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Abstract
Digitalization is profoundly transforming preclinical research by reshaping experimental design, data acquisition 
and result interpretation. This article reviews the role of  artificial intelligence, automation and digital monitoring in 
novel drug discovery, the implementation of  the 3R principles (Replacement, Reduction, Refinement) and the study 
of  complex diseases. Digital platforms support virtual screening, automated behavioral analysis and continuous 
physiological monitoring, thereby improving data precision, reducing unnecessary animal use and enhancing ani-
mal welfare. These technologies are particularly valuable in preclinical models of  neurodegenerative and metabolic 
disorders, where they enable early detection of  functional alterations and improved longitudinal disease characteri-
zation. Overall, digitalization does not replace traditional preclinical research but strengthens it, making preclinical 
studies more precise, more ethical and more reproducible.
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Introduction
The past decade has witnessed a major digital 

transformation across the biomedical sciences. Ar-
tificial intelligence (AI), high-throughput automa-
tion platforms, advanced data analytics pipelines 
and integrated digital workflows now influence 
every stage of drug discovery. Machine-learning 
models support target prioritization, protein–li-
gand prediction and virtual compound generation, 
while robotic liquid-handling and microfluidic 
systems enable large-scale screening with high 
reproducibility [1, 2]. Complementary advances 
in cloud-based data infrastructures and stand-

ardized metadata frameworks facilitate seamless 
sharing, re-analysis and cross-study integration 
[3]. Together, these innovations reshape experi-
mental planning: hypotheses become increasingly 
data-driven, protocols can be encoded as repro-
ducible code and sensor-rich digital records cre-
ate a “digital twin” of each biological experiment 
[4, 5]. In preclinical research, such capabilities are 
not intended to replace animal models but to aug-
ment their precision and scientific value.

Despite these developments, preclinical re-
search still faces persistent limitations that con-
strain its predictive power. Biological variabili-
ty within animal cohorts, along with procedural 
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differences in handling, dosing and phenotyping, 
contributes to reduced reproducibility across 
laboratories [6]. Ethical and financial constraints 
often limit statistical power, hindering the detec-
tion of subtle therapeutic effects in complex dis-
eases [6]. Moreover, multimodal datasets—from 
behavioral video and telemetry to histology and 
omics—can exceed the capacity of manual cura-
tion, resulting in incomplete documentation or 
selective reporting [3]. While these challenges 
are sometimes invoked to justify reduced animal 
use, they in fact highlight the need for digital tools 
that strengthen the rigor and responsible applica-
tion of animal models. Digitalization offers prac-
tical solutions by improving experimental design, 
standardizing data capture and enhancing analyti-
cal robustness, while preserving the biological rel-
evance uniquely provided by in vivo studies.

Digital tools also reinforce animal-based re-
search in alignment with the Reduction and Re-
finement principles of the 3Rs. AI-driven power 
analyses and Bayesian adaptive designs help de-
termine the minimum number of animals re-
quired to achieve adequate statistical confidence 
[6]. Automated monitoring technologies—com-
puter-vision pose estimation, infrared sensors 
and implantable telemetry—generate continuous 
and unbiased assessments of health and behav-
ior, reducing observer effects and enabling early 
detection of distress [6]. Such systems support 
Refinement by allowing timely adjustments to 
husbandry and experimental conditions. In ad-
dition, data-standardization frameworks aligned 
with the FAIR principles — Findable, Accessible, 
Interoperable and Reusable — together with on-
tology-based metadata, enhance transparency 
and ensure that datasets can be efficiently reused, 
thereby supporting robust validation across inde-
pendent studies [3]. Digital “twins” of animal co-
horts further enable in-silico exploration of dos-
ing regimens and protocol permutations before 
execution, refining in vivo study plans and reduc-
ing unnecessary variation [4, 5]. Collectively, these 
approaches embed quantitative rigor into animal 
research while upholding ethical commitments.

These benefits are particularly evident in 
the study of complex diseases such as neurode-
generation, metabolic disorders and autoimmune 
conditions. Such pathologies evolve gradually 
and require multimodal readouts that are diffi-
cult to capture. High-resolution video tracking 
coupled with deep-learning classifiers enables 
fine-grained quantification of gait, tremor and 
exploratory behavior, while sensor-integrated 
cages provide longitudinal physiological biomark-
ers—such as circadian rhythms, heart-rate varia-
bility and respiration—that can be correlated with 
molecular endpoints through advanced statistical 
models [3, 6]. Integrating these data streams into 
machine-learned disease signatures enhances the 

translational value of animal models by revealing 
pathways that more closely mirror human pathol-
ogy [7]. In this way, digital tools add valuable infor-
mation to animal studies and make disease models 
more reliable.

This review surveys the expanding digi-
tal toolbox that is reshaping preclinical research 
and discusses how these technologies can rein-
force ethical standards, improve reproducibility 
and deepen the modeling of complex diseases. By 
focusing on how digital tools work together with 
traditional methods, we aim to show that digitali-
zation strongly supports responsible and effective 
animal-based research and helps speed up thera-
peutic progress.

Digitalization and novel drug discovery
Artificial intelligence (AI) has become a cen-

tral driver of innovation in early drug discovery, 
enabling the rapid identification of therapeutic 
targets and the efficient prioritization of can-
didate molecules. ML (machine learning) and 
DL (deep learning) models can extract patterns 
from genomic, proteomic and chemical datasets 
that exceed the analytical capacity of tradition-
al approaches. For example, Gómez-Bombarelli 
et al. demonstrated that variational autoencoders 
can generate novel chemical structures optimized 
for drug-like properties, accelerating both hit and 
lead identification [8].

Similarly, Karimi et al. developed DeepAffinity, 
a deep learning framework capable of predict-
ing compound–protein affinities directly from 
sequence information, outperforming classi-
cal docking-based workflows [9]. The use of 
large-scale virtual screening pipelines, supported 
by ML-enhanced scoring functions, has enabled 
pharmaceutical teams to screen millions of com-
pounds computationally before selecting a smaller 
set for laboratory validation [10].

AI has also contributed to the design of clini-
cally relevant molecules. Insilico Medicine report-
ed an AI-generated small molecule (ISM001-055), 
now called Rentosertib, that advanced into Phase 
I clinical trials for idiopathic pulmonary fibrosis, 
illustrating how predictive models can shorten 
timelines. These computational successes do not 
eliminate the need for downstream in vivo stud-
ies, but they significantly reduce the number of 
low-probability candidates entering animal testing, 
increasing overall efficiency and scientific rigor [11].

Automation and 
high-throughput screening

Automation technologies amplify the effi-
ciency and reproducibility of early drug discov-
ery. High-throughput screening (HTS) platforms 
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equipped with robotic liquid handling systems, au-
tomated microplate readers and barcode-tracked 
workflows enable controlled parallel testing of 
thousands of compounds. Macarron et al. high-
light how modern HTS technologies have become 
indispensable for identifying lead molecules in 
large chemical libraries, significantly increasing 
assay reproducibility and throughput [12].

High-content screening (HCS), which couples 
automated microscopy with AI-based image anal-
ysis, has further expanded the discovery toolbox. 
Moen et al. describe how deep learning can inter-
pret complex cellular phenotypes with high pre-
cision, enabling the detection of subtle morpho-
logical changes associated with drug activity [13].

Digital infrastructures also play a major role. 
FAIR-compliant data management systems facili-
tate transparent, traceable and reusable datasets 
across laboratories. Wilkinson et al. established 
the FAIR principles to support robust scientific 
data stewardship and these frameworks now un-
derpin modern HTS and HCS workflows [14].

Together, automation and digital data inte-
gration accelerate target identification, improve 
assay quality, and support more rational selection 
of compounds that ultimately progress to in vivo 
studies.

Digitalization and the 3R principles
Digital transformation in preclinical research 

does not aim to remove animal experimentation 
but to make it more ethical, efficient and scientif-
ically rigorous. The 3R framework — Replacement, 
Reduction, and Refinement — offers a structured 
approach for improving animal research and digi-
tal technologies now play a pivotal role in advanc-
ing each pillar.

Replacement
Digital technologies support the Replacement 

principle by enabling alternative methods that can 
partially substitute for exploratory in vivo studies.

Organs-on-chip platforms — microengi-
neered systems that recapitulate functional units 
of human organs — allow researchers to test drug 
responses under physiologically relevant condi-
tions. These systems improve the prediction of 
human toxicity and pharmacodynamics, reducing 
reliance on early-stage animal experiments [15, 16].

Digital twins, which are computational rep-
licas of biological systems or entire organisms, 
integrate physiological, omics and pharmaco-
logical data to simulate drug responses under 
different conditions. Such models can predict 
dose–response relationships, toxicity windows, or 
metabolic outcomes before any in vivo exposure 
occurs [17].

Computational toxicology has become an 
important replacement strategy in early safety 
assessment. Machine learning models trained on 
historical toxicity datasets can predict hepatotox-
icity, cardiotoxicity and genotoxicity without re-
quiring new animal exposure [10, 18, 19]. 

Although these technologies cannot fully re-
place the complex biological processes observed 
only in whole organisms, they are useful tools in 
the early stages of research, helping to reduce the 
number of candidate compounds and to better 
select those that should move forward to animal 
studies.

Reduction
Digital technologies make a direct contri-

bution to the Reduction principle by increasing 
measurement precision and statistical power, 
thereby allowing robust conclusions to be drawn 
from smaller animal cohorts. One of the most in-
fluential advances in this field is the development 
of markerless automated tracking systems based 
on deep learning. The DeepLabCut framework in-
troduced by Mathis et al. enables high-precision 
pose estimation of freely moving animals without 
physical markers, significantly reducing observer 
bias and experimental variability [20].

In addition, home-cage monitoring systems 
allow continuous, long-term behavioral and phys-
iological assessment without repeated handling. 
A comprehensive review by Voikar and Gaburro 
demonstrates that automated home-cage phe-
notyping improves sensitivity for detecting sub-
tle behavioral changes while reducing stress and 
sample size requirements [21]. By combining con-
tinuous monitoring with automated data extrac-
tion, these platforms increase the informational 
yield per animal and markedly reduce the num-
ber of animals required for adequately powered 
studies.

Refinement through smart 
monitoring systems

The Refinement principle aims to minimize 
pain, stress and distress while improving the qual-
ity of experimental data. Digital monitoring tech-
nologies now play a central role in achieving this 
objective. RFID-based identification systems en-
able non-invasive tracking of individual animals 
housed in social groups, eliminating the need for 
repeated manual identification and handling [22].

Telemetry technologies allow real-time, con-
tinuous monitoring of physiological parameters 
such as heart rate, body temperature, EEG ac-
tivity, and locomotion in freely moving animals. 
A detailed methodological review by Kramer and 
Kinter highlights how modern implantable telem-
etry systems improve both animal welfare and 
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data reproducibility by avoiding repeated re-
straint-based measurements [23].

Computer vision–based behavioral analy-
sis enables fully automated scoring of grooming, 
rearing, social interaction and seizure activity. 
Weissbrod et al. demonstrated that long-term 
automated tracking systems can quantify social 
behavior in group-housed mice with high tem-
poral resolution and strong reproducibility [24]. 
Together, these smart monitoring systems enable 
early detection of distress, reduce experiment-
er-induced stress and substantially improve both 
animal welfare and scientific data quality, fully 
aligning with the Refinement component of the 
3Rs framework.

Digital tools in preclinical models of 
complex pathologies

Complex diseases such as neurodegenera-
tive disorders, psychiatric illnesses, chronic in-
flammatory conditions and metabolic diseases are 
characterized by profound biological heterogene-
ity, slow progression and strong inter-individual 
variability. Traditional preclinical models often 
rely on limited endpoint measurements, which 
may fail to capture subtle or early-stage pheno-
typic changes. In disorders such as Alzheimer’s 
disease, Parkinson’s disease, depression, or meta-
bolic syndrome, early behavioral and physiological 
alterations frequently precede overt pathological 
hallmarks by weeks or months.

Longitudinal analysis is therefore critical 
for understanding disease dynamics. Continu-
ous behavioral monitoring enables the detec-
tion of gradual functional decline, compensatory 
mechanisms and treatment responses over time. 
Moreover, complex diseases generate multimod-
al datasets, including behavior, electrophysiology, 
imaging and molecular profiling. Digital tools en-
able the integration of these heterogeneous data 
streams into unified analytical frameworks, en-
hancing the translational relevance of preclinical 
models [20, 21].

Behavioral monitoring through 
digital technologies

Recent advances in AI-based behavioral rec-
ognition now permit high-resolution quantifica-
tion of movement, posture and social interaction. 
Deep-learning frameworks such as DeepLabCut 
enable markerless pose estimation with near-hu-
man accuracy, facilitating precise gait analysis, 
tremor detection and fine motor assessment [20]. 
Likewise, SLEAP – Social Leap estimates animal 
poses and related multi-animal tracking platforms 
allow automated extraction of social interaction 
patterns in group-housed animals [25].

Computer-vision–based systems increas-
ingly replace manual behavioral scoring, which 
is time-consuming and prone to inter-observ-
er variability. Automated scoring improves re-
producibility and enables the detection of subtle 
phenotypes that are often missed during short 
observation sessions [26]. These technologies are 
now widely applied in rodent models of anxiety, 
depression, autism spectrum disorders and neu-
rodegeneration.

Wearable and implantable telemetry sensors 
enable continuous monitoring of physiological pa-
rameters such as EEG (electroencephalography), 
ECG (electrocardiography), locomotion, body 
temperature, blood pressure and activity rhythms 
in freely moving animals. Unlike traditional wired 
recordings, modern implantable telemetry sys-
tems minimize restraint and stress while provid-
ing high-fidelity longitudinal data [23].

In rodent models of epilepsy, telemetric EEG 
is widely used for continuous seizure detection 
and treatment-response monitoring, enabling 
accurate quantification of spontaneous seizure 
burden [27]. In Parkinson’s disease models, telem-
etry-based locomotor and circadian rhythm anal-
ysis reveals early motor asymmetries and non-mo-
tor symptoms that precede overt dopaminergic 
neuronal loss [28]. Similarly, in Alzheimer’s disease 
models, implantable temperature and activity 
sensors reveal disruptions in sleep–wake cycles 
and circadian rhythms well before cognitive im-
pairment becomes evident [29].

These wearable technologies thus provide a 
crucial link between physiological dynamics and 
behavioral expression, supporting both mechanis-
tic insight and therapeutic evaluation.

Digital biomarkers in 
preclinical neurodegeneration

Digital biomarkers are quantitative, objec-
tive measurements derived from continuous dig-
ital monitoring and they have become increas-
ingly valuable in preclinical neurodegeneration 
research. Unlike traditional behavioral tests that 
capture isolated time points, digital biomark-
ers reflect continuous functional trajectories, 
improving sensitivity to early disease onset. In 
Alzheimer’s disease models, subtle alterations in 
locomotor complexity, exploratory behavior, sleep 
fragmentation and circadian rhythm stability can 
be detected months before amyloid plaque depo-
sition using automated home-cage and telemetry 
systems [29, 30]. In Parkinsonian models, fine-
grained gait abnormalities and reduced move-
ment initiation serve as early digital biomarkers of 
dopaminergic dysfunction [28].

Crucially, digital behavioral and physiological 
biomarkers can be integrated with histological, mo-
lecular and imaging endpoints, enabling multiscale 
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disease characterization. For example, longitudinal 
behavioral decline can be directly linked to syn-
aptic loss, neuroinflammation and neurodegener-
ation through post-mortem histology and in vivo 
imaging. This multimodal alignment strength-
ens mechanistic interpretation and improves the 
translational validity of animal models [21].

Challenges and limitations
While digitalization has profoundly ad-

vanced preclinical research, the integration of 
digital tools also introduces a series of technical, 
ethical, organizational and methodological chal-
lenges that must be carefully addressed to en-
sure responsible and effective implementation. 
One of the most significant technical challenges 
associated with digital preclinical research is the 
sheer volume and complexity of data generated by 
high-throughput screening, continuous behavio-
ral monitoring, telemetry, imaging and multi-om-
ics platforms. These large datasets require sub-
stantial computational infrastructure for storage, 
processing and long-term preservation. Without 
adequate infrastructure, data loss, inconsistent 
preprocessing and analytical bottlenecks become 
major risks [31].

Another major limitation is interoperabili-
ty. Many digital platforms operate using propri-
etary data formats and heterogeneous metadata 
standards, which complicates data sharing and 
cross-study integration. Although the FAIR prin-
ciples were introduced to address these issues, 
full implementation remains uneven across insti-
tutions [14]. Lack of interoperability limits large-
scale meta-analyses and reduces the reproducibil-
ity and translational value of preclinical findings.

Ethical considerations
Despite their potential to improve animal 

welfare, continuous digital monitoring systems 
also raise ethical questions. Constant surveillance 
through video tracking, telemetry and biosensors 
generates massive amounts of sensitive biologi-
cal data and may introduce new forms of experi-
mental burden if not properly managed. Although 
many of these systems are non-invasive, implant-
able devices still require surgical procedures and 
carry risks of infection, discomfort, or altered 
behavior [23].

Additionally, ethical oversight frameworks 
were developed primarily for traditional experi-
mental designs and are still adapting to AI-driven 
decision-making and automated phenotyping. 
The use of algorithms to classify pain, stress, or 
disease severity introduces concerns about trans-
parency, accountability and validation of automat-
ed welfare assessments [32].

Expertise and high costs

Digital preclinical research requires highly 
specialized expertise that extends beyond classi-
cal biomedical training. Effective implementation 
of AI, automated monitoring and advanced data 
analytics depends on close collaboration between 
biologists, veterinarians, computer scientists, data 
engineers and statisticians. A major limitation is 
the shortage of researchers with interdisciplinary 
training, capable of both designing biological ex-
periments and developing or validating complex 
computational models. Without such expertise, 
there is a risk of improper algorithm selection, in-
correct data interpretation, and overreliance on 
black-box predictions [33].

Although digital technologies promise long-
term gains in efficiency and data quality, the in-
itial investment costs remain substantial. Telem-
etry systems, automated home-cage monitoring 
platforms, high-content imaging systems and 
dedicated computational infrastructure require 
considerable capital expenditure, which can be 
prohibitive for small academic laboratories and 
institutions in resource-limited settings. Analy-
ses of high-throughput and digital research infra-
structures show that advanced screening, imaging 
and data-processing platforms involve not only 
high acquisition costs but also expensive long-
term operational demands [31, 33].

Beyond hardware, ongoing expenses related 
to maintenance, software licensing, cybersecuri-
ty, large-scale data storage and personnel train-
ing further restrict accessibility [33]. Studies ex-
amining the implementation of digital health and 
AI-based technologies consistently identify limit-
ed funding, insufficient infrastructure and lack of 
specialized workforce as major barriers, particu-
larly in low- and middle-income environments 
[34]. As a result, digital innovation risks becom-
ing concentrated in well-funded research centers, 
potentially widening global disparities in access to 
advanced preclinical technologies and in the ca-
pacity to generate data-rich, high-resolution an-
imal models.

Conclusion
Digitalization is becoming an essential part of 

modern preclinical research by improving experi-
mental design, supporting ethical standards based 
on the 3R principles and enhancing the study of 
complex diseases. Tools such as artificial intelli-
gence, automation and digital monitoring help re-
searchers obtain more accurate data, reduce un-
necessary animal use and improve animal welfare. 
Digital technologies are particularly valuable in 
preclinical models of complex disorders, such as 
neurodegenerative and metabolic diseases, where 
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long-term monitoring and data integration enable 
the earlier detection of functional changes and a 
deeper understanding of disease progression. At 
the same time, these digital approaches support 
the identification and testing of new therapeutic 
strategies, improving the quality and reliability of 
preclinical evidence.

Overall, digitalization does not replace tradi-
tional preclinical research, but rather strengthens 
it, making preclinical studies more precise, more 
ethical and more reproducible.
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