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Academic and pharmaceutical industry research are both key for progresses in the field of molecular machine
learning. Despite common open research questions and long-term goals, the nature and scope of investigations
typically differ between academia and industry. Herein, we highlight the opportunities that machine learning
models offer to accelerate and improve compound selection. All parts of the model life cycle are discussed,
including data preparation, model building, validation, and deployment. Main challenges in molecular machine
learning as well as differences between academia and industry are highlighted. Furthermore, application aspects
in the design-make-test-analyze cycle are discussed. We close with strategies that could improve collaboration
between academic and industrial institutions and will advance the field even further.

1. Introduction

The predictions of bioactivity and physical properties are some of
the most important applications of machine learning (ML) and artificial
intelligence (AI) in drug discovery. This field is broadly known as quan-
titative structure-activity and property relationships (QSAR, QSPR) and
is a necessary component of numerous drug discovery projects (for an
overview of QSAR and its history see Tyrchan et al. [1]). Academia and
industry are both playing central roles in shaping the field of molecular
machine learning for drug discovery [2-4]. ML is used to make better
decisions faster and to accelerate the design-make-test-analyze (DMTA)
cycle of novel molecular entities [5]. In pharmaceutical industry, models
are usually implemented in a result-oriented fashion to save resources
and time, in the spirit of finding the most promising drug candidates or
‘fail early and cheap’ [6]. To drive decision-making, model reproducibil-
ity, confidence, and robustness are of utmost importance. Another key
aspect is the democratization of models and data science practices to en-
able scientists of different domains to work on a shared goal. Although
pharmaceutical industry is becoming progressively more active in fun-
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damental ML and Al research, the focus on the final model application
remains the central pillar.

On the contrary, model development and proofs-of-concept are of-
ten at the core of academic endeavors. In this case, the main goal is ad-
vancing current algorithms, generating knowledge on how to improve
the state-of-the-art, and expanding methods’ applicability to novel prob-
lems [7]. Academic studies typically focus on pushing the boundaries of
ML in drug discovery, e.g., by borrowing inspiration from other fields
such as natural language processing (NLP) [8] or geometric deep learn-
ing (DL) [9]. This is usually achieved using static data sets or existing
benchmarks (e.g., GuacaMol [10], FS-Mol [11], MoleculeNet [12]), but
only seldom via prospective experimental validation [7]. Projects are
also influenced by the duration of a PhD thesis or postdoctoral work,
causing rapid turnovers in methods, high competition, and, potentially,
‘state-of-the-art chasing’ [13] at the expense of true progress [14]. As it is
well known, academia is more publication-oriented, as an effect of the
‘publish-or-perish’ culture [15].

Another important aspect is the training and education of young sci-
entists. Dedicated ML/AI programs and departments [16] are expected
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to complement the more traditional natural science education, and in-
crease the cheminformatics literacy of future generations [17]. This as-
pect holds promise to turn data science into a key skill of wet-lab sci-
entists, to accelerate interdisciplinary science, and to further strengthen
its role within and outside of academia in the future.

In this perspective, we discuss diverse aspects important to ML mod-
els in the area of small-molecule drug discovery, including model build-
ing and applications. We highlight the different challenges and oppor-
tunities that researchers in industry and academia face, and potential
synergies. Since the field of ML/AI is very broad, we focus on models
that are trained on experimental data as opposed to calculated data,
although many aspects are common and transferable. The industry per-
spective mainly covers large pharmaceutical companies and not neces-
sarily common practices in smaller biotech companies or start-ups.

2. Key steps of the model life cycle

Realizing actionable predictive models in drug discovery can be sum-
marized as an iterative cycle of four different steps, as shown in Fig. 1.
Step 1 covers data preparation (Section 2.1), which requires understand-
ing the experimental data for reliable curation. Step 2 constitutes the
actual model design and building process (Section 2.2), including ar-
chitecture definition and hyperparameter tuning. Step 3 refers to per-
formance validation of the model and is crucial for prospective model
usage (Section 2.3). Finally, step 4 is the model deployment phase
(Section 2.4), where the model is made available to users.

2.1. Training data

ML model performance heavily relies on the quality of the experi-
mental data used for training, including size (how many datapoints are
in the data set?), chemical and property space coverage (how broad is
the chemical space covered and what is the dynamic range in the data set?),
diversity (how biased or clustered is the data set?), and errors (how noisy
is the data set?). Public and proprietary data from pharmaceutical indus-
try (called ‘in-house’ in the following) typically differ when it comes to
these characteristics.

Data availability in the public domain has dramatically increased
thanks to major databases such as ChEMBL [18,19] and PubChem
[20]. However, those data sets are generally smaller than in-house data
sets from pharmaceutical industry. Fig. 2 summarizes the size of dif-
ferent proprietary and public data sets utilized for modelling in re-
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Fig. 2. Data set sizes (i.e., number of compounds) in ADME data sets used
for modelling from in-house and public sources. Data are reported for bile
salt export pump inhibition (BSEP.inh.) [23,27], Caco-2 permeability efflux
(Caco.2.efflux) [18,21,22,27], CYP3A4 inhibition (CYP3A4.inh.) [21,27,28],
metabolic stability in human liver microsomes (hLM.CLint)[18,21,27], hu-
man plasma protein binding (hPPB) [18,21,27], octanol/water distribu-
tion coefficient (LogD) [18,22,25,27], P-glycoprotein substrates (P.gp.efflux)
[21,22,24,27], and metabolic stability in rat liver microsomes (rLM.CLint) as-
says [21,26,27]. For endpoints present in different sources, average data set size
is shown, whereas error bars reported the minimum and maximum size values.

search studies [18,21-28]. Exemplified on these absorption, distribu-
tion, metabolism, and excretion (ADME) data sets, in-house data (Bayer,
Novartis, Merck, and Boehringer Ingelheim) always contained more
compound measurements than public data sets (Fig. 2).

To increase data set size, public data are generally pooled from mul-
tiple sources [29]), which in turn increases heterogeneity. Merging data
sources implies major efforts and bears the risk of biases, redundan-
cies, and error accumulation [30], and poses challenges both in aca-
demic and industrial settings. In industry, assay protocols are standard-
ized and typically include multiple measurements per compound, giving

Fig. 1. Overview of the model life cycle in
molecular machine learning. Summarized are
the key steps of predictive model building in
drug discovery and considerations at different
stages.
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Fig. 3. Exemplary overview of model building in industry. First. the problem is defined and some prediction baselines are implemented. Here, different modelling
strategies including featurization and ML algorithms should be tested. Previously, this was done by an expert using a limited number of combinations. Nowadays,
AutoML implementations allow non-experts and expert users to execute a broader method screening and extensive hyperparameter optimization. Finally, the best

model is selected and deployed.

rise to more homogeneous and consistent data sets. However, bring-
ing diverse data sources together might also constitute a major effort
due to legacy systems, change of protocols over time or different con-
ventions in annotations (e.g. units or molecule identifiers). Given these
challenges with experimental data, curation and homogenization are
crucial steps for successful ML applications [11]. Discussions with exper-
imentalists may help detecting outliers, properly combining data from
diverse sources, or defining other modelling aspects. Moreover, having
replicates to analyze experimental variability and error across the mea-
surement range also provides information about the maximum accu-
racy that a ML model can achieve and facilitates interpretation of model
outputs [31,32].

Even though in-house data sets are typically larger than publicly
available ones, these are still heavily biased with respect to the vastness
of chemical space. Compound data do not represent a systematic screen
of the relevant chemical space but rather collections of clusters centered
around specific chemical series targeting given proteins. Thus, structural
diversity might be small even in large data sets since many compounds
could share the same chemical scaffold. Such data clusters and intrinsic
biases highly impact model performance and may cause overly opti-
mistic ML results even with robust validation techniques [33]. Among
others, class imbalance or non-uniform property data distributions pose
considerable challenges for classification and regression models, respec-
tively [34]. For instance, for bioactivity predictions, the desired out-
come typically constitutes the minority class in real-world applications
(the situation may be opposite or less imbalanced for ADME data sets).
However, public bioactivity data sets often suffer from a lack of ‘nega-
tive’ or ‘inactive’ data. For example, the ChEMBL database [18,19] con-
tains an unrealistic ratio of active to inactive compounds compared to
high-throughput screens (HTS). In particular, 11% and 27% of actives
were reported in Caceres et al. [35], Valsecchi et al. [36], respectively.
Nevertheless, HTS hit rates typically range from 0.1 to 2% [37,38]. In
contrast to HTS, project-specific data may have higher percentages of
actives but typically still below public data sets. This lack of negative
public data can be addressed by adding putative negative examples or
decoys selected according to different strategies [35,39-42]. Due to these
reasons, public benchmarking data sets try to mimic but often do not

represent real-world data. To facilitate academic research and improve
method development, sharing in-house data (e.g., ADME properties of
no longer sensitive data) might be beneficial. A recent example is a data
set with 1162 PDE10A inhibitors, including binding affinities with time
stamps, 77 crystal structures, and docking poses, by Roche [43].

Another - not often discussed — aspect of public benchmarking sets is
that they are sometimes not used for the applications they were intended
for. A prominent example are the DUD data sets [39], which were origi-
nally developed to benchmark docking methods and are now frequently
used for ligand-based ML models’ evaluation [44,45]. However, such
benchmarks may be trivial for some applications such as ligand-based
ML-based activity predictions [40,46,47]. Hence, appropriate data set
selection for model training and testing is crucial for model performance
assessment, as discussed in Section 2.3.

2.2. Model design and building

Model design starts with the definition of the problem and prediction
task (see Fig. 3) [48]. In industry, the intend is to use a model prospec-
tively for experiment selection, compound prioritization, or, more gen-
erally, assisting in drug design. Thus, users and practical applications
need to be considered already during model development and evalua-
tion stages. This is a key difference compared to academia, where the
focus is shifted more towards theory and method development (e.g.,
implementing a model with improved performance with respect to pub-
lished algorithms or generating new strategies that can be used by oth-
ers in future applications). Typically, academia is pushing the scientific
frontier by developing new tools and improving understanding, while
industry is employing them to generate new molecules with desirable
properties. Nevertheless, users should also be considered in academia,
e.g., when sharing code, a software package, or ML model. In such cases,
the final model users are often not clearly defined and discussions with
them prior to publication are uncommon or not possible. Therefore, user
expectations, stable deployment, and future updates are less frequently
considered during model building.

Supervised, semi-supervised or unsupervised techniques can be se-
lected based on the question at hand. Data set characteristics also
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influence the choice of a regression or classification model, for numer-
ical value and categorical predictions, respectively [49-51]. Thus, the
selection of the modelling approach, ML algorithm (e.g. random forest,
deep neural networks), and molecular featurization (e.g. fingerprints,
calculated descriptors, graphs) is a critical step after problem definition
and data curation [52-54]. Due to fast emerging Al technologies, the
use of novel algorithms and features is influenced by code availabil-
ity and data science expertise. In industry, the integration of new ML
methodologies might fall behind evergreens like random forests, which
provide comparable performance and easier interpretation for many ap-
plications. In contrast, given academia’s focus on innovation, sometimes
simpler and well-performing models might be overlooked due to the
state-of-the-art chasing. For that reason, defining strong and valid base-
line models is key to detect whether simple models or decision rules are
sufficient to achieve similar performance or if more complex modelling
and featurization methods are required. Baselines are equally crucial in
industry given the focus on robustness and reproducibility more than
novelty and complexity [32,55-57].

During model building, investigating a variety of models and fea-
tures in a systematic way is complex and time-consuming but key for
the identification of the best model (in academia) and a useful model
(in industry). While this is often part of academic investigations and
there is increasing demand for it from journals, there might be less time
allocated for hyperparameter tuning and model refinement in indus-
try due to project pressure. New ML libraries, often provided by aca-
demic groups - such as AutoML [58] or Optuna [59] to enhance hy-
perparameter tuning, or DeepChem [60]/MoleculeNet [12], Therapeu-
tic Data Common [61] and AutoSklearn [62] for model building and
benchmarking - can help to accelerate and democratize the benchmark-
ing process (see Fig. 3). Some of these tools provide also a collection
of open-source benchmark data sets including tasks such as lipophilic-
ity, toxicity (Tox21, ToxCast), or binding affinity (PDBBind) prediction
[12].

The selection of the modelling approach is also influenced by the
available data set size and composition. For instance, large data sets are
often available for some physicochemical and ADME properties that are
measured across discovery projects in industry. Models based on such
data sets with broader chemical space coverage (often referred to as
‘global models’) usually generalize better [63]. For project-specific as-
says, e.g., compound activity towards a protein target, less data is avail-
able and is biased towards few chemical series. In this case, ‘local mod-
els’ with a potentially narrower applicability domain are generated. Dis-
tinction between global and local models becomes more difficult when
trained on public data due to diverse data sources and heterogeneity, as
discussed in the previous section.

Artificial Intelligence in the Life Sciences 3 (2023) 100056
2.3. Performance evaluation

Even though model validation is an essential step in academia and
industry, they focus on different aspects. Model generalizability can only
be estimated with a proper choice of data splitting procedures (i.e., train-
ing and test data selection) and metrics, and it is key to avoid overly
optimistic or pessimistic results [64-69]. Random splits typically give
a too optimistic view of the prospective performance of a model [70-
72], while time splits have emerged as a preferred approach in industry
to evaluate the prospective model performance [71]. Such evaluation
mimics how a ML model will be used in practice, i.e. to predict com-
pounds that have not been synthesized or measured (new chemical mat-
ter under exploration). Unfortunately, such temporal information is not
available in public data, preventing time splits in most academic set-
tings. Some of the data sets popular for academic benchmarks were dis-
cussed in Section 2.1. Moreover, an increasing body of literature points
to the importance of assessing the model performance in the presence
of ‘structure-activity/property discontinuities’, such as non-additivity
[73,74] and activity cliffs [75-77].

Before model deployment or after re-training, a minimum quality
criterion should be ensured. The selection of a superior model might
thereby differ depending on the considered performance metric. Thus,
using multiple metrics [67] as well as ensuring that the metric fits to
the application [78] may be beneficial. For instance, a new ML method-
ology for bioactivity predictions could be evaluated and selected based
on balanced accuracy or area under the receiver operating characteris-
tic curve (ROC). However, if such ML model is subsequently applied for
virtual screening, only the top-ranked predictions are relevant. In this
case, recall in the 1% of top-ranked compounds or enrichment would
be more informative. In industry, focus is put on the fact that models
are evaluated using the same metrics that the actual model users (i.e.,
project teams) will check once the model is deployed [23,31].

Furthermore, often ML (especially DL) models are treated as black
boxes. To gain trust in the models, methods to better understand what
the model learned are required. Explainable AI [79-82] approaches —
often researched in academics groups — are developed to shed light on
model decisions [83]. Such investigations are valuable to better under-
stand what the model learned and to judge the robustness of ML models
[84,85], as well as to learn data-driven features that might be related to
a specific effect, e.g., toxicophores [86].

2.4. Model deployment

Figure 4 illustrates the last step of the model-life cycle, which is
the deployment of the trained ML model and includes several impor-

y-

Trained

Model registration
ML model

Metadata

* Reg. date

¢ Training set
¢ Model owner
¢ Version

Cloud-based ML operation services (MLOps)

N

REST
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Fig. 4. Exemplary model deployment procedure. Modern MLOps scheme where a trained ML model is registered in a model store, including metadata such as
registration (reg.) date, the used training set, model owner, model version or featurization employed, among others. A REST endpoint, facilitating integration into
software packages, tools or web services, can be created so that model clients can request predictions. Model monitoring is also considered, including performance

estimation on new data points.
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tant tasks: model registration, documentation and guidelines, integra-
tion into existing tools and workflows, accessibility for non-data scien-
tists, model ownership and accountability, monitoring, and model main-
tenance. In industry, deployment is necessary to make a model action-
able in the drug discovery process.

In the past, technical deployment often included setting up a server,
creating a web service, or hard-wiring the models to other tools. This
certainly needs a special expertise, which may not be part of a data sci-
entist profile, and implies high maintenance costs. Nowadays, with an
increasing importance of predictive models, cloud-based solutions with
sophisticated ML operation services (MLOps) implementations help to
bridge this gap. A current model deployment procedure is illustrated
in Fig. 4. Usually, this includes model registration (into a model store
or database to include important metadata like registration date, train-
ing set, molecule standardization protocol, or model owner), technical
monitoring, and REST (Representational State Transfer) endpoints for
each model, which facilitates maintenance and integration into other
software packages, tools, or web services. Model usage increases when
integrated in tools used daily by project teams, including non-data scien-
tists. Hence, easy accessibility helps democratizing the use of ML models
for decision-making.

Computational approaches can become increasingly obscure in terms
of accountability and ownership [87-89] due to many data scientists
operating on the same pipeline, the inevitability of software bugs and
errors, and the increasing use of ML algorithms that might elude full
human understanding. Model builders are typically the owners and are
responsible to create documentation (including information about train-
ing data, modelling approach, applicability domain estimates, and how
predictions are reported). The established monitoring protocol should
also track the performance of global models in a local setting, to al-
low project members to judge the reliability of the model data for their
purposes. Thus, model ownership and accountability inform the user
community about responsibilities and facilitate expert support in case
of issues or questions.

A non-negligible aspect for influencing decision-making in drug dis-
covery is the integration of these models into other design platforms ac-
cessible to medicinal chemist teams. Continuous model advertisement
and education also becomes essential to keep potential users informed
and to increase adoption. The modelers or computational chemists con-
nected to a project, who are often involved in the decision-making, also
constitute important training resource.

Compared to industry, models in academia are less frequently de-
ployed and come with a shorter life span. Model maintenance and ac-
countability is challenging due to shorter-term contracts (namely grad-

Fewer & better
compounds to
be made

Fewer tests,
including animal
testing

S—H
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uate students and postdocs). This might lead to premature obsolescence
unless detailed documentation and knowledge transfer is achieved be-
fore the model builder leaves the research group. Given the push of
FAIR (findable, accessible, interoperable, and reusable) science (both
data [90] and software [91]) and the growing spirit of open-source de-
velopments, these potential issues can be mitigated. However, by de-
fault there is limited training in this area, and financial support to hire
software engineers in academic groups is largely absent.

Free training workshops (e.g., MolSSi or Software Carpentries) and
material (e.g., TeachOpenCADD [92], novel formats as the ’tutorial’ cat-
egory from the LiveCoMS journal) may help to narrow this gap, until
the funding/hiring situation changes in academic settings. In addition,
libraries and tools are available to support research groups in main-
tenance tasks (e.g., continuous integration), documentation (e.g., doc-
strings, read the docs) and readability (e.g. black or PEP8 style guide
for Python code). This increases code transparency and can contain ele-
ments of accountability. Platforms such as GitHub or GitLab allow users
— besides version control - signalling potential issues and proposing so-
lutions to bugs and bottlenecks. Input data or model sharing, which re-
quires more storage, can be achieved via open-repositories like Zenodo
[93].

Finally, applications of the models with subsequent measurements
of experimental data are typically missing in academia, or can only
be realized through collaborations (see Section 4). Nevertheless, there
are several good examples of ML models developed in academia that
have been made available long-term including updates, e.g., retro-
synthesis prediction (ASKCOS [94]), toxicity prediction (emoltox [95],
SwissADME [96], OCHEM [97], FAME2 [98]), structure-based anal-
ysis (PlayMolecule [99], OpenFold [100]), or learned descriptors
(CDDD [101]).

3. Model application aspects

In this section, important considerations during the application
phase will be discussed once the model life cycle (see Fig. 1 and
Sections 2.1-2.4) has been completed at least once.

3.1. Design-make-test-analyze (DMTA) cycle

Looking at the DMTA cycle - often invoked in industry — predic-
tive models are used in all phases of drug design (Fig. 5). Ideally, pro-
posed compounds with better predicted properties are more likely to be
synthesized and prioritized than compounds outside the desired prop-
erty range. On small scale, the model influences individual decisions on

Fig. 5. Integration of design-make-test-
analyze (DMTA) cycle with the key steps
of the model life cycle, which include data
preparation, model building, model valida-
tion, and deployment.
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Fig. 6. Scheme of an ML model with intuitive classification outputs and confi-
dence estimation. A classification model can be developed to predict the prob-
ability of a certain assay result, e.g. probability that a compound is insoluble.
However, instead of providing the model’s probability to the user, a more intu-
itive output can be generated. Exemplary ML model reporting ‘undesired’ (e.g.
insoluble), ‘desired’ (e.g. soluble), and ‘inconclusive’ (high uncertainty) cate-
gories. Adapted from Rodriguez-Pérez and Gerebtzoff [23] with permission from
Artificial Intelligence in the Life Sciences.

which compound to make next, whereas on large scale they can also be
used for predicting complete virtual libraries to focus making and testing
towards the most promising compounds in wet-lab experiments. Models
are also used in the analysis phase for experimental selection. If enough
evidence for trusting the model - e.g. low error or high confidence val-
ues - is present, experimental testing could be avoided and focus shifted
to testing other molecules predicted with low confidence [102]. Ulti-
mately, new experimental data and obtained knowledge is fed back to
the model in the re-building or re-training stages (see Section 2.2).

In academia — unless executed in a collaborative effort (see Section 4)
— the complete DMTA cycle is rarely fully executed. Few examples exist
where at least one or two cycles were performed, mainly in the context
of active learning [103].

3.2. Model outputs

Reporting meaningful, intuitive, and stable model outputs is essen-
tial. The model output should have a clear interpretation for non-data
scientists. For instance, the output could be the probability of a given
outcome (e.g., desired solubility range) or direct prediction of the ex-
perimental value (e.g., solubility in uM units). In case of classification
models, meaningful property thresholds should be considered such that
predictions enable a discrimination between ‘desirable’ and ‘undesir-
able’ property ranges [23,31]. To define such thresholds and ranges,
discussions with project teams and assay experts are of utmost impor-
tance. Interestingly, prediction reporting might also be different across
applications. Numerical property predictions might be preferred for gen-
erative chemistry or library design applications, whereas compound pri-
oritization might be simplified by considering an ‘undesired’ category
[31]. Fig. 6 shows an exemplary classification model with ‘undesired’,
‘desired’, and ‘inconclusive’ (uncertain) categories. A critical assessment
of models’ output is highly relevant and ideally should include the pre-
diction and an uncertainty estimate [104-106]. However, model appli-
cability and predictions’ uncertainty is challenging to assess and is an
active and key research topic, especially in academia [104-107]. It has
become increasingly crucial in industry to gain the trust of model users
and improve decision-making based on ML [23].

3.3. Monitoring and model re-training

In industry, the performance of global models is generally evaluated
on data from ongoing projects. Performance can vary depending on how
many project compounds have been used for model training or whether
the chemical space of the project is covered by the global model. Since
drug discovery projects in industry constantly generate new data points,
there is a need of model re-training to ensure stable performance and
continuous increase of the applicability domain (see Sections 2.2 and
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Fig. 7. Effect of model re-training for the prediction of bile salt export pump
inhibition. (A): Scheme of a ML set-up for a prospective validation (time split).
Five models were trained with different time splits: Model 1 (75/25%, dark
blue), model 2 (80/20%, orange), model 3 (85/15%, gray), model 4 (90/10%,
yellow), and model 5 (95/5%, cyan). Test sets were divided into subsets corre-
sponding to 5% of the data and are labeled with a letter (from A to E) according
to the measurement date. Models were evaluated on their prospective test sets.
(B): Mean absolute error (MAE) values for the five models A-E on the test sets.
Adapted from Rodriguez-Pérez and Gerebtzoff [23] with permission from Artifi-
cial Intelligence in the Life Sciences. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

2.3). Exemplified for the prediction of bile salt export pump inhibitors
[23], Fig. 7 illustrates the effect of model re-training on prospective
performance. Policies on model re-training should be agreed with the
user community, e.g., frequency of re-training and strategies for tracing
predictions. Each company has its own policies. In some cases, model
updates are automatically triggered when a given amount of new data
points are available. Predictions for the same compounds might change
after each model update, which might cause irritation within the user
community who typically prefers consistent predictions over time. Fur-
thermore, prospective performance evaluation becomes difficult if all
new data is used for training. A more conservative approach is to only
retrain models when the performance decreases over a period of time
and across diverse projects. The monitoring protocol can help to identify
when the predictive performance is decreasing and model re-training is
justified. Such a strategy provides stable predictions and enables a better
understanding of current model quality by checking prospective predic-
tion performance.

Importantly, an increasing usage of the models for experiment selec-
tion influences data generation and thus model re-training. For example,
using a reliable solubility prediction model will lead to less insoluble
compounds being made in the future; by this the label distribution in
the new training set will change and class imbalance will be reinforced.
This process is also known as feedback loops and can cause real chal-
lenges for future versions of the model [108]). Further development of
methods for interpretation could help to improve models in the next
training cycle [109].
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In academia, studies to identify the right model updating strategy
are of high interest. One example is the conformal prediction framework
[110], which adds a calibration step on top of the ML model to enable
confidence estimation. Mitigating the effects of data drifts in chemical
toxicity data — between assays, over time, and from public to propri-
etary data — on ML performance was studied by assessing the conformal
predictor calibration in collaboration with industry partners [111-113].
Morger et al. [112,113] found that updating the calibration set only with
the newer data resulted in a higher performance gain than re-training
the whole model. This finding may depend on the data set, including
size and composition, and needs to be explored further.

4. Collaborations between academia and industry: challenges
and opportunities

Industry and academia have been considered in our analysis up to
this point as two separated worlds. Naturally, there is a lot of research
overlap and both parties benefit from one another. In the following dis-
cussion about academia-industry collaborations, we focus on two cen-
tral aspects: (i) how do we handle reproducibility of publications and the
FAIR guidelines when working with proprietary data, and (ii) how can
collaborations, including researchers’ education, be funded. Interesting
thoughts on how academia and industry can work together in drug dis-
covery in general are also provided in the review by Tralau-Stewart and
co-workers [114].

4.1. Strategies to facilitate publishing

Some goals and constraints of the academic and industry partners in
a collaboration can be partly opposed. In academia, it is important that
research outcomes are published in a timely manner. Nowadays, pub-
lication typically involves that data sets become freely available and
software developments are made open source to ensure reproducibility.
Many journals have adapted their guidelines along these lines in the last
few years, e.g., Bajorath et al. [115], and Nature Machine Intelligence
[116]. However, while it is often relatively straightforward for academic
groups to follow the FAIR guidelines [90,91], publishing data sets is of-
ten impossible for researchers in industry. A recent study [7] pointed
out a remarkable difference in the number of published papers in the
domain of ML/AI for drug discovery between industry and academia,
with only 7% of the total number of articles with industry affiliations
(between 1986 to 2021). This might be attributable to the diverging
goals between industry and academia, i.e., intellectual property con-
cerns as well as less pressure to publish in industry. Nevertheless, many
companies expect their researchers to publish general scientific findings
and code developments. The issues around data sets can pose, however,
a non-negligible problem for collaborations between academia and in-
dustry, for instance when the idea of the collaboration is to validate/test
method developments on real-world proprietary data sets. The latter is
an important requisite to make ML models developed in academia more
applicable in industry.

A possible solution for this dilemma is to use both public and in-
house data when testing/validating a ML model. The public data set
can be made available and can be used for in-depth analysis and repro-
duction of results, whereas applicability of the ML model on real-world
data can be demonstrated without sharing the proprietary data [22].
Examples for this way of publishing results from academia-industry col-
laborations are [86,117-119].

Federated learning is an alternative approach developed for
industry-industry collaborations [120]. A recent example is the MEL-
LODDY consortium [121], aiming at using data from different phar-
maceutical companies collectively to train ML models while protecting
proprietary data of the contributors. So far, models were only usable
by the consortium partners. It is yet to be seen whether this approach
can be adapted to facilitate publishing in academia-industry collabora-
tions. A different federated learning approach was developed by LHASA
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[122], where models are trained on proprietary data (each company
separately) followed by predictions on non-sensitive public data. The
consolidated labels from the different ML models for the public data set
serve in turn as input for the training of a final model. As the final model
is in principle publishable, this may be a more applicable approach for
academia-industry collaborations.

4.2. Strategies for training and funding

In addition to the classical scheme where companies fund PhD or
postdoctoral positions of individual research groups, different set-ups
for larger consortia with multiple academic and/or industry partners
have been explored. Recent education initiatives involving academia-
industry partnerships (e.g., BIGCHEM [123] and the AIDD [124] Marie
Sklodowska-Curie Doctoral Networks initiatives) are leading to a pro-
gressively more relevant role of industry in the education of the next
generation of scientists in cutting-edge domains of research.

While the use of commercial software in other areas of computational
drug discovery means that training in university cannot directly prepare
the students for future work, this has changed in the area of ML/AI due
to the increasing usage of the same open-source tools to build, test, and
deploy ML models in academia and industry. Using the same tools leads
to vast opportunities for cross-fertilization and simplifies collaborations.
MIT and several industry partners set up a collaboration to advance
research in machine learning for pharmaceutical discovery and synthesis
(MLPDS), where the industry partners were funding researchers at MIT
while also being strongly involved in driving the research into a relevant
direction for real-world applications.

Another recent example is the CACHE (critical assessment of com-
putational hit-finding experiments) [125] initiative between academic
and industry partners to improve prospective testing of new methods for
hit finding. Blind challenges in general — where for example companies
or academic groups make new data sets available (e.g., D3R [126,127],
SAMPL [128,129], Tox21 [130], DREAM [131], or the ongoing Kaggle
EUOS/SLAS joint challenge for compound solubility prediction [132])
— are a very important way to test new methods in drug discovery (in-
cluding ML models) with real-world examples.

5. Conclusions

Academia and industry are both driving the field of molecular ML re-
search. Overall there has been great advances in the field of molecular
ML, and models have permeated almost every step in the DMTA cycle.
Due to the fast emergence of new ML algorithms, the field has needed
and needs to adapt quickly, including changes in collaboration — shar-
ing data, protocols, code, and models — and multidisciplinary scientists’
education. Besides the common goal of generating valid and trustwor-
thy models to help designing safer drugs faster, there are differences in
the way academia and industry approach this aim, often attached to the
given circumstances (e.g. resources availability) and overarching goals
(e.g. publications or intellectual property aspects).

First, available training data sets are typically larger and more ho-
mogeneous (consistent measurements and experimental protocols) in
industry, even though project-specific data can also be limited in size
as well as chemical space coverage. Although the data situation in
academia has improved substantially over the past decade, freely avail-
able data sets are usually still smaller in size and often collected from
different sources bearing a higher risk of introducing noise and hetero-
geneity. In addition, due to the bias towards publishing ‘positive’ results,
ratios of ‘positive’/‘negative’ data points in data sets differ between the
public and private sectors. Nonetheless, the usage of publicly available
data in academic settings allows to promote open-science and repro-
ducibility of scientific findings. This is not always possible in industry
settings. Future deposition of negative experimental results as well as
funded campaigns to generate additional data for model building might
help in this regard.
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Table 1
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Summary of the important aspects regarding molecular machine learning in industry and academia.

Industry

Academia

Larger, more homogeneous in-house data sets

Often multiple measurements per compound

Easy access to experimental protocols

Project-specific data sets may be small, biased, and imbalanced

Model design and building

Focus on final application

Problem definition can be done with final model users
Tendency to simpler and robust models

Strong benchmark baselines are crucial

Performance evaluation
Time split possible and should be gold standard
Application of the model dictates the required level of quality and robustness

Deployment
Model accessibility by users is crucial
Ownership and accountability is considered

Model application aspects

Performance monitoring to assess the need of re-training or architecture changes
Model users and practical applications need to be considered

Model output should have a clear interpretation for non-expert users and should be
adapted according to the application

Model advertisement (with guidelines) and documentation is required to inform users

Data situation has improved but still more heterogeneous, imbalanced, and smaller
data sets with mostly single measurements per compound and less “negative
examples”

More real-world data sets needed

Data are usually available for free sharing and re-utilization, thus contributing to
open science.

Focus on theory to advance the field rather than a concrete application

More creative and fundamental work on innovative modelling approaches
Simpler but robust models potentially overlooked due to “state-of-the-art chasing”
Benchmark baselines are good practice

Random or cluster-based splits are used in absence of temporal information in public
data

Standard ML metrics are typically used to evaluate novel methods

Availability of standardized benchmarking platforms to build upon and contribute to

Models are less often deployed and often have a shorter life span

Difficulties to keep models accessible and updated

Model accountability is harder to maintain

More open source libraries and services available following programming best
practices increase accountability and maintenance of models

Model users are (often) not clearly definable

Communication to model users (typically non-data scientists) is less
common/required

Push of FAIR coding and data guidelines helps to improve documentation and user
aspects

When designing a new model to achieve a given task, e.g., prioritiz-
ing compounds active against a given target, the incentives in academia
and industry often differ in their purpose. While academic research
aims to push the boundaries of ML techniques to advance method de-
velopment, models in pharmaceutical industry are built to solve a spe-
cific problem or question, where simplicity and robustness are more in
the focus. When it comes to model validation — besides typical cross-
validation performance reporting — evaluation on external compounds
sets is highly recommended. Prospective testing is more common in
pharmaceutical companies, whereas academic groups usually realize
this through collaborations. In academia, random or cluster-based splits
are used as an alternative in the absence of temporal information. At the
same time, the availability of open-access benchmarks and related data
makes it easier for academic research to leverage and build upon previ-
ously designed evaluation systems, thereby ensuring comparability and
transparency.

Since academia is more focused on basic research and methodolog-
ical enhancements, the model cycle often ends with a proof-of-concept
study. In contrast, model deployment, accessibility, and stability are
crucial in industry since the models are used in active drug discov-
ery projects. More collaboration efforts between academia and indus-
try to share data and code might lessen the gap between exploratory
and applied research work. Some examples of private-public collabora-
tions were mentioned showcasing constellations in which science can
be advanced in real-world project set-ups while keeping sensitive data
private.

For an overview of all different aspects discussed in this perspective
see also Table 1.

With the increasing ease at which new ML developments can be
translated into industrial applications, we expect that the mentioned
boundaries/differences, progressively blur. Active research areas in-
clude uncertainty estimation and ML explainability. ML for molecule
discovery has come a long way, but its impact will become even more
apparent when correct model decisions can be identified (low uncer-
tainty) and rationalized (explained).
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