feasibility to employ a data production pipeline for
ML studies predicting in vivo outputs for given formulations. Human
studies are expensive and require ethical approval. Animal studies are
also used to gain in vivo data for drug product development. However,
there are ethical and cost considerations associated with collection of
animal data for modelling. In some cases, such as for bioavailability
determination, results do not necessarily correlate across species,
complicating the construction of a ML model (Musther et al., 2014).
Additionally, outside the personalised medicine domain, traditional
formulation decisions are made at the population level to identify a
one-size-fits-all dosage form, which creates a scarcity of patient level
data at a specific subpopulation level e.g. special population level
(Trenfield et al., 2018).

There is also significant variability in how clinical trial results are
reported (Comets and Zohar, 2009), with patient-level data often
omitted. Thus, a ML model fit using population statistics will learn dif-
ferences between formulations for a whole population instead of
learning from the variability one might obtain by training a model with
individual data points. Consequently, Lou and Hageman's (2021)
model, for example, could not be used for patient-level predictions of
exposure. In vivo data tend to show high inter-occasion and
inter-individual variability, in comparison to laboratory or
manufacturing data that are less noisy. Investigational drug molecules
identified via screening processes that favour poorly water soluble
molecules in particular are likely to show variable oral absorption and
hepatic metabolism (Di et al., 2012). This presents unique obstacles for
intelligent algorithms as individual prediction, like many biological
processes (Sejdi¢ and Lipsitz, 2013), has a stochastic nature.

Given the considerable variability of in vivo performance, it is crucial
that the populations from which pharmacokinetic parameters are ob-
tained are representative of the patients that will use the formulation. It
is well documented that ML can amplify bias, with many prominent
examples in clinical medicine of models that do not perform well on
underrepresented patient subpopulations (Mehrabi et al., 2022). When
collecting values such as bioavailability, food effect, and
inter-individual variability from the datasphere, any bias in the design of
the clinical trial to determine these figures will be integrated into the
model. The complexity deepens when different trials have different
levels of representation, variable sample sizes, or when this information
is not reported. Algorithmic approaches to lessen this bias, including
oversampling, undersampling, and adversarial debiasing, are of limited
benefit here because frequently the data from underrepresented groups
is lacking completely (Vokinger et al., 2021). In trials where there are
small numbers of underrepresented populations and parameters are
reported as trial averages only, data relating to these individuals cannot
be oversampled. A model card (Mitchell et al., 2019) accompanying ML
models of in vivo outcomes should fully describe the data used to train
the algorithm, biases associated with that data, and the population for
which the prediction is expected to be valid.

Another source of bias stemming from the nature of studies in reg-
ulatory documents is the lack of data on failed drug products. Formu-
lations that already fail to provide sufficient oral bioavailability in
preclinical animal testing are typically not tested in early clinical trials
for a comparison with a bio-enabling formulation. Trial failures of drug
candidates abandoned for commercial reasons are often lost from the
publicly accessible drug product development datasphere. Recent
analysis shows that the compliance with reporting requirements on
ClinicalTrials.gov, the world’s largest clinical trials registry, is poor
(DeVito et al., 2020). Even for investigational products that fail at
late-stage clinical trials, a majority of studies are not published in
peer-reviewed journals (Hwang et al., 2016).
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Furthermore, the marketed product may not be the optimum one in
terms of biopharmaceutical performance. Fenofibrate (Ling et al., 2013)
and cyclosporin (Mueller et al., 1994), for example, both saw improved
formulations with enhanced bioavailability and more reliable pharma-
cokinetics brought to market following approval of the parent formu-
lation. Formulation decisions are made for ease of manufacturing,
commercial reasons, and patient preference as well as in vivo concerns,
and often the result is a balance of these sometimes competing factors.
The formulation that maximises exposure, for example, may not be
scalable to manufacture, (Stegemann et al., 2007) or there may be a
company tradition or strategy to favour an alternative bio-enabling
approach (Kuentz et al., 2016). Such multi-objective optimisation
problems typically do not have a solution that satisfies all objectives
simultaneously. Rather, there are a range of possible solutions, where
optimising for one outcome can result in a trade off with another
(Narayanan et al., 2021). Even at the stage of drug discovery,
multi-objective optimisation may aim to balance receptor affinity,
aqueous solubility, metabolic stability, and other key pharmacokinetic
and pharmacodynamic parameters (Schneider et al., 2020). A model fit
using data from marketed drug products is therefore not trained with
formulations that are optimum, but with formulations that are satis-
factory to see clinical translation.

Despite efforts to construct biologically relevant algorithms, there
are key outcomes for which there are insufficient in vivo data for
modelling. In vitro surrogates of in vivo outcomes, where laboratory
outcomes are used in place of clinical trials, can save costs and eliminate
the ethical burden of human trials. There are instances in which in vitro
studies have particular advantages compared to in vivo studies with a
limited number of subjects. For example, in vitro studies can more
suitably investigate bioequivalence for immediate release solid oral
dosage forms, excluding the high risk of Type II error of in vivo studies
(Polli, 2008).

Therefore, the question arises, should intelligent in silico tools based
on in vitro data be considered valid for the prediction of in vivo outputs?
On one hand, correlation is not strictly transitive and therefore an in
silico-in vitro model does not necessarily imply an in silico-in vivo rela-
tionship (Sotos et al., 2009). A model that performs well at predicting
drug solubility in biorelevant media is not guaranteed to represent in
vivo solubility. In vitro methods with a high degree of biorelevance may
still have limited predictability as the mechanistic nuances of the in vivo
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context are lost, but this is case-dependant (Vinarov et al., 2021). This is
an intense area of research and the biorelevance and predictive capa-
bilities of in vitro methods are constantly evolving. Data-driven, theor-
y-driven, and in vitro methods can also be used in parallel. A study by
Parrott et al. demonstrated that certain pharmacokinetic parameters of
lipophilic drugs can be accurately predicted by integrating ML-predicted
properties and in vitro data with Physiologically Based Pharmacokinetic
models (Parrott et al., 2022). This is essentially an approach that com-
bined data-driven and mechanistic modelling, which is a promising
approach to the outlined challenges in predicting in vivo performance of
drug products.

6. Reliance on black boxes

Not all ML models are equally transparent for human understanding
and while theory-driven models with explicit equations should be fully
transparent, a diametral type of model is often called a ‘black-box’. The
reliance on black box modelling further limits the widespread adoption
of ML models for drug product development. The model takes inputs and
returns outputs, but the internal workings of the algorithm are not
readily interpretable. Deep learning is a key illustration of this: many
hidden layers of neurons perform nonlinear transformations on un-
structured data to produce abstract representations which are not seen
by the human building the model (LeCun et al., 2015). While there are
types of data, such as image and video processing, that require this deep
learning approach (Chen et al., 2021), a majority of drug product
development data has structured inputs for which an impact on output
would ideally be modelled with interpretable ML. Interpretable ML is an
approach where the relationship between input and output data can be
clearly understood (Fig. 4). Interpretability is a spectrum and is case and
domain specific, but generally accepted examples of interpretable al-
gorithms include decision trees, scoring systems, Naive Bayes classifiers,
rule lists, and simple linear or logistic regression models (Du et al., 2019;
Molnar et al., 2020).

A common misconception is that black boxes always outperform
interpretable models. While again problem-specific, both interpretable
and black box ML methods tend to show similar accuracy for tabular
data where there is appropriate feature engineering. Rudin (2019) ar-
gues that when performing ML on a dataset, there are a number of
different modelling approaches which will all have similar accuracy,
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Fig. 4. A selection of commonly used ML algorithms arranged from least interpretable to most interpretable. The distinction between interpretable ML and
explainable ML is also illustrated. Interpretable models, such as multiple linear regression, clearly show the relationship between input and output without the need
for a separate explanation model. Black box models, such as deep neural networks, require explainable ML techniques to understand the relationship between input

and output.
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called the Rashomon set. This set of possible models is typically large
when data is structured and inputs are naturally meaningful, as they are
for most drug product development datasets. Rudin indicates in this set
of equally predictive models, at least one is interpretable (Rudin, 2019).

The major advantage of interpretable ML models is that the effect of
each input on the output under study is obvious, and thus the model is
straightforward to both deploy and understand (Rudin, 2019). Although
more human-readable and less computationally expensive to use in
practice, these models are not necessarily easier to construct. Significant
restrictions are placed on what the final model can look like, and
therefore the production of an interpretable algorithm is a constrained
optimisation problem, as opposed to unconstrained optimisation asso-
ciated with black box models (Rudin et al., 2022). Rudin indicates also
that much of the current ML talent is concentrated in deep learning, and
that ML packages favour uninterpretable models. In short, accuracy may
be easy to achieve but an optimum, sparse, interpretable algorithm that
maintains this accuracy usually exists although it can be difficult to
identify (Rudin, 2019). It was proven almost 50 years ago that it is
computationally intractable to construct an optimal binary decision
tree, as the problem is NP-Complete (nondeterministic polynomial time)
(Hyafil and Rivest, 1976). In spite of this proof, the value of sparse and
interpretable solutions is demonstrated by the volume of research into
enhanced decision tree and rule list optimisation over the last 60 years
(Angelino et al., 2018; Kotsiantis, 2013).

To understand the need for interpretable models, it is important to
clarify the shortcomings of using explainable ML to understand black
boxes. Unlike interpretable models, which are human readable,
explainable ML aims to explain black box input-output relationships and
justify how the model arrived at its prediction. Ranking of input
importance is a simple example of explainable ML. The vast number of
importance metrics, the inability to detect synergistic or antagonistic
interactions between inputs, and difficulty in determining the direction
of the relationship show how complicated black box explanations need
to be. For further discussion the interested reader is directed to Rudin’s
perspective on the subject (Rudin, 2019).

In the context of formulation, predictive models are often built with
the intention of inference rather than pure prediction. For example, to
determine the best physicochemical properties of an excipient to solu-
bilise a model drug, a study may be carried out where 100 solubilising
excipients are examined. With an interpretable model, such as a decision
tree, one can easily see what a theoretical ‘best excipient” might look
like. If explainable ML, as described above, were used in conjunction
with a black box for the same problem, extensive trial and error with
different input combinations may be required to optimise the excipient
properties (Alarie et al., 2021).

Of the papers identified in this review there was clearly a higher
prevalence of black box modelling, with only isolated examples of
interpretable models. In a study of capping occurrence, both
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interpretable models (a decision tree and a logistic regression model)
and black boxes (neural network and random forest) were constructed
(Paul et al., 2021). All four models showed broadly similar accuracy for
their test/validation sets, ranging from 90.7% for logistic regression to
96.4% for the neural network. The random forest, which contained an
ensemble of ‘up to 500 trees’, performed only marginally better than the
single interpretable decision tree on the same test set and reduced the
number of misclassifications from 7/86 to 5/86. The best neural
network misclassified 3/84 cases. Interestingly, the models disagreed
over the direction of some of the relationships. A high interparticulate
bonding strength was predicted to increase rate of capping for the lo-
gistic regression model, decrease rate of capping for the decision tree,
and not significantly influence neural network prediction.

Lipton introduces the concept of decomposability to interpretability:
‘each input, parameter, and calculation admits an intuitive explanation.’
(Lipton, 2017). Lou and Hageman’s models for subcutaneous antibody
bioavailability prediction include a decision tree, a random forest, and
an Adaptive Boosting (AdaBoost) algorithm, amongst others (Lou and
Hageman, 2021). Like the random forest, AdaBoost is an ensemble
method that typically combines many weak learners, such as decision
stumps, where subsequent stumps focus on incorrectly classified cases.
All three algorithms showed the same performance on the validation set
(separate to the training set and the test set used to tune hyper-
parameters), with 78% accuracy (Fig. 5). The decision tree out-
performed the multilayer perceptron neural network, which correctly
classified just 67% of validation cases. Despite the human readability of
the decision tree architecture, the inputs generated are principal com-
ponents of the original feature list in their drug product library.
Although a major use case of Principal Component Analysis is to make
high dimensional data more interpretable, in this case the strength and
direction of relationship between an individual feature and model
output is difficult to interpret. A decision tree split on molecular weight
and intrinsic solubility score, for example, would be more interpretable
than a decision tree split on linear combinations of all 47 inputs.

Examples of interpretability thus far have focused on classification
problems, but interpretability is equally desirable for regression anal-
ysis. Interpretable regression models (a multiple linear regression model
and a polynomial linear regression model) were fit to predict Young’s
modulus of pharmaceutical compacts. In both cases, there was an
acceptable level of prediction (R* = 0.81 and R? = 0.89, respectively)
and the effect of each independent variable on output is clear (Thomas
etal., 2021). Even with explainable AI approaches like Shapley Additive
Explanations (Lundberg and Lee, 2017) that justify how the black box
arrives at individual predictions, the exact mathematical relationship
between input and output cannot be fully understood. The Local Inter-
pretable Model-Agnostic Explanations (LIME) algorithm (Ribeiro et al.,
2016) is another explainable Al technique that creates a locally faithful
interpretable approximation for any black box, but again cannot be used
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Fig. 5. Adapted from models produced by Lou and Hageman to predict subcutaneous bioavailability of an antibody formulation. It can be easily observed that only
the decision tree’s architecture is fully interpretable. All three models had equal accuracy (78%) on the same validation set, despite random forest and AdaBoost
being ensemble methods with hundreds and sometimes thousands of decision trees contributing towards the final prediction.
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to find a globally optimum formulation (assuming one exists).

It is impossible to generalise that all drug product development
datasets are amenable to interpretable modelling. The need for deep
learning methodologies is likely to grow as modelling problems
involving non-tabular data such as images, natural language, and mo-
lecular representations become more prevalent. The surge in the use of
graph neural network methods for molecular property prediction is one
such example (David et al., 2020; Fang et al., 2022). Graph convolu-
tional neural networks have shown excellent promise in the prediction
of solubility, lipophilicity, and membrane affinity (Lee et al., 2022;
Montanari et al., 2019). Even in the case of tabular data, however, Butler
et al. offer an alternative hypothesis that ML may uncover scientific laws
so complicated that they are beyond human understanding and thus
require a black box to model (Butler et al., 2018). A thorough explora-
tion of interpretable models may eliminate the need for a black box, and
therefore models from across the spectrum of complexity (Fig. 4) should
still be explored to identify the approach which fits the data best. Even if
the final model is interpretable, previously unknown correlations and
patterns in the data may be identified by more complex models. Further,
by considering models of differing complexities, researchers can be more
confident that the best model has been identified. Just as interpretability
is a continuum, so too is explainability, with shallow models, for
example, being more explainable than deep neural networks. In these
cases, it is reasonable for the researcher to choose the model that min-
imises dimensionality and model complexity while preserving accuracy.
Even for computer vision problems that generally require a convolu-
tional neural network approach (Chen et al., 2021), efforts have been
undertaken to make the algorithms more interpretable (Chen et al.,
2019).

There is growing recognition in other fields, including clinical
medicine, that interpretability is as critical as accuracy for important
decisions. As previously demonstrated, intelligent algorithms can
exaggerate bias present in the training set. Bias has been repeatedly
reported in healthcare algorithms (Vokinger et al., 2021). By presenting
the exact input-output relationship, bias introduced during the model-
ling step is easier to evaluate. The issue of confidence in predictive
models for drug development was raised with respect to reproducibility,
and the same reasoning holds true here. There is likely to be increased
trust in an interpretable relationship than a black box, resulting in more
widespread adoption of ML models for drug product development
(Petch et al., 2022; Watson et al., 2019).

7. Recommendations

Suboptimal modelling practices have been documented in practically
every field that ML has been applied to. This review demonstrates that
drug product development is not an exception. In particular, the five
broad areas of irreproducible modelling, high dimensionality, neglect of
the datasphere, the in vivo gap, and the prevalence of black boxes were
identified. As applied ML matures and drug product development be-
comes increasingly automated, these concerns should be remedied to
improve the reliability of AI predictions. Confidence in data-driven
models is necessary as ML removes the need for human input from
progressively more critical and sophisticated tasks.

In Table 1, recommendations about how current modelling practices
may be changed to advance the field of computational pharmaceutics
considering the five limitations identified in this review are proposed by
the authors. This guidance has been informed by the current state-of-art
of both ML and drug product development science as described in this
review. Under each heading, two readily implementable recommenda-
tions are made.

The recommendations in Table 1 can be broadly split into method-
ological recommendations (1.2, 2.2, 5.1, 5.2) and data-focused recom-
mendations (1.1, 2.1, 3.1, 3.2, 4.1, 4.2). This is reflective of the fact that
ML itself is driven by data. The way in which data is created and pub-
lished is a critical determinant of the direction ML-informed drug
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Table 1
Key recommendations for ML-informed drug product development.

Current Practice Recommendation

1. Irreproducible
modelling

1.1. Studies should publish data, annotated code, and
specify hardware in a manner that conforms to the FAIR
Principles.

1.2. Studies should release models with documentation,
such as a model card and model info sheet, which
describes the intended use of the model; data used during
training and testing; and steps taken to identify data
leakage.

2.1. Studies should assess the volume of data available
before modelling and obtain further data where
necessary.

2.2. Studies should perform appropriate feature
engineering, including feature selection and
dimensionality reduction.

3.1. Studies should consider the availability of existing
data before conducting benchtop experiments for
generating data for ML to prevent duplication of
experiments.

3.2. The potential for consortia to synthesise structured
data from the existing body of unstructured digital
information and, where no machine-readable data exists,
gather large experimental datasets, should be
investigated.

4.1. Studies should analyse the bias associated with the
data used to fit ML models to predict in vivo outcomes and
report this in the model’s documentation.

4.2. Consortia should work towards creating large and
open-source drug product libraries that integrate drug
products with in vivo performance to drive ML in this area.
5.1. Studies should thoroughly search for an interpretable
model that performs as well as a black box model for
problems involving structured drug product development
data.

5.2. In cases where no interpretable model can be
identified, studies should publish the results from all
models explored and apply suitable explainable Al
methods to the model selected.

2. High-dimensional
modelling

3. Overlooking existing
data

4. Lack of in vivo
modelling

5. Preference for black
boxes

product development will take. The recommendations proposed,
including searching for interpretable solutions and data sharing, are
straightforward to adopt and have the potential to significantly improve
the quality of models produced. Moving towards optimal modelling
practices from both a procedural and data management perspective has
promising implications for the way in which medicines are made from
molecules.

8. Conclusion

The field of computational pharmaceutics has advanced significantly
over the last decade, and for the full potential of ML informed drug
product development to be realised, further improvements to the current
approaches to data-driven modelling are desirable. In this review, rec-
ommendations to advance the field by improving the transparency,
reliability, and accuracy of ML models were suggested. It was high-
lighted that suboptimal ML methodology is only one side of the story,
with further progress to be made in terms of data stewardship in drug
product development science. The expertise of the drug formulation
scientist, along with results from in vivo and in vitro experiments, can be
consolidated with machine-generated predictions to increasingly elim-
inate the guesswork at all stages of drug product development. Ulti-
mately, just as computers now aid the discovery of molecules from
receptors, an end-to-end in silico method for the generation of medicines
from diseases based on ML may soon be realised.
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