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ABSTRACT

Drug-induced liver injury (DILI) is a complex and potentially severe adverse reaction to drugs, herbal products or dietary sup-
plements. DILI can mimic other liver diseases clinical presentation, and currently lacks specific diagnostic biomarkers, which
hinders its diagnosis. In some cases, DILI may progress to acute liver failure. Given its public health risk, novel methodologies to
enhance the understanding of DILI are crucial. Recently, the increasing availability of larger datasets has highlighted artificial
intelligence (AI) as a powerful tool to construct complex models. In this review, we summarise the evidence about the use of AI
in DILI research, explaining fundamental AI concepts and its subfields. We present findings from AI-based approaches in DILI
investigations for risk stratification, prognostic evaluation and causality assessment and discuss the adoption of natural language
processing (NLP) and large language models (LLM) in the clinical setting. Finally, we explore future perspectives and challenges
in utilising AI for DILI research.

Abbreviations: Al artificial intelligence; ALF, acute liver failure; AlogP, Ghose-Crippen-Viswanadhan octanol-water partition coefficient; ALP, alkaline phosphatase; ALT, alanine
aminotransferase; AST, aspartate aminotransferase; AUROC, area under the receiver operating characteristic curve; BERT, Bidirectional Encoder Representations from Transformers; Bolasso,
bootstrap-enhanced least absolute shrinkage operator; CIOMS/RUCAM, Council for International Organisations of Medical Sciences/Roussel Uclaf Causality Assessment Method; CNN,
convolutional neural network; DILI, drug-induced liver injury; DILIN, Drug-Induced Liver Injury Network; DILIst, Drug-Induced Liver Injury Severity and Toxicity; DPA, docosapentaenoic
acid; EMA, European Medicines Agency; FDA, Food and Drug Administration; ICD, International Classification of Diseases; Lasso, least absolute shrinkage and selection operator; LLM, large
language model; LTKB, Liver Toxicity Knowledge Base; MCC, Matthews correlation coefficient; NLP, natural language processing; PUFA, polyunsaturated fatty acid; QSAR, quantitative
structure-activity relationship; RECAM, Revised Electronic Causality Assessment Method; SIDER, Side Effect Resource; ULN, upper limit of normal.
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Summary

« Drug-induced liver injury (DILI) is a complex disease
with a challenging diagnosis, posing a significant pub-
lic health risk.

Artificial intelligence (AI)-driven models have ad-

vanced DILI research for improving risk stratifica-
tion, prognostic evaluation and causality assessment.

In DILI, natural language processing or large lan-
guage models are mainly used in literature classifi-
cation, and their utilities as diagnostic tools remain
underexplored.

Overall, AT methodologies offer promising opportuni-
ties to advance DILI research.

1 | Introduction

Drug-induced liver injury (DILI) is an uncommon, complex
and potentially severe adverse reaction to xenobiotics, including
synthetic drugs, herbal products or dietary supplements. Unlike
paracetamol overdose (intrinsic drug-induced liver injury) idio-
syncratic DILI is usually not dose-related, has a variable onset
(days to weeks), and is a common safety cause of postmarketing
drug withdrawal [1]. The diagnosis of DILI is challenging due to
its unspecific clinical presentation and lack of biomarkers, re-
lying on excluding other liver damage causes. Although DILI
often resolves on its own, some cases may progress to acute liver
failure (ALF), requiring liver transplantation or resulting in
death [2]. A multicentric cohort study estimated that idiosyn-
cratic DILI accounts for 11% of ALF cases in the United States,
ranking it the third most frequent cause of ALF after acetamin-
ophen overdose (46%) and ALF of indeterminate cause (12%) [3].
Given its public health risk, new methodologies to better under-
stand DILI are a compelling research opportunity.

In recent years, artificial intelligence (AI) has emerged as a
powerful tool for scientific research. Chen et al. [4] reviewed the
state-of-the-art predictive models for DILI, identifying limita-
tions such as a lack of understanding of DILI mechanisms, scar-
city of human data and insufficient bioinformatic capabilities.
However, these limitations have been partially overcome. Rapid
advances in the field of omics, that is, the term that encompasses
genomics, transcriptomics, proteomics and metabolomics, from
the study of genetic variants or changes in genetic expression to
the detection of specific signatures in protein or metabolite abun-
dance, have fostered the investigations into DILI mechanisms
[5]. Additionally, improved computational capabilities have
led to the development of complex in silico models, integrating
pharmacokinetic models, drug properties and population vari-
ability to estimate DILI risk [6]. Furthermore, the emergence of
real-world data from electronic health records, patient-reported
outcomes and digital health devices has provided a robust data
source beyond traditional epidemiological data [7], though its
adoption for studying DILI remains limited [8, 9].

The use of AI methods provides a powerful and innovative re-
search tool capable of handling massive amounts of data, thereby
opening new research avenues for gaining deeper insight into
DILI. In this review, we summarised the current evidence of Al

strategies for the study of idiosyncratic DILI. This review is di-
vided into the following sections: (1) Basic concepts of AI; (2)
AT as an emerging tool in DILI; (3) The application of natural
language processing (NLP) and large language models (LLMs)
and (4) Future perspectives.

2 | Basic Concepts of Artificial Intelligence

The concept of AI was defined as a discipline focused on the
science and engineering of constructing intelligent machines
[10]. AT encompasses a wide range of technologies that enable
computers to replicate human cognitive functions, including
learning, pattern recognition, prediction and NLP, thereby
performing tasks traditionally requiring human intelligence
(Figure 1). In Table S1, a glossary of Al-related terms that will
be used in this manuscript is provided.

2.1 | Machine Learning

Machine learning, a subset of Al, is centered on the develop-
ment of algorithms or statistical models capable of learning
from data and making predictions, with the ability to enhance
performance over time without extensive reprogramming [11].
Machine learning is generally divided into several categories:
(1) supervised learning, where models are trained on labelled
datasets to predict specific outcomes; (2) unsupervised learn-
ing, which seeks to uncover hidden structures in unlabeled data
through techniques such as dimensionality reduction and clus-
tering; (3) semi-supervised learning, which falls between super-
vised and unsupervised learning with some data not labelled;
and (4) reinforcement learning, where the algorithm learns to
make decisions by interacting with an environment to maximise
cumulative rewards based on feedback from its actions. The ma-
chine learning process typically begins with the collection of
datasets, sourced from various inputs such as text, images, or

Large language
model (LLM)

Deep learning (DL)

Machine learning (ML)

Artificial intelligence (Al)

FIGURE 1 | Relationship between artificial intelligence (AI), ma-
chine learning (ML), deep learning (DL) and large language model
(LLM).
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sensor readings, which form the basis for model training. The
selection of an appropriate algorithm, such as regression analy-
sis, neural networks or clustering techniques, directs the learn-
ing process. Following training, the model undergoes rigorous
evaluation, with its performance assessed using statistical met-
rics, including accuracy, the Matthews correlation coefficient
(MCC) and recall. When the model's performance meets pre-
defined thresholds, it is deemed suitable for deployment in real-
world applications, such as DILI diagnostics, risk stratification
and causality assessment.

2.2 | Deep Learning

Deep learning represents an advanced subset of machine learn-
ing that employs multiple layers of artificial neural networks to
detect complex patterns within large datasets [12]. These net-
works are designed to emulate the architecture and functional-
ity of biological neural systems, particularly the human brain,
enabling them to process vast quantities of data. A typical deep
learning network comprises numerous interconnected nodes
or neurons, organised into layers: an input layer that receives
data, one or more hidden layers where data processing occurs,
and an output layer that generates predictions or classifications.
Compared to traditional machine learning, deep learning excels
at managing larger datasets and tackling more complex prob-
lems, often achieving superior accuracy and performance in
fields such as image and speech recognition. One of its primary
advantages is the ability to automatically extract features from
raw data, reducing the need for manual feature engineering
[13]. This capability is particularly valuable when working with
unstructured data, such as images, audio or text, where deep
learning algorithms can autonomously identify intricate pat-
terns without human intervention. Additionally, deep learning
models are highly scalable, improving in performance as they
are exposed to more data. The success of deep learning has been
fuelled by advancements in computational power and the avail-
ability of large-scale datasets. Deep learning also showed signif-
icant promise in the study of DILI. By analysing vast amounts of
biomedical data, such as genomic information, histopathological
images and clinical records, deep learning models can identify
biomarkers and predict the likelihood of DILI in patients. For in-
stance, convolutional neural networks (CNNs) can process liver
biopsy images to detect subtle signs of injury [14]. However, deep
learning faces challenges similar to those in traditional machine
learning, including issues of overfitting, limited interpretability
and the requirement for large amounts of labelled data, all of
which can complicate its practical implementation.

2.3 | Natural Language Processing and Large
Language Models

NLP is a specialised subfield of AI focused on enabling effective
interaction between computers and humans using natural lan-
guage [15]. LLMs, such as OpenAl's GPT series [16], represent
advanced NLP systems designed to both comprehend and gen-
erate human language. LLMs are deep learning algorithms that
can recognise, summarise, translate and generate text and other
forms of content, utilising knowledge acquired during their pre-
training phase. These models are trained on vast corpora of text

data, allowing them to capture nuanced meanings, contextual
cues and even the subtleties of tone and style. The fundamen-
tal principle involves training these models on diverse datasets,
equipping them to grasp the complexities of language, context
and subtle meanings. Structurally, LLMs are composed of mul-
tiple layers of neurons that process input data through intricate
mathematical operations, iteratively refining their understand-
ing to produce coherent and contextually appropriate text. In the
medical domain, LLMs offer substantial potential to transform
various applications. For example, they can assist healthcare
professionals by automating clinical documentation, generating
patient summaries and facilitating data retrieval from extensive
medical literature [17]. Furthermore, by translating complex
medical terminology into accessible language, LLMs can im-
prove patient management for DILI, ensuring that individuals
better understand their diagnoses and treatment plans [18].

3 | Artificial Intelligence as an Emerging Tool in
DILI

3.1 | Risk Stratification

As abovementioned, idiosyncratic DILI is an unexpected, dose-
independent reaction that can mimic other liver diseases due
to its non-specific clinical presentation. The absence of specific
biomarkers complicates the DILI diagnosis and patient strati-
fication for the management of hepatotoxicity risk. The emer-
gence of AI computational methods has drawn the attention of
researchers for developing and comparing predictive models for
DILI risk using innovative approaches.

3.1.1 | Clinical Studies

For instance, Ma et al. [19], conducted a single-centre retro-
spective study, creating an automated machine learning model
to predict valproic acid-associated transaminase elevations in
1,995 epilepsy patients. They identified white blood cell count,
age, height, total bilirubin, valproic acid plasma concentration
and oral dose as predictive factors using a univariate generalised
linear model and trained the model using several machine
learning methods, including gradient boosting, generalised lin-
ear models, random forest, deep neural networks and extreme
random trees. Among these, the gradient boosting machine-
based model showed the best performance.

In another retrospective study, Yu et al. [20] identified diagnos-
tic biomarkers in the salivary metabolites of DILI patients. They
used principal component analysis and partial least squares dis-
criminant analysis to evaluate metabolic alterations between
DILI patients and healthy controls, followed by a weighted
metabolite co-expression network analysis to cluster sets of
metabolites related to DILI. Eight candidate metabolites were
identified and were used as the inputs for modelling through
least absolute shrinkage and selection operator (Lasso) and
random forest analysis. Both models showed excellent perfor-
mance, with five metabolites, i.e., (1) 3-hydroxydecanoic acid;
(2) 12-hydroxydecanoic acid; (3) tetradecanedioic acid; (4) hy-
poxanthine; and (5) inosine, emerging as potential diagnostic
biomarkers for DILI.
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In a retrospective study with over 7,000 patients with tubercu-
losis, Xiao et al. [21] developed machine learning models using
Lasso-logistic regression, random forest and extreme gradient
boosting to predict DILI from anti-tuberculosis drugs. The ex-
treme gradient boosting model demonstrated slightly better dis-
criminatory capacity compared to the others.

In addition, Gonzalez-Jimenez et al. [22] conducted a cross-
sectional study within the Spanish DILI Registry to identify host
factors and drug properties predicting the biochemical type of
liver injury in DILI cases. Using random forest analysis, they
identified predictors such as age, therapy duration, daily dose,
lipoaffinity index, AlogP, serum half-life, vascular diseases and
hybridisation ratio. The resulting decision tree model classified
DILI cases based on the predicted probabilities of hepatocellular
or cholestatic liver injury. Furthermore, they developed a predic-
tive model for practical use that included age, lipoaffinity and
hybridisation ratio, showing a fair discriminant power.

3.1.2 | Genomics

Notably, genomics has emerged as a valuable source of infor-
mation for Al-driven construction of DILI predictive models.
Feng et al. [23] extracted expression data of over 15,000 genes
from in vivo DILI positive and negative samples. A total of 375
and 1,574 feature genes were selected based on weight values
of vectors. Comparing with support vector machine, a larger
gene set based on the deep learning approach achieved superior
performance.

Likewise, Wang et al. [24] identified potential genetic biomark-
ers from 109 DILI samples and 29 healthy controls from the Gene
Expression Omnibus database [25]. They analysed the differen-
tial gene expression patterns and built six machine learning-
based prediction models, identifying genes with a weight of over
1, such as DDIT3, GADD45A, SLC3A2 and RBM24, as potential
biomarkers.

Also, Lai et al. [26] compared artificial neural network, sup-
port vector machine and random forest for predicting DILI due
to anti-tuberculosis drugs in 127 patients (21 cases with DILI
and 106 healthy controls). The artificial neural network model,
combining clinical and genetic data, showed the best discrimi-
native power.

3.1.3 | Quantitative Structure-Activity Relationship
(QSAR) Models

In addition to modelling with patients’ clinical information or
omics-derived data, other studies have proposed alternative
strategies, such as quantitative structure-activity relationship
(QSAR) modelling. QSAR uses physicochemical properties of
drugs to build in silico DILI predictive models.

For example, Hong et al. [27] used the DILIrank database [28]
and the Mold? software [29] to generate molecular descriptors
for 721 drugs, developing QSAR predictive models with a de-
cision forest algorithm. The 3-class DILI risk prediction model
provides improved performance to differentiate most-DILI

drugs from no-DILI drugs in cross-validation and bootstrapping
in comparison with the 2-class model.

Furthermore, Li et al. [30] developed the DeepDILI model, a deep
learning-powered prediction model. They retrieved information
on 1,002 drugs from the FDA DILIst dataset [31] and generated
molecular descriptors from the Mold? software [29]. By integrat-
ing five machine learning algorithms as base classifiers to build
the DeepDILI model, the deep learning meta-classifier outper-
formed individual base classifiers and effectively predicted DILI
for newly approved drugs.

More recently, Yang et al. [32] developed several machine learn-
ing algorithms based on the information retrieved from the
Liver Toxicity Knowledge Base (LTKB) and the LiverTox data-
base [33, 34]. They calculated molecular representation with six
physicochemical descriptors and molecular fingerprints. Deep
neural network models using ECFP_6, ECFP_4 and MACCS
fingerprints showed the best performance. Furthermore, drugs
containing certain molecular fragments, like nitrogen and oxy-
gen atoms, were identified as more likely to cause DILI.

In another study, Adeluwa et al. [35] combined molecular struc-
tural information, toxicity data, FDA adverse event reports, and
gene expression patterns in six cell lines to develop machine
learning models for predicting a drug's hepatotoxic potential.
They focused on endpoints, including severe DILI associated
with liver necrosis, withdrawal or box warning due to liver tox-
icity, and positive and negative control groups. The individual
models showed low sensitivity, leading the researchers to con-
struct an ensembled model to improve performance. However,
this ensembled model did not enhance prediction accuracy,
indicating that available data on microRNA quantification,
molecular descriptors, toxicology profiles and reported events
may be insufficient for accurately classifying DILI in real-world
scenarios.

Detailed characteristics of the abovementioned studies are sum-
marised in Table 1.

3.2 | Prognostic Evaluation

DILI usually manifests as mild or moderate self-limited dam-
age that resolves spontaneously. However, it can sometimes
progress to a fatal outcome. The absence of validated prognostic
biomarkers complicates the determination of individual risk for
worsening conditions, highlighting the potential of AT compu-
tational methodologies to identify prognostic risk factors. Some
studies have used Al to establish predictive factors for the out-
come in patients with DILI.

Recently, Niu et al. [36] analysed the data from over 900 DILI
patients in the Spanish DILI Registry, developing a machine
learning model using the bootstrap-enhanced least absolute
shrinkage operator (Bolasso) procedure to identify prognostic
factors for fatal outcomes (liver transplantation or liver-related
death). This model included six factors, i.e., 1) prior drug aller-
gies; 2) hepatocellular damage; 3) female sex; 4) total bilirubin;
5) aspartate aminotransferase (AST); and 6) platelet count,
showing excellent discrimination capability. The model was
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(Continued)
Abbreviations: A-375, human skin melanoma; ALP, alkaline phosphatase; ALT, alanine aminotransferase; ANN, artificial neural network; AST, aspartate aminotransferase; AUROC, area under the Receiver Operating

Characteristic (ROC) curve; BA, balance accuracy; DBL, direct bilirubin; DILIst, Drug-induced liver injury severity and toxicity; ECFP, Extended Connectivity Fingerprint; FAERS, Food and Drug Administration (FDA) Adverse

Event Reporting System; GEO, Gene Expression Omnibus; HA1E, immortalised kidney cells; HepG2, liver carcinoma; INR, International Normalised Ratio; Lasso, least absolute shrinkage and selection operator; LR, logistic
&Top 10 predictors for models built with the deep neural network algorithm using three molecular fingerprints are shown. The area under the Receiver Operating Characteristic (ROC) curve corresponds to the deep neural network

PC-3, adenocarcinoma; PHH, primary human hepatocytes; RDKFP, RDKit-specific fingerprint; RF, random forest; SVM, support vector machine; TBL, total bilirubin; Tox21, Toxicology in the 21st century; VPA, valproic acid.
algorithm.

2Top 10 molecular predictors used in the 2-class DILI prediction models. Model performance of 5-fold cross-validation on the 2-class DILI prediction model.

regression; LTKB, Liver Toxicity Knowledge Base; MACCS, Molecular ACCess System; MCC, Matthews correlation coefficient; MCF7, breast cancer; Mold?, Molecular descriptors from 2D structures; NA, information not available;
bValidation of deep learning model trained with 1574 genes.

cArea under the Receiver Operating Characteristic (ROC) curve of the best performing model: artificial neural network combining clinical and genetic data.

dpredictive model for practical use.
¢Predictive model for severe DILI associated with liver necrosis. Area under the Receiver Operating Characteristic (ROC) curve of the training set.

fTop important features selected by extreme gradient boosting.

TABLE 1

externally validated in the LATINDILI Network, with over 450
DILI patients, yielding a similar performance.

Some patients may not achieve biochemical resolution within
6months to a year after DILI recognition, leading to chronic
DILI, with a prevalence estimated at 8%-18% [37-39]. Ashby
et al. [40] developed a machine learning-based score model to
predict resolution trajectories for DILI. They analysed a panel
of clinical factors and drug properties from 294 DILI cases col-
lected by the International Drug-Induced Liver Injury Network
Consortium (iDILIC). The model, which was built upon four
factors significantly associated with prolonged resolution, in-
cluding serum bilirubin, alkaline phosphatase (ALP) at DILI
onset, time to onset and extent of drug metabolism, demon-
strated robust differentiation between risk groups for their pos-
sibility to resolution within 6 months. This model successfully
underwent external validation using 257 cases from the Spanish
DILI Registry and 191 cases from the LiverTox database.

In a retrospective study with 168 DILI patients, Fu et al. [41]
extracted over 1,600 radiomic features from liver segments and
used the Lasso procedure to build a radiomics score. They devel-
oped a predictive model of chronicity using clinical characteris-
tics and the radiomics score, which performed well in predicting
chronic DILI.

In another single centre study, Zhao et al. [42] analysed the me-
tabolomic profile of 90 hospitalised DILI patients, identifying
higher levels of polyunsaturated fatty acid (PUFA) metabolites
in chronic DILI. An enrichment analysis linked the upregulated
PUFA metabolism-associated pathways to DILI chronicity.
Using a random forest analysis, they created a predictive model
with adrenic acid and aspartic acid, outperforming other chro-
nicity markers, such as total and direct bilirubin, ALP or tauro-
cholic acid (Table 2).

3.3 | Causality Assessment

In DILI, causality assessment systematically attributes liver in-
jury to a drug after excluding other causes of liver injury and
objectively weighting evidence to reach clinical judgement [2].
Several systems, including expert judgment, probabilistic meth-
ods and algorithms or scales, have been proposed to determine
the relationship between drug intake and liver injury onset. This
review will be focused on the latter two methods.

3.3.1 | Probabilistic Methods

The probabilistic approach typically uses Bayesian inference
to estimate posterior probabilities from a prior distribution.
The main component of Bayesian inference is Bayes' theorem,
defined by the inversion of a conditional probability; that is,
knowing the probability of the occurrence of an event (X) given
an event (Y), the probability of the occurrence of event Y can
be calculated given that event X has already occurred [43].
Interestingly, Bayesian inference is a learning technique, and it
can be updated with the prior knowledge when new evidence is
available, making it an essential tool in machine learning meth-
odologies. Although less popular, some studies have proposed
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probabilistic models for assessing DILI causality. Zapater et al.
[44] used data from the Canadian American Ticlopidine Study
to estimate the odds of ticlopidine-induced liver injury and de-
signed a Bayesian model calculating the likelihood of DILI due
to ticlopidine. The model indicated that ticlopidine could be
responsible for abnormal liver function tests in 61% of moder-
ate—severe stroke patients treated with ticlopidine. Likewise,
Llanos et al. [45] developed a Bayesian model for early causality
assessment of amiodarone, finding that in 48% of cases with el-
evated liver function tests, amiodarone was responsible for liver
damage. However, despite the advantage of learning from new
evidence, Bayesian models may lose the detecting power when
data is scarce.

3.3.2 | Algorithms and Scales

On the other hand, the use of scales and algorithms in causality
assessment promotes objectivity in the evaluation of suspected
cases, facilitates homogeneity of the diagnostic approach, and
provides a probability category based on a numerical score.
Among these, the Council for International Organisations of
Medical Sciences/Roussel Uclaf Causality Assessment Method
(CIOMS/RUCAM) is the most widely used and accepted tool
[46]. However, it has drawbacks such as debatable domain
weighting, lack of evidence on factors such as alcohol, pregnancy
and age, and the inadequate scoring of atypical DILI phenotypes
[47]. To address these, a computational tool named Revised
Electronic Causality Assessment Method (RECAM, http://dilir
ecam.com) was developed using cases from the Drug-Induced
Liver Injury Network (DILIN) and the Spanish DILI Registry
[48]. Compared to RUCAM, RECAM excluded risk factors and
concomitant drugs criteria and scored previous information on
hepatotoxicity positively. RECAM, which utilises the informa-
tion in LiverTox [49], showed a greater sensitivity for classifying
higher likelihood categories and better overall agreement with
expert opinion. However, its performance in less severe DILI
cases is unclear [48]. Recently, RECAM was validated in China,
showing a better performance than RUCAM for conventional
drugs and herbs [50]. Moreover, in Japan, a modified version,
RECAM-J 2023, showed fair performance for highly probable
and probable cases and improved for possible cases [51].

DILI-CAT is another computer-assisted tool for causality assess-
ment, particularly in drug development, by recognition of drug-
specific phenotypes and using a data-driven algorithm [52]. It
evaluates three criteria: latency (days between drug start and
liver enzyme elevation), biochemical pattern of liver injury (R-
value) and AST/ALT ratio at injury onset. Its scoring system as-
signs points based on parameter value within specific percentile
ranges. Points are deducted for values outside the phenotype
range or as an outlier. The causality assessment involves identi-
fication of a preliminary phenotype, followed by an assessment
of the phenotype validity using additional cases. These steps are
repeated with new cases throughout clinical development to re-
fine and re-validate the phenotypes.

However, most of the abovementioned causality assessment
scales and algorithms are derived from statistical methodolo-
gies based on clinical epidemiological information. Notably, the
development of novel tools such as DeepCausality is of great

interest by using emerging real-world data. This causal infer-
ence framework for free text-based documents, such as elec-
tronic health records and clinical reports, has proven its utility
in ascertaining causality inference in DILI [53].

4 | The Application of Nature Language
Processing and Large Language Models

The implementation of LLMs in various societal fields has gar-
nered significant attention due to their extensive capabilities,
as well as the challenges associated with their use. In the clin-
ical setting, LLMs play crucial roles in data analysis and dis-
ease pattern recognition, assistance in data interpretation and
enhancing patients’ education for improved self-management.
However, these tools present both advantages and disadvan-
tages in the healthcare field.

LLMs can assist in interpreting laboratory results within the
context of a patient's medical history, helping clinicians identify
diagnostic patterns, analyse medical images, extract relevant
diagnostic features, develop predictive models for risk stratifi-
cation and identify new biomarkers. Conversely, limitations in-
clude reliance on training data, which can introduce bias and
inaccuracies, lack of contextual understanding and interpret-
ability of model outputs in specific medical scenarios, and ethi-
cal concerns related to patient privacy and data security [54, 55].

The performance of NLP and LLMs in clinical workflows re-
mains contentious. One retrospective study compared the accu-
racy of identifying metabolic dysfunction-associated steatosis
liver disease in electronic health records of over 38,000 patients
using three approaches: NLP, International Classification of
Diseases (ICD) codes and text search. The NLP tool demon-
strated significantly better overall performance than ICD codes
and text-based search approaches, although ICD showed better
precision [56]. Similarly, Sherman et al. [57] developed an NLP
algorithm to score liver biopsy findings from free text histopa-
thology reports. The algorithm exhibited excellent agreement
with manual validators, accurately identifying histological fea-
tures such as ballooning, steatosis, lobular inflammation and fi-
brosis stages. Conversely, a study assessing LLM performance in
a clinical decision-making for 2,400 real-world cases with four
common abdominal pathologies (appendicitis, pancreatitis, cho-
lecystitis and diverticulitis) found that LLMs performed signifi-
cantly worse than clinicians on diagnostic accuracy, failing to
follow diagnostic guidelines and treatment adherence [58].

Interestingly, the Al-based NLP models exhibit substantial
performance in comprehending complex labeling texts, partic-
ularly in the context of drug safety evaluation. Wu et al. [59]
created an Al-based model leveraging Bidirectional Encoder
Representations from Transformers (BERT, a deep learning
language model created by Google researchers) to classify DILI
from FDA drug labeling text. Evaluated on 750 FDA labeling
documents using cross-validation, this NLP-DILI model demon-
strated robust performance with a MCC of 0.84 in DILI classi-
fication. External validation using European Medicines Agency
(EMA) cross-agency data yielded a MCC of 0.79. In another
study by Chen et al. [60], an automatic text classification ap-
proach based on a document-term matrix from text mining and
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the XGBoost classifier also demonstrated robust performance in
classifying DILI using drug labeling text.

However, the use of NLP for diagnostic purposes in DILI is
currently limited, although some studies have utilised NLP to
construct models for searching literature related to DILI. Rathee
et al. [61] developed the DILI, model using a dataset containing
DILI-positive and negative literature, along with external data-
sets from the FDA and the Side Effect Resource (SIDER). This
Al-driven model uses NLP to extract relevant words, which are
processed by a pattern mining algorithm. The mined patterns
are scored, and the resulting scoring matrix is used by a gradient
boosting machine to classify the literature.

5 | Future Perspectives

The interest in AI and its applications across various areas in
medicine has been steadily growing in recent years. Idiosyncratic
DILI is not an exception, as reflected by the increasing body of
literature on AI subfields. This review summarised the findings
on Al-based algorithms for the diagnosis or prognosis of DILI
through clinical, in vivo or in silico studies.

The increasing use of AI-based models is driven, to some extent,
by the advent of big data. This surge in the availability of large
datasets, such as omics-derived or real-world data, facilitates the
training and development of more complex models. Nonetheless,
the relatively low incident condition of DILI and the lack of in-
formation may compromise the accuracy and validity of the
models. Recently, a roadmap for DILI research in Europe advo-
cated the creation of a prospective database integrating clinical
information, linked omics data and liver histology data from
DILI patients [62]. Within the operational framework, analysing
data through AI methodologies presents a significant opportu-
nity to advance DILI research.

Also, advances in NLP and LLM facilitate their progressive
adoption in a clinical setting as supportive tools for clinicians.
However, barriers such as a lack of knowledge and trust in
AT systems may hinder this implementation. Initiatives like
LiverAI, an Al-powered chatbot developed by the Spanish
Association for the Study of the Liver to provide personalised
support and education to its users [63], could support the inte-
gration of these tools, highlighting their advantages and lim-
itations in aiding the diagnosis and risk stratification of DILI
patients. Nonetheless, it is worth noting that clinicians should
be cautious about Al-based models due to possible inaccuracies
in the collection and processing of data, which may cause (in-
advertent) bias and lead to erroneous conclusions. Therefore,
while the adoption of AT tools could be deemed as an appealing
opportunity, it is important to remark that AI models should not
override clinical expertise.

Overall, the widespread use of AI in research represents a
promising advancement in DILI research. Collaboration among
stakeholders somehow involved in DILI (academia, clinicians,
industry, regulatory authorities) is crucial to construct and
validate complex models based on extensive data from diverse
sources. These collaborative efforts will deepen our understand-
ing of DILI and, ultimately, improve patient outcomes.
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