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Abstract

The growth in breadth and depth of artificial intelligence (Al) applications has been fast, running hand in hand with the
increasing amount of digital data available. Here, we comment on the application of Al in the field of drug development,
with a strong focus on the specific achievements and challenges posed by rare diseases. Data paucity and high costs make
drug development for rare diseases especially hard. Al can enable otherwise inaccessible approaches based on the large-scale
integration of heterogeneous datasets and knowledge bases, guided by expert biological understanding. Obstacles still exist
for the routine use of Al in the usually conservative pharmaceutical domain, which can easily become disillusioned. It is
crucial to acknowledge that Al is a powerful, supportive tool that can assist but not replace human expertise in the various

phases and aspects of drug discovery and development.

Artificial intelligence has witnessed an explosion of
research and applications in the biomedical domain,
but special challenges affect drug development for rare
diseases.

These challenges are mainly driven by data paucity
and high costs, and Al can be effectively employed to
address them.

Experts should regard Al as a powerful tool to support,
not replace them in their drug development endeavours.

1 Introduction

The term artificial intelligence is not well defined, and it
encompasses systems and technologies which may be viewed
as ‘intelligent’ today but not tomorrow, by some people but not
others. It is currently an umbrella term which, at a high level,
includes systems that seem to behave as humans in quality (e.g.
display learning or reasoning capabilities) but exceed them in
performance in some respects (e.g. in the speed of solving a
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given problem or in the amount of data they are able to pro-
cess). In the biomedical domain, artificial intelligence appli-
cations are those which employ machine learning techniques,
especially deep learning methods, as well as those combin-
ing advanced statistical techniques with other Al approaches
such as classifiers, reasoners or knowledge representation [1].
Machine learning encompasses computational algorithms and
statistical models that enable computers to autonomously learn
patterns from ‘training’ data, without explicit programming.
Deep learning is a subfield of machine learning inspired by the
human brain structure that utilises artificial neural networks,
multiple interconnected layers of ‘neurons’ to comprehend
intricate patterns within data. Deep learning and machine
learning have enabled remarkable scientific advancements, as
complex patterns could be learned just by using big amounts of
training data, enabling complex models to be built. Yet, a huge
challenge of the models, especially in the medical domain is
their black box character, as the knowledge-driven approach to
modelling (deductive reasoning) is replaced with data-driven
modelling (inductive reasoning).

Al can empower medical technologies towards applicable
solutions in clinical practice, with current Al-based medi-
cal applications ranging from the prediction of disease risk
based on electronic patient records [2] to target identifica-
tion [3], computer-assisted surgery [4] and pain management

[5]. In the domain of drug development,' deep learning as

! By ‘drug development’ we mean the full process leading to the
marketing of a new medication for a condition, including the drug
discovery steps.
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Fig.1 The drug development process

well as traditional machine learning algorithms have also
led to a range of applications. These include the prediction
of compound properties, the design of new drug candidates
and the in silico monitoring of drug efficacy [6].

1.1 The Drug Development Process

The drug development process is a multi-step process that
involves the discovery, pre-clinical research, clinical trials
and regulatory approval of a new pharmaceutical product
(see Fig. 1).

The discovery stage (Fig. 1 (1)) is focused on identify-
ing new potential drug candidates. In the target-based drug
discovery process, on which we focus here, the initial phases
are target discovery and validation: researchers identify
potential biological targets, such as enzymes or receptors,
that are involved in a disease process. This often includes
the analysis of large amounts of genomic, transcriptomic
and proteomic data to identify genes, proteins or pathways
that are dysregulated in a diseased state. It also includes
the analysis of protein—protein interactions to identify
groups of proteins that are highly interconnected and are,
therefore, potential drug targets. These targets are then
validated through various experimental techniques, such as
genetic, biochemical and pharmacological studies, to ensure
that they are relevant to the disease and amenable to drug
development.

After validation, the next stage of drug development
involves a sequence of hit discovery, hit-to-lead and lead
optimization (Fig. 1 (2)). In this phase, potential small mol-
ecules, peptides or antibodies that can bind to a validated
target are identified, characterised and optimised to improve
their therapeutic properties.

Subsequently, the pre-clinical stage (Fig. 1 (3 and 4))
involves evaluating the safety, efficacy and pharmacokinetics
of the lead compound in in vitro and in vivo models. Then,
the clinical stage concerns the evaluation of the safety and
efficacy of the drug candidate in human subjects through a
multi-stage process involving phase I, phase II and phase
III clinical trials (Fig. 1 (5-7)). Finally, the regulatory stage
concludes the process with the submission of a new drug
application to the regulatory agency for review and approval
(Fig. 1 (8)), until final marketing (Fig. 1 (9)).

In this article we mainly focus on the employment of
Al to support target identification, validation and lead
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identification. For more details on clinical trial support, we
refer the reader to [7]. Here, we also focus on rare diseases,
which are underrepresented in basic and clinical research.

After a brief introduction to the requirements for the suc-
cessful application of Al in medicine, and drug develop-
ment in particular, we focus more on the specific challenges
posed by rare diseases. We then point to the obstacles that Al
has been facing in the biomedical domain, before listing the
most successful industry actors and the drug development
programmes currently active. We conclude with a summary
of the central points we want to make, with an indication of
what may be the most fruitful Al approach in the near future,
as well as a short description of the contribution that genera-
tive Al has provided so far in this context.

2 Artificial Intelligence for Drug
Development

Several application fields for AI thus far have shown
promise in improving the accuracy of diagnostic systems,
identifying patterns in medical data to create personalised
treatments, automating tedious administrative tasks, ena-
bling personalised preventative care and helping to detect
disease outbreaks [8—10]. Significantly, all of these appli-
cations have required large volumes or diverse datasets to
allow breakthroughs by AI and only few disciplines may
implement solutions yet. Diagnostics is one of those fields
that has benefitted from large digital datasets, especially
in the domains of genomics and imaging. Many compa-
nies, such as Siemens Healthineers, pioneered the German
market with radiology-based Al tools in 2019 to enable the
detection of diseases in radiology images, thanks to the
large amounts of data available [11].

Most efforts in the application of Al methods to drug
target identification have been devoted to the exploration
of novel approaches to the detection of signals originat-
ing from the various ‘omics’ layers, including genomics,
transcriptomics, proteomics and metabolomics as the main
focus. The complexity of interactions of entities (from
genes to metabolites) within and across layers has stimu-
lated two main approaches, not necessarily disjointed [3].
One approach is based on the analysis of the networks, in
which the entities can be represented in their biological
relations, to identify patterns and crucial relationships that
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may indicate potential drug targets. Another is based on
machine learning, which is able to discriminate the rele-
vant dataset features that contain the relevant signals from
the potential targets. Both approaches have pros and cons,
but all techniques rely on the integration of datasets which
can be conceived as ‘interconnected’, by their represent-
ing interlinked information of a single biological entity (a
cell, an individual or a population). In this holistic view,
the hope is that the latent properties of a druggable target
that affects the pathology of interest can be discovered by
reinforcing their signals.

After a promising target is identified, Al applications
have been developed in the subsequent drug development
phases of hit discovery and lead compound optimisation.
Based on purely the molecular descriptors/fingerprints of
the ligands (ligand based) or the complete structure of the
ligand-target binding site (structure based), a wide range
of machine learning (ML) methods have been applied for
quantitative structure—activity relationship modelling and
prediction of binding affinities. These can be used as scor-
ing functions to accelerate virtual screening [12]. With
the advancement of deep reinforcement learning (RL),
in which the algorithm is ‘rewarded’” when it is pursuing
promising avenues, various neural network architectures
have been combined for de novo drug design [13], which
aims to support selection of novel compounds with opti-
mised property profiles. These structure-based approaches
can also be employed for drug repurposing. Another more
knowledge-driven approach to achieve drug repositioning
is to represent the biological knowledge as a heterogene-
ous network and to apply graph-based algorithms to dis-
cover novel drug—target interactions [14].

In recent years, a significant number of biotech companies
have also been making Al part of their core R&D strategy
for drug development and the anticipated rise of Al appli-
cations in drug discovery processes in the pharma indus-
try is USD 5 billion [10]. Drug development processes are
being advanced by Al as we obtain increasing volumes of
data from molecular structures, high-throughput screening,
compound databases and cell culture experiments, which
are usually not as stringently restricted by data protection
regulations as most other types of medical datasets. One
example of such advancements is provided by the results
obtained by Insilico Medicine. With the help of generative
Al supporting all the steps of the pre-clinical drug discovery
process, a drug candidate has recently entered phase 2 clini-
cal trials to treat idiopathic pulmonary fibrosis [15]. While
rare diseases are, by definition, characterised by the paucity
of patients, each patient may be described by huge amounts
of omics data. Can this imbalance be compensated by the
integration of datasets and knowledge bases, with the injec-
tion of expert-generated biological understanding?

3 Challenges in Drug Development for Rare
Diseases

A rare disease (RD) is a disease which is seriously life-quality
limiting or life threatening and affects a small portion of the
population (e.g. with prevalence of less than 1 in 2000 people,
although the definition varies [16]). Around half of the RDs
affect children, a third of them will not see their fifth birth-
day [16]. Between 5000 and 8000 RDs have been described
worldwide [16], among those only 5% have a treatment [17].
Most RDs are genetic in origin and one of the biggest chal-
lenges in RD starts with diagnosis, as almost 5 years elapse
in average before an accurate diagnosis is received (when it is
received) [17]: so far, most Al-based applications have been
used to accelerate diagnosis of RDs. Although ~400 million
people are affected by rare genetic diseases worldwide, each
rare disease and corresponding phenotype can only be found
in relatively few patients [17]. This causes severe challenges
to the collection of sufficient amounts of data for research and
for designing adequate clinical trials [18]. Hence, demonstrat-
ing effectiveness of potential treatments is difficult. To date,
even though more than 3000 genes have been identified against
over 4000 monogenic diseases [19], the number of approved
therapeutics remains extremely limited. This is probably due
to a lack of research and funding that hinder the application of
modern gene therapies.

3.1 Small Populations

The limited size of rare disease patient populations available
for research and clinical trials makes it difficult to gather
enough data to identify potential targets and develop effec-
tive treatments. Moreover, the small size of these populations
often makes the data inherently identifiable, especially when
geographical information is included, making open data
approaches and the sharing of data complicated. In addition,
developing drugs for rare diseases can be very costly, as the
small patient population means that there is little financial
incentive for pharmaceutical companies to invest in research
and development. Al can help to address some of these chal-
lenges by analysing multi-dimensional and complex datasets,
i.e. genomic or proteomic data, and combining these into so-
called multi-omics datasets. Such ‘deep’ and comprehensive
datasets allow for more individual and specific target discov-
eries as, despite their genetic components, rare diseases can
be highly heterogeneous in the expression [20, 21]. Many
genetic targets are easily missed due to the failure to detect
them based on solely genetic information [20]: via the inte-
gration of multi-faceted data by Al, precise subgroups and
targets can be highlighted and efficiently explored. Another
approach is the use of transfer learning, which has already
been successfully employed in other situations where there
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is great disparity in size among datasets. Transfer learning
is a specific machine learning technique: the training is per-
formed with a large dataset, which is available for a domain
close to the one of interest, then the resulting model is refined
by further training on the smaller dataset available for the
target domain. This technique has already been used to char-
acterise disease patterns of rare diseases from transcriptom-
ics, by transfer learning the general patterns that had already
been modelled for more common conditions [22].

3.2 Limited Disease Understanding

Next to the challenge of small patient populations, there is
also a limited understanding of rare disease mechanisms, as
the underlying pathomechanisms are complex, diseases are
heterogeneous and research is limited [23].

In some tasks, the Al methodology is applicable for both
common diseases and rare diseases, such as the prediction
of pharmacokinetic properties based on known compound
structures, or structure-based drug design when the target
candidate is certain for the disease of interest [24]. However,
the pathogenesis of rare diseases tends to not be well under-
stood and can be associated with multiple genetic variants.
Often, there are distinct genetic, molecular and clinical char-
acteristics even for a single disease, which poses challenges
in developing targeted therapies that can be effective across
different subtypes of a rare disease. Knowledge-driven
approaches that extract information from various clinical
and experimental data sources, and integrate them as a con-
nected context, would allow better reasoning and enable
advancements in drug repurposing and polypharmacology
for rare diseases [25].

As a result of both the scarcity of clinical trial data and
the heterogeneity in response patterns, obtaining regula-
tory approval for rare disease drugs can be particularly
challenging.

3.3 High Costs

Finally, when a drug reaches the stage of market approval,
the associated costs can be extremely high due to the mas-
sive development expenses: manufacturers face obstacles in
pricing and recouping investments in rare disease drugs due
to the limited patient population that will benefit from them.
This is also accompanied by ethical concerns, as the society
may have to agree for the public reimbursement of extremely
expensive drugs, to ensure affordable access to these treat-
ments for a relatively small number of patients.

The cost challenge for rare disease development efforts may
be ameliorated by the repurposing of drugs, that is the iden-
tification of new uses for existing drugs [9, 10]: the explora-
tion of already approved drugs may bring immense time and
cost savings. Al can analyse data on the activity of existing
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drugs to identify new potential uses for them in the treatment
of rare diseases. Often, such repurposing approaches benefit
from data enriched with different levels of omics information,
to gain additional insights into the mechanistic actions on the
targets and to ensure safety and efficiency of candidates [21].
Another enrichment approach was shown by a Dutch team [26]
that combined data with expert knowledge to generate powerful
repurposed drug candidates. The team developed a repurpos-
ing platform that includes a repository of 245,000 DNA sam-
ples combined with detailed phenotype information, to enable
data-driven queries on the association of genetic variation with
symptom data. This approach allows one to find variants in
drug-target genes and then look for the phenotypic patterns
associated with those variants, using the results to extrapolate
the findings to other indications that might benefit from the
same drug. The expert knowledge that is integrated comes from
the description of the clinical pathophysiology. Through this
approach, 13 drug—disease pairings have already been devel-
oped, 6 of which have been confirmed. Lee et al. proposed a
ML-based approach which integrates genetic- and molecular
mechanism-related information about complex disorders as
well as rare diseases [27]. The approach predicted cisplatin
and resveratrol as potential repurposed drugs for anaemia with
excess blasts (ORPHA: 86839) and sideroblastic anaemia
(ORPHA:1047) which need to be validated experimentally.

3.4 Obstacles to the Adoption of Al in Drug
Development

A general challenge, that also applies to common diseases, is
the growing need for explainable Al methods. Most Al models
behave like ‘black boxes’, producing results without any indi-
cation of the reasoning behind them or any suggestion of what
portions of input data or information support those results.
Using black-box Al models in the development of new drugs
may prevent the proper understanding of the exact properties
relevant for treating the specific (rare) disease. This would be
particularly relevant for the early phases in the drug develop-
ment process, such as target identification and pre-clinical tar-
get validation, as the understanding of the biological pathways
that contribute to target selection allows researchers to priori-
tise potential drug candidates more effectively. Explainability
methods include sophisticated approaches such as Shapley
values, which can account even for interacting features but
come at the expense of high computational loads [28], or more
common approaches such as layer-wise relevance propagation
(LRP) [29]. The specific type of sought explainability depends
on the use case and should be examined carefully to serve
the underlying goal at hand. In some cases, it is important to
unravel the biological relevance of candidate targets, in others,
it is the mechanisms of action of developed drugs, for instance
when there is a need to enable further refinement or repurpos-
ing of compounds.



Potential of Al in Drug Development for Rare Diseases

Additional challenges arise from the attitude towards Al in
biomedical circles and are exacerbated in the case of rare dis-
eases. On the one hand, unrealistic expectations of the abilities
of Al turn quickly into disillusionment, when the limitations of
Al applications become clearer: Al systems can hardly operate
in the presence of limited data, and operate badly with low-
quality data. This is often the case with rare diseases. On the
other hand, professionals in the usually conservative domain
of biomedical and pharma industry are well aware that, despite
the enormous, growing interest and investment [30] and iso-
lated success stories, these have not yet translated into wide-
spread use and deployments of Al solutions [31].

4 Main Actors and Success Stories

Despite these difficulties, a few new companies that focus
on using Al for drug development are also active in the
rare disease space. See the infobox for the most prominent
examples.

Infobox: Examples of companies using Al for drug discovery

HealX, founded in 2014, is a company that is using Al to develop
therapeutics for a dozen rare diseases, currently in the pre-clinical
stage. Their approach is based on a knowledge graph that integrates
knowledge extracted from scientific literature, commercial informa-
tion and bio databases, as well as the analysis of curated biologi-
cal data. Hypotheses inferred from the knowledge graph are then
reviewed by human experts.

e HealX has around 18 candidates in its pipeline. Their candidates for
neurofibromatosis type 1 (cutaneous neurofibroma and plexiform
neurofibroma) and Fragile X syndrome are the most advanced along
the drug discovery process and are now in the clinical planning
phase.

Insilico Medicine, founded in 2014, uses Al to develop therapeutics
for rare diseases such as cystinosis and idiopathic pulmonary fibro-
sis. They are currently in the pre-clinical stage for cystinosis and in
the clinical phase 1 for idiopathic pulmonary fibrosis.

o A cooperation with CENTOGENE focused on identifying, ranking
and annotating proteins to identify novel therapeutic targets for
Niemann-Pick disease type C. Again, the Al plays a supporting
role. Insilico Medicine’s target discovery Al platform was used on
CENTOGENE’s multi-omics patient data to identify differential
metabolites, pathways and genetic modifiers from the data. Experts
then analysed the identified targets and validated them using CEN-
TOGENE’s cellular models.

e Insilico Medicine utilises various Al methods for different pur-
poses: generative adversarial networks to generate novel molecular
structures; reinforcement learning to optimise molecule properties;
deep learning to analyse large datasets to identify patterns that
inform how molecules can be designed or improved; and various
other machine learning methods for tasks like predicting toxicity,
protein—ligand interactions and more.

e Insilico Medicine has 29 targets under development and developed
the candidate most advanced in the drug discovery process: Their
candidate for idiopathic pulmonary fibrosis has advanced to a phase
2 clinical trial to evaluate effectiveness and safety.

Infobox: Examples of companies using Al for drug discovery

Insitro, founded in 2018, aims to overcome the sparsity of data avail-
able for machine learning by setting up cell-based disease models
that generate data specifically aiming at being used by machine
learning. Insitro has not published any details on potential drug
candidates nor on the Al methods they are using.

BenevolentAl founded in 2013, unites Al with expertise of wet-lab
scientists to discover new medicines for complex diseases. The
BenevolentAl computational pipeline covers all steps of drug dis-
covery and has currently been applied on over 20 diseases.

e BenevolentAl has not published details on their drug candidates.
Their most advanced asset is for ulcerative colitis, with a phase I
trial to start in the UK in 2023.

e BenevolentAl combines a wide array of Al technologies: knowl-
edge graphs to integrate and analyse biomedical data relationships,
natural language processing to extract insights from scientific
literature, machine learning for predicting properties and activities,
neural networks to identify novel targets and generate molecular
structures, and causal inference and reasoning to determine mecha-
nisms of action.

Table 1 lists the Al-based drug development pro-
grammes currently in the clinical trial phases, along with
the lead indications of the potential first-in-class com-
pounds [32]. Among them, familial adenomatous polypo-
sis and neurofibromatosis type 2 are rare diseases [33, 34].

An area where Al has already proven its value is the diag-
nosis of rare diseases based on very different types of input,
ranging from genetics to phenotypes. Using next-generation
sequencing data, machine learning algorithms are able to
identify disease-causing genetic variants with near-perfect
specificity and sensitivity [35]. Such algorithms are used
today by several companies for diagnosis. On the other
end of the spectrum, deep convolutional neural networks
(machine learning algorithms specifically well suited to
analysis of sensory data such as images) are able to recog-
nize a rare disease based on portrait photos [36], again with
near-perfect accuracy. We are still far away from such figures
in Al for drug development. However, with an increasing
number of high-quality datasets and a better understanding
of how to model the biological complexity of a disease, we
expect radical changes in 5-10 years: Al will be incorpo-
rated in the standard drug development pipelines and sig-
nificantly improve efficiency in its various steps.

5 Conclusive Remarks and Outlook

Al has been increasingly used for drug development, but its
application is still in its early phase. The drug development
process is a highly complex domain, and AT has yet to fully
demonstrate its capabilities in this field.

One of the main challenges of using Al for drug develop-
ment is the complexity of biological systems. The size and feed-
back loops of pathways in living organisms are highly intricate
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Table 1 List of diseases and corresponding Al-developed drugs, currently in clinical trials

Drug ID Company Description Clinical phase Disease

REC-2282 Recursion Small-molecule pan-HDAC inhibitor 2/3 Neurofibromatosis type 2

REC-994 Recursion Small-molecule superoxide scavenger 2 Cerebral cavernous malformation

REC-4881 Recursion Small-molecule inhibitor of MEK1 and 2 Familial adenomatous polyposis
MEK2

INSO18_055 InSilico Medicine Small-molecule inhibitor 2 Idiopathic pulmonary fibrosis

BEN-2293 BenevolentAl Topical pan-tyrosine kinase inhibitor 2a Atopic dermatitis

EXS-21546  Exscientia and Evotec  A2A receptor antagonist 1b/2 Solid tumours carrying high adenosine

signatures

RLY-4008 Relay Therapeutics Inhibitor of FGFR2 172 FGFR2-altered cholangiocarcinoma

EXS-4318 Exscientia PKC-6 inhibitor 172 Inflammatory and autoimmune conditions

BEN-8744 BenevolentAl Small molecule PDE10 inhibitor 1 Ulcerative colitis

Undisclosed Recursion Small molecular inhibitor of RBM39, a Pre-clinical HRD-negative ovarian cancer

CDK12-associated protein

The companies which developed the drug candidates are also given

and not fully understood. Additionally, the limited knowledge
about these systems and the limited amount of high-quality
data available make it difficult to apply machine learning or to
use knowledge-based approaches, such as semantic networks,
to manually build reliable models of pathways.

These challenges are even more pronounced when it
comes to the development of therapeutics for rare diseases.
Due to the small patient populations, there is a limited
amount of data and knowledge available for Al models to
work with. Furthermore, the small market for rare disease
drugs requires careful financial considerations.

To answer our earlier question, we do believe that, in the
near future, the most robust advancements will be brought by
the principled integration of tabular datasets and biological
knowledge. The interactive nature of biological entities sug-
gests that network representation of this knowledge will be
central. Ideally, this integration will also be guided by expert-
crafted rules, e.g. logical rules that reflect how an expert
would reason in choosing or discarding candidate drugs for
repositioning. This has already been demonstrated with, again,
the employment of reinforcement learning [37]. In particu-
lar, the problem of finding a new indication for a drug has
been designed as a link prediction problem. This is a typical
approach when using knowledge represented in a graph for-
mat: a (candidate) discovery is achieved by the prediction of
a missing link between entities in the graph, in this case a link
between a compound and a disease. In the search for new links,
reinforcement learning is employed to reward those paths in
the graph, which already connect drugs to their known indica-
tions. To achieve higher generalisation and increase the prob-
ability to find longer distance dependencies, logical rules are
added to the training process to guide the search over longer
but meaningful paths. One rule, for instance, rewards those
paths that link a compound to a disease, where the compound
is in the same pharmacological class of another compound
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already known to treat the disease. Such approaches will prove
essential for rare disease, where the injection of context and
expert knowledge could compensate for the lack of data.

A recent new development in artificial intelligence is
generative AL. ChatGPT [38] is a well-known example
of generative Al: after a text input, the so-called prompt,
it generates new text—in contrast to search engines such
as Google, which search for and display existing texts in
which the input occurs. But generative Al is not limited
to the medium of text. DALL-E2 generates unprecedented
images to given prompts; other Als generate text describ-
ing a given image. Multi-modal generative Al, for exam-
ple, combines image and sound to generate video. In the
life sciences, practical use of generative Al is still in its
infancy. Some areas where progress has been made, rel-
evant to the pharmacological domain, are in the Infobox.

Infobox: Generative Al

— Protein property prediction: Meta’s ESM-1 and ESM-2 are genera-
tive Als trained on millions of proteins to learn how amino acid
sequences affect protein structure and function [39].

— Small molecule creation: MegaMolBart [40], a generative chem-
istry Al is being used to create and optimise new small molecules
that are being tested for their ability to bind to other molecules.

— Protein creation: ProtGPT2 can create new protein sequences that
can have unprecedented shapes and functions [41].

— Molecular docking: DiffDock can be used to predict how a mol-
ecule will bind to a protein [42].

Probably the best-known example of generative Al in drug discovery
is AlphaFold2, which predicts the 3D structure of a protein based
on its amino acid sequence with high accuracy [43]. In the Critical
Assessment of Techniques for Protein Structure Prediction (CASP)
competition in 2020, AlphaFold2 achieved top scores. Indeed,
AlphaFold2 has revolutionised protein structure prediction and
practically solved the problem, which will drive the development of
safer and more effective drugs.
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It is, however, important to recognize that Al is not a
‘golden bullet’ solution and cannot replace the expertise of
human researchers. Instead, Al can be used as a supportive
tool to assist human experts in various aspects of drug
development. It provides them with capabilities to analyse
large amounts of data, extract information from scientific
literature, and build and analyse networks. Furthermore,
Al can build predictive models and identify new leads for
further research. In this way, Al helps researchers to gain
new insights and accelerate the discovery of therapeutics,
also for rare diseases.
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