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ABSTRACT
Background: Large language models (LLMs) can support clinical decision-making by parsing databases and extracting relevant 
information. However, evaluating drug-induced liver injury (DILI) often requires processing lengthy clinical histories alongside 
reference materials like LiverTox, which can exceed context lengths of conventional LLMs. Challenges such as information 
truncation hinder standard approaches like prompt engineering and retrieval-augmented generation (RAG). To address these 
limitations, this study introduces DILIConsult, an agentic LLM pipeline based on GPT-4, designed to intelligently parse clinical 
and drug information.
Methods: To develop DILIConsult, we compared GPT-4-Turbo versus GPT-4o for extracting DILI characteristics from LiverTox 
descriptions. We tested two approaches to analyzing cases of suspected DILI: full-length case analysis versus sequential drug-
specific evaluations. We evaluated DILIConsult on cases of suspected DILI identified from the open source Medical Information 
Mart for Intensive Care-IV (MIMIC-IV) ICU dataset based on American Association for the Study of Liver Diseases (AASLD) 
and European Association for the Study of the Liver (EASL) criteria. Outputs from DILIConsult were compared against a panel 
of clinicians comprising an ICU pharmacist, an ICU junior attending physician, and an ICU resident. Responses were evaluated 
by two senior ICU attending physicians.
Results: Using GPT-4o and a sequential approach demonstrated improved performance in the extraction of DILI charac-
teristics and analysis of suspected DILI. DILIConsult achieved the best mean rank of 1.66 ± 0.75 in knowledge recall and 
ranked second for reasoning (2.00 ± 0.64) and reflection of current medical consensus (2.05 ± 0.62). DILIConsult ranked 
last with mean ranks of 2.07 ± 0.52 and 2.09 ± 0.72 for less omission of important information and content inaccuracy,  
respectively.
Conclusion: DILIConsult demonstrates the potential of LLMs to assist clinicians in evaluating DILI. The findings emphasize 
the importance of task division in LLM-driven workflows to minimize information loss.
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1   |   Introduction

Drug-induced liver injury (DILI) is an adverse drug reaction 
resulting from the use of medications, herbal supplements, or 
other chemical substances. Globally, its incidence is estimated 
to be 4.94 per 100,000 person-years, with Asia reporting the 
highest incidence at 17.82 per 100,000 person-years [1]. DILI is 
a challenging diagnosis due to heterogeneous clinical presenta-
tions, lack of a definitive diagnostic test, and rise in polyphar-
macy [2]. DILI can lead to severe outcomes, including acute liver 
injury requiring liver transplantation and death [3–5].

Diagnosis of DILI is typically one of exclusion, initiated by ab-
normal liver function tests (LFT), and followed by a focused 
clinical assessment of the patient's medical and medication 
history. Most guidelines [6, 7] recommend combining medica-
tion and laboratory data with evidence-based resources such as 
LiverTox [8], which summarizes evidence on the likelihood of 
DILI. However, this process can be time-consuming and highly 
subjective. In time-sensitive settings like intensive care units 
(ICUs), rapid consolidation of patient history can support faster, 
more appropriate diagnosis to prevent clinical deterioration.

This underscores the need for clinical decision support (CDS) 
tools (see Table 1 for a glossary of definitions) capable of leverag-
ing patient-specific information with evidence-based resources 
to streamline clinical assessment [9]. Prior evaluations of CDS 
tools in medication management have shown that excessive 
nonspecific alerts with unclear clinical significance remain 
key limitations, contributing to clinician fatigue and reduced 
engagement. These findings highlight the importance of de-
veloping patient-specific, context-aware systems to enhance 
relevance and clinical adoption [12, 13]. In parallel, current 
rules-based clinical assessment tools such as the Roussel Uclaf 
Causality Assessment Method (RUCAM) offer limited utility 

because they fail to incorporate various drug-specific variables 
and DILI phenotype diversity [14, 15].

Large language models (LLMs), known for their ability to pro-
cess and generate natural language, are computer algorithms 
which can adapt to an assortment of tasks in medicine [16]. 
When integrated with search engine functionality and the ability 
to process unstructured data, LLMs may offer more contextual-
ized assistance. However, several challenges—such as ensuring 
consistently accurate outputs, maintaining data security, and 
upholding medical ethics—have hindered their widespread 
adoption in medicine [17]. A key limitation is LLMs' tendency 
to ‘hallucinate’, or generate inaccurate information [18]. These 
inaccuracies may be mitigated when task-specific information 
is provided to the LLMs, through methods known as grounding 
and Retrieval Augmented Generation (RAG). However, LLM 
performance has been noted to decline when passed longer in-
formation [19], and excessive curation of data can lead to the loss 
of important information.

Inspired by the ReAct framework (Reason and Act) [20] and ad-
vances in multi-agent systems (Table 1) [21], we propose a LLM 
workflow that decomposes DILI evaluation into a set of simpler 
subtasks. This method limits the breadth of external knowledge 
to reduce the cognitive load on the LLMs. This cooperative use 
of LLM agents (Table  1) in complex problem-solving scenar-
ios has shown promise in mitigating the limitations described 
above [22].

In this study, our objectives were to: (i) evaluate the ability of 
OpenAI's GPT-4 to extract relevant information from raw pa-
tient data and LiverTox texts, (ii) develop LLM agents and a 
multi-agent pipeline for DILI evaluation, and (iii) assess the 
accuracy and clinical utility of the recommendations generated 
by this pipeline. We introduce DILIConsult, an LLM-driven 

TABLE 1    |    Glossary of key terms used in this article.

Key terms Definitions

Clinical decision support (CDS) tools CDS tools aim to augment clinical decision making with context-specific clinical 
knowledge, patient data and other relevant health information [9].

Likelihood categories A standardized set of semiquantitative probability classifications used by the 
Drug-Induced Liver Injury Network (DILIN) to convey structured expert opinion 
regarding the causal relationship between a drug and liver injury. The categories—
Definite, Highly Likely, Probable, Possible, Unlikely, and Insufficient Data—
correspond to estimated probability ranges spanning from < 25% to > 95%. For 
example, a drug described as highly likely to be the cause would have a probability 
of 75%–95%, and having “clear and convincing” evidence yet not definite [7].

Large Language Model (LLM) agents LLMs configured as intelligent systems with internal planning and reasoning 
capabilities that enable them to perform multi-step tasks and interact with external 
tools or databases [10].

Multi-agent systems A system of multiple specialized agents, collaborating to perform tasks [11].

R ratio The value of alanine aminotransferase (ALT) relative to alkaline phosphatase (ALP), 
each normalized to their respective upper normal limits. Patients with liver injury 
may be categorized by phenotype based on the R ratio as such:
•	 R ratio > 5: hepatocellular
•	 R ratio 2–5: mixed
•	 R ratio < 2: cholestatic
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pipeline designed to offload the lengthy information-sourcing 
process yet still allowing clinicians to retain control of the out-
come (Figure 1).

2   |   Methods

2.1   |   Study Design

This retrospective comparative diagnostic study comprised 
three phases. First, we identified and sampled suspected 
DILI cases. Second, we conceptualized DILIConsult by 

evaluating GPT-4's ability to identify DILI characteristics 
from patient cases and LiverTox descriptions. Finally, we as-
sessed DILIConsult's performance by comparing its recom-
mendations to outputs from a baseline GPT-4 and a panel of 
clinicians.

2.2   |   Dataset Preparation

We retrieved deidentified cases of suspected DILI from the 
publicly available Medical Information Mart for Intensive 
Care IV (MIMIC-IV) database, which contains information 

FIGURE 1    |    Proposed clinical workflow. CDS, clinical decision support; DILI, drug-induced liver injury; LLM, large language model. DILIConsult 
is an LLM-driven pipeline designed to provide CDS to clinicians. It is intended to help pharmacists review electronic health records while cross-
referencing LiverTox.
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from patients admitted to the Beth Israel Deaconess Medical 
Center (BIDMC) emergency department or ICU between 
2008 and 2019. The creation and distribution of MIMIC-IV, 
including waiver of informed consent, were approved by the 
BIDMC Institutional Review Board [23]. Prerequisite training 
in human-subjects research was completed before the dataset 
was accessed.

ICU stays were included based on European Association for the 
Study of the Liver (EASL) [6] or American Association for the 
Study of Liver Diseases (AASLD) [7] criteria for clinically signif-
icant DILI. We excluded ICU stays with any of the following: (i) 
assigned liver cirrhosis International Classification of Diseases 
(ICD) codes, (ii) serum liver enzyme elevations above upper 
limit of normal from hospital admission through 12 h after 
ICU admission, and (iii) not prescribed with any drugs in the 
120 days before meeting DILI criteria.

For each stay, we extracted prescription records and laboratory 
results spanning 120 days before meeting DILI case criteria 
until discharge. Prescribed drugs were mapped to a LiverTox 

description, and each ICU stay was treated as a unique sus-
pected DILI case.

Finally, to generate a representative testing dataset, we ran-
domly sampled 50 LiverTox descriptions and 50 suspected DILI 
cases. An overview of the dataset preparation process is pro-
vided in Figure 2.

2.3   |   Development of DILIConsult

2.3.1   |   Conception of DILIConsult

DILIConsult consists of specialized GPT-4-driven ‘agents’ col-
laborating to perform DILI evaluation and provide substan-
tiated recommendations. An overview of each component is 
detailed in Figure 3.

Much like multidisciplinary health care teams [24], each agent 
within this multi-agent framework serves a specialized role. 
However, consolidating lengthy contexts of patient case details 

FIGURE 2    |    Flow diagram showing selection of patient case and LiverTox descriptions. AASLD, American Association for the Study of Liver 
Diseases; DILI, drug-induced liver injury; EASL, European Society for the Study of the Liver; GPT, Generative Pre-trained Transformer; ICD, 
International Classification of Diseases; ICU, Intensive Care Unit; LFT, liver function test. ICU admission meeting DILI case criteria from EASL 
and AASLD practice guidelines were included. Admissions with competing causes of liver injury, for example liver cirrhosis diagnoses & prior LFT 
derangements were excluded.
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and medical literature can be a challenging task. We hypoth-
esized that decomposing this task into subtasks of reasoning 
and fact-checking would improve GPT-4's performance. In this 
setup, a single LLM performs inference iteratively, focusing 
on one drug per iteration. The model's findings then flow to a 
separate summarization agent to form a comprehensive over-
view. Hence, two types of agents are utilized: the Drug Analysis 
Agent, which generates focused drug appraisals after each re-
view; and the Clinician Agent, which aggregates the findings 
without having processed the original reference text.

To enhance the utility of DILIConsult outputs for clinical prac-
tice, LLM responses were formatted according to the SBAR 
(Situation, Background, Assessment, Recommendation) frame-
work, a widely recognized tool that promotes clear and consis-
tent communication [25, 26].

The Drug Analysis Agent was developed through stepwise 
evaluations of GPT-4's ability to perform three core tasks: (i) 
identify DILI characteristics from a patient's raw data, (ii) iden-
tify DILI characteristics from LiverTox descriptions, and (iii) 

FIGURE 3    |    Potential DILIConsult Architecture. GPT, Generative Pre-trained Transformer; SBAR, situation, background, assessment, recom-
mendation. The Drug Analysis Agent and Clinician Agent hold different responsibilities. Drug Analysis Agents analyze individual drugs, and a 
Clinician Agent provides a SBAR answer. (A) Full-Case Analysis—A single GPT model processes all patient details and reference text (LiverTox). 
(B) Sequential Analysis—Drugs taken by a patient are processed one-by-one. Sequential Analysis (B) was selected to form DILIConsult architecture 
due to the better performance (Appendix C).
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compare these characteristics to rationalize a likelihood of in-
jury causality.

In each experiment, prompts were iteratively refined to opti-
mize performance on a small group of test data, after which we 
proceeded with full-scale testing. To account for variability in 
responses, each test was repeated over multiple days and mean 
accuracy was calculated [27, 28]. The full prompt templates are 
provided in Appendix A.

2.3.2   |   Identifying DILI Characteristics From 
Patient Cases

First, we evaluated GPT-4's ability to extract DILI characteris-
tics using the set of test cases sampled above. GPT-4 was pro-
vided with patient laboratory values, R ratios, and the start and 
end dates of prescribed drugs, and asked to extract three key fea-
tures in DILI evaluation: pattern of liver injury, onset time, and 
recovery time. We used the gpt-4-0125-preview model of GPT-4, 
henceforth referred to as GPT-4-Turbo.

The evaluation was divided into two arms. In the first “full-
length” arm (Figure 3A), GPT-4-Turbo was given the entire pa-
tient case, including all suspect drugs, in a single prompt. We 
then graded the accuracy of extracted DILI features for all sus-
pect drugs. In the second “sequential” arm (Figure 3B), we pro-
vided GPT-4-Turbo with shorter contexts, by including only one 
suspect drug at a time in each prompt. In both arms, each of the 
50 cases was attempted three times.

Responses such as “information not available” or “not recov-
ered” were accepted if they reflected an accurate understanding 
of the patient's condition. R ratio interpretations from AASLD 
and definitions of recovery were incorporated into the prompts 
to guide the determination of liver injury patterns [7, 29–30].

2.3.3   |   Identifying DILI Characteristics From LiverTox 
Descriptions

Next, we assessed GPT-4's ability to extract DILI characteristics 
from LiverTox, using the “Hepatotoxicity” sections of the 50 
sampled LiverTox descriptions. GPT-4 was tasked with identify-
ing the phenotypes of liver injury associated with each drug and 
corresponding DILI features. Definitions of DILI phenotypes 
from LiverTox were incorporated into the prompts [31].

We then evaluated GPT-4's responses based on its accuracy in 
identifying all associated phenotypes and their characteristics. A 
response was considered accurate only if every injury phenotype 
along with the corresponding DILI features was correctly iden-
tified. Minor variations in the time to onset and recovery were 
permitted as long as they maintained the same semantic meaning 
as the original text. In cases where the LiverTox description did 
not specify a certain feature, an answer signifying an absence like 
“NIL” was accepted.

This evaluation was also conducted across two model vari-
ants: GPT-4-Turbo and gpt-4o-2024-05-13 (otherwise known as 
GPT-4o). Each model was run 30 times per LiverTox description.

2.3.4   |   Consolidation and Testing of Drug 
Analysis Agents

Following the initial testing phases, we then designed our Drug 
Analysis Agents to provide a DILI likelihood rating and expla-
nation for the suspect drug. This model was tested on 10 sus-
pect drugs across 31 patient cases, evaluating the accuracy of its 
explanations and the prompt was improved iteratively. Missing 
details that could make the drug less likely to be the cause were 
also expected to be highlighted. An example of this interaction is 
provided in Figure 4A,B.

2.4   |   Evaluating the Utility of DILIConsult

2.4.1   |   Experimental Setup

To complete the DILIConsult pipeline, we integrated the Drug 
Analysis Agent with a Clinician Agent responsible for generat-
ing a consolidated recommendation. (Figure 3) We then tasked 
DILIConsult with providing recommendations for our sam-
pled cases of DILI. Similar to the previous evaluation phases, 
prompts were refined until consistent satisfactory SBAR output 
(Figure 4C) was shown on a small group of test data.

As comparators, we included a base GPT-4 model without mod-
ifications and a panel of clinicians consisting of a pharmacist 
(more than 10 years of experience), a medical officer (more than 
5 years), and an associate consultant in critical care (more than 
5 years). These comparators were given the same patient cases 
and reference texts and asked to provide their recommenda-
tions in the SBAR format. The model used for both the base 
GPT-4 and DILIConsult will be the more accurate model in the 
LiverTox evaluation.

2.4.2   |   Expert Panel Grading

To compare the recommendations generated by the three arms, 
we formed an expert grading panel consisting of two critical care 
consultants, each with more than 10 years of experience. The 
panel was provided with recommendations from DILIConsult 
and comparator arms in a three-way ranking study and asked to 
evaluate each recommendation across 22 patient cases using the 
following questions:

•	 Which answer demonstrates better recall of knowledge? 
(i.e., mention of an accurate and/or relevant fact for answer-
ing the question)

•	 Which answer contains more inaccurate content?

•	 Which answer better reflects the current consensus of the 
scientific and clinical community?

•	 Which answer demonstrates better reasoning steps?

•	 Which answer omits more important information?

These questions were adapted from the benchmark of Med-
PaLM-2 [33] to assess DILIConsult's ability to reduce hallucina-
tions, utilize retrieved information, and provide well-reasoned 
recommendations.
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To ensure blinding, all recommendations were anonymized and 
presented to the expert panel in randomized order.

2.5   |   Statistical Analysis

To evaluate differences in the mean accuracy ± standard devi-
ation (SD) of GPT-4 when analyzing patient cases and LiverTox 
descriptions, we conducted a paired t-test at a one-tailed signif-
icance level of 0.05. Friedman's test was applied to identify sta-
tistically significant differences in the expert panel's ranking of 
recommendations, followed by Nemenyi's post hoc test for pair-
wise comparison at a two-tailed significance level of 0.05.

3   |   Results

3.1   |   Patient Case Analysis

When assessing the overall DILI evaluation characteristics, the 
mean accuracy for the full-length approach was 40.9% ± 39.1%, 

compared to a higher mean accuracy of 52.0% ± 40.4% that used 
a sequential approach. The mean difference in accuracy was 
significant at 11.1% (95% confidence interval [CI]: 2.3%–19.9%, 
p = 0.007).

To identify specific areas of strengths and weaknesses, we an-
alyzed GPT-4's performance on individual characteristics. The 
mean difference in accuracy for onset and recovery was statis-
tically significant at 9.4% (95% CI: 2.7%–16.0%, p = 0.003) and 
11.7% (95% CI: 2.8%–20.5%, p = 0.005), respectively. However, 
the difference in identification of the pattern of liver injury was 
not statistically significant at −0.4% (95% CI: −5.3% to 4.4%, 
p = 0.43) in this analysis.

The overall percentage of error-free attempts was 26.7% and 
16.0% for the full-length approach and sequential approach, 
respectively.

Common mistakes made in the full-length approach were in-
complete responses (22/71, 31.0%) and incorrect timing calcu-
lations (43/71, 60.6%) for onset. Comparatively, all errors for 

FIGURE 4    |    Example input, output and SBAR recommendation. ALT, Alanine aminotransferase; AST, Aspartate aminotransferase; ALP, alka-
line phosphatase; ICU, Intensive Care Unit; SBAR, situation, background, assessment, recommendation; TB, total bilirubin. (A) DILI characteristics 
of the suspected case, followed by text from the “Hepatotoxicity” sections of associated LiverTox monographs, are presented to the Drug Analysis 
Agent as input. (B) The Drug Analysis Agent provides an output summarizing the likelihood of DILI causality and its rationale. (C) An example of 
the SBAR recommendation generated by DILIConsult. Text has been truncated for readability.

FIGURE 4C    |    Example of SBAR recommendation generated by DILIConsult. AST, Aspartate aminotransferase; ALP, alkaline phosphatase; ICU, 
Intensive Care Unit; SBAR, situation, background, assessment, recommendation. Text has been truncated for readability.
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onset in the sequential approach came from wrongly extracted 
durations (115/115, 100%). For the recovery characteristic, the 
highest proportion of errors for both approaches stemmed from 
incorrectly assuming that certain information was present, such 
as inferring that the patient has recovered when they have not. 
(41/89, 46.1% for full-length approach; 73/97, 75.3% for sequen-
tial approach).

Strong performance in identifying the pattern of liver injury in-
dicates a solid understanding of the definitions provided to the 
model. The sequential approach was selected for the DILIConsult 
architecture given the higher accuracy. Even though mistakes 
were still present, these errors were consistent and could be mit-
igated by pre-processing the features involving durations.

The above statistical analysis and errors are reported in 
Appendix C.

3.2   |   Analysis of LiverTox Descriptions

Overall, GPT-4 identified DILI phenotypes from LiverTox de-
scriptions with considerable accuracy. After repeated testing, 
GPT-4-Turbo identified associated DILI phenotypes and all of 
their characteristics, if they were present, with an accuracy of 
81.5% ± 35.6%. In comparison, GPT-4o had a higher mean accu-
racy of 96.9% ± 15.0%. A significant difference in mean accuracy 
was found between the two models (mean difference = 15.4%, 
95% CI: 4.5%–26.4%, p = 0.003).

The most common mistake (182/334, 54.5%) made by GPT-4-
Turbo was failing to identify a liver injury phenotype mentioned 
in the LiverTox descriptions. Notably, such mistakes were often 
consistent across multiple attempts of the same case, suggesting 
a systemic misinterpretation. Conversely, if all phenotypes were 
correctly identified in an initial attempt, the model consistently 
maintained this accuracy across all subsequent attempts.

Furthermore, for certain LiverTox descriptions, GPT-4-Turbo 
could recognize that a drug was associated with liver injury 
presenting with multiple patterns of liver enzyme elevations 
(e.g., cholestatic and mixed patterns), but it struggled to spec-
ify the exact phenotypes (cholestatic and mixed hepatitis, re-
spectively). Instead, GPT-4-Turbo tended to conflate these into 
a single phenotype with two possible patterns of liver enzyme 
elevations. This suggested that certain texts may have included 

subtle distinctions between liver injury phenotypes and their 
patterns of enzyme elevations that were challenging for GPT-
4-Turbo to accurately discern. Although GPT-4o was not free 
of such mistakes, an overall error reduction of 86.2% was seen. 
A detailed breakdown of the types of incorrect responses given 
by GPT-4-Turbo and GPT-4o can be found in Appendix C. As 
GPT-4o was the more accurate model in all parameters, it was 
used in DILIConsult.

3.3   |   Comparison Between DILIConsult, Base GPT, 
and Human Analysis

Across our evaluation criteria, we observed mixed performance 
in the mean rankings of DILIConsult's recommendations com-
pared to the Clinician and base GPT-4 arms (Table 2). However, 
Friedman's test indicated that these differences were not statis-
tically significant.

Despite this, DILIConsult demonstrated stronger performance 
in the Knowledge Recall aspect where it achieved a mean rank 
of 1.66 ± 0.75 (p = 0.06), surpassing both the Clinician and base 
GPT-4. In terms of medical consensus (2.05 ± 0.62 vs. 1.64 ± 0.82, 
p = 0.05) and reasoning (2.00 ± 0.64 vs. 1.93 ± 0.94, p = 0.89), 
DILIConsult ranked second behind the Clinician arm, respec-
tively. However, in the areas of omitting important information 
(p = 0.78) and inaccuracy (p = 0.79) in content, DILIConsult 
ranked slightly behind the other two arms, with mean ranks of 
2.07 ± 0.52 and 2.09 ± 0.72, respectively.

The Nemenyi's post hoc test was not conducted as there was no 
statistical significance found.

An aggregate performance score and individual case per-
formance are presented in a graphical manner in Figure  5. 
Although no statistical significance was reached for each indi-
vidual criterion, overall preference appears to trend towards the 
clinician answers.

4   |   Discussion

Our study is the first in describing the use of context-aware LLMs 
to facilitate clinical evaluation of DILI. We found that GPT-4o was 
able to achieve acceptable levels of accuracy in identifying DILI 
phenotypes and characteristics from LiverTox descriptions as 

TABLE 2    |    Mean ranks for various models across different axes.

Mean ranks (SD)a

pClinician Base GPT-4 DILIConsult

Knowledge Recall (Q1) 2.30 (0.72) 2.05 (0.62) 1.66 (0.75) 0.06

Less inaccurate content (Q2) 1.98 (0.61) 1.93 (0.66) 2.09 (0.72) 0.79

Reflects current consensus (Q3) 1.64 (0.82) 2.32 (0.75) 2.05 (0.62) 0.05

Reasoning steps (Q4) 1.93 (0.94) 2.06 (0.74) 2.00 (0.64) 0.89

Less omission of important information (Q5) 1.91 (0.75) 2.02 (0.63) 2.07 (0.52) 0.78

Abbreviation: SD, standard deviation.
aMean rank values are reported, with lower value ranks indicating better performance (i.e., 1 = best, 3 = worst).
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opposed to GPT-4-Turbo. In the patient case analysis, several drugs 
were missed by GPT in its report, but this issue was mitigated in 
the sequential approach which narrowed the task and eliminated 
the need for the GPT to segment the task on its own. When de-
termining the time to onset and recovery, statistically significant 
improvements of using the sequential approach were observed. 
However, the overall accuracy was still insufficient. To address 
this, the DILI characteristics were pre-processed and included in 
the Drug Analysis Agent prompt. (see Appendix A for example).

In the three-way comparison, no statistically significant pref-
erence was found among expert graders for all five criteria. 
DILIConsult generally supported its argument with more in-
formation from the case and reference text, whereas the base 
GPT-4 provided more condensed explanations. We also noted 
that clinicians sometimes proposed that none of the drugs were 
potential contributors to DILI, whereas both DILIConsult and 
base GPT-4 always recommended discontinuing at least one 
drug. This may reflect a tendency for sycophancy in the LLM, 
where the generated content aims to align with the prompt (in 
this case, that there is a drug in the set examined that contrib-
uted to DILI), rather than necessarily challenging the assump-
tion. This can be tackled in future work, potentially by refining 
the prompting strategy.

Nonetheless, both LLM approaches occasionally overlooked 
drugs which are highly likely causes, such as doxorubicin. In an-
other case, only the clinicians connected an elevated INR to the 

use of warfarin instead of liver injury, suggesting that the care-
ful prompting and exclusive use of DILI references may have 
reduced the LLM's ability to consider alternative explanations.

Our study aligns with prior work which has shown comparable 
performance of generative artificial intelligence (AI) to nonex-
pert physicians and physicians in general, but worse than ex-
pert physicians [34]. However, our approach provides greater 
transparency of the LLM's reasoning processes and addresses 
a key concern of clinicians and a barrier to overcome for imple-
mentation into health care settings [35, 36]. Although the indi-
vidual outputs of the Drug Analysis Agents were not evaluated, 
they are able to provide interpretable insights into the eventual 
SBAR communication output. Some studies which evaluate 
the potential of Multi-Agents have shown favorable outcomes 
[10, 37], but our study was the first to assess the performance 
of a Multi-Agent framework against clinicians on clinical cases, 
to our knowledge. With the use of the well-established SBAR 
framework, our study facilitates the translation of our findings 
into real-world clinical practice. The intentional use of SBAR 
format to promote safe effective communications addresses a 
key gap seen often in the busy clinical space and is structured to 
facilitate clearer presentation of poor reasoning or hallucination 
by the LLM as a safety net when utilizing such technology at 
current form.

However, using multiple agents in a single case adds complex-
ity. Like large teams, more agents may increase the risk of 

FIGURE 5    |    Heatmap showing sum of ranks and individual case preference. Heatmap displaying performance of the 22 cases across the three 
experimental arms (Clinician, Base GPT-4, and DILIConsult). Each column corresponds to a case, with the sum of rank presented as the column 
header and the breakdown of preferences for each criterion shown in the subsequent rows. Green denotes 1st rank, yellow denotes 2nd rank, and red 
denotes 3rd rank. For Questions 2 and 5, the ranking scale was reversed so that the higher-performing responses are consistently shown as green. 
Overall, a lower sum of ranks and more green cases reflect a preferred experimental arm.
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miscommunication or inconsistent output. This underlines the 
importance of striking an optimal balance in the number of 
agents and careful design to ensure coherent communication. 
In future iterations of the multi-agent system, more safeguards 
should be implemented to ensure consistency and alignment 
across agents.

A key limitation of our study was the small sample size of only 
22 cases of suspected DILI included in our final evaluation of 
DILIConsult. The limited number of cases reduced the power 
of our analysis and made it challenging to detect meaningful 
differences between the study arms. Another limitation is that 
additional patient data, including radiography reports, were not 
utilized. This limits the scope of DILIConsult to drug-related 
differentials, which may be resolved by adding agents to exclude 
other diagnoses.

Furthermore, the use of multiple agents or agentic workflows in-
volves higher compute power, results in longer latency between 
input and output, as well as incurs higher costs due to more 
calls to the application programming interface (API). These 
factors pose challenges to real world implementation and limit 
scalability.

Lastly, the standardized prompting used for LLM responses may 
have introduced distinguishable language patterns in their out-
put, potentially compromising blinding. Prior work shows that 
LLM-generated scientific manuscripts differ from human writ-
ing in measurable areas such as readability and lexical diversity, 
making them identifiable to human expert reviewers [38, 39]. 
Future studies should consider prompt variation, stylistic mask-
ing, or human-in-the-loop editing to better balance linguistic 
features and preserve blinding integrity.

5   |   Conclusion

We introduced DILIConsult, a novel LLM-based tool for DILI 
evaluation which demonstrated some promise in knowledge re-
call and generating interpretable outputs. Previous works have 
explored the use of conventional natural language processing 
(e.g., Word2Vec, BERT) or machine learning methods (e.g., ran-
dom forest) to summarize literature and classify potential DILI 
[40–42]. With the advent of LLMs, clinician-AI interaction is be-
coming more natural and intuitive by tapping into the natural 
language processing capabilities. Additionally, conversational 
interfaces allow dynamic, context-aware exchanges, aiding cli-
nicians in understanding and integrating AI recommendations. 
We propose that DILIConsult can bridge the gap between AI 
and user adoption, towards seamless integration into clinical 
practice.
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Sections of the prompt Remarks

## Before you start:
–	 Even though you should take the likelihood SCORE from 

LiverTox into account (A, B, C, D, E, or X), you should also 
consider other factors of clinical phenotype, onset time and 
recovery time. Do not merely translate the SCORE into the 
CATEGORY.

–	 The only information given regarding the patient is: Liver 
panel, onset time, recovery time and dosing. All other 
missing information (e.g., symptoms) does not mean 
an absence of those findings, so you should encourage 
investigation into those areas.

Task guidelines are 
provided. Common 
misinterpretations 

identified when 
evaluating GPT's 
performance on 

LiverTox text 
(Section 2.3.3) are 
addressed in this 

segment.

## For the likelihood score, please refer to the definitions 
below:
–	 Definite (> 95% chance): Liver injury is typical for the drug 

or herbal product (“signature” or pattern of injury, timing 
of onset, recovery). The evidence for causality is “beyond a 
reasonable doubt”.

–	 Highly Likely (75%–95%): The evidence for causality is 
‘clear and convincing’ but not definite. Probable (50%–
74%): The causality is supported by ‘the preponderance of 
evidence’ as implicating the drug but the evidence cannot 
be considered definite or highly likely.

–	 Possible (25%–49%): The causality is not supported by 
‘the preponderance of evidence’; however, one cannot 
definitively exclude the possibility.

–	 Unlikely (< 25%): The evidence for causality is ‘highly 
unlikely’ based upon the available information.

–	 Insufficient data: Key elements of the drug exposure 
history, initial presentation, alternative diagnoses and/
or diagnostic evaluation prevent one from determining a 
causality score.

To guide the LLM 
in consistent word 
usage, definitions 

on subjective terms 
were provided. 

This helps to guide 
shared use of words 

where semantic 
meaning may 

change in other 
contexts.

## Follow these steps in your analysis.
Step 1: Identify whether a drug is associated with liver injury.
Step 2: Identify the phenotypes of liver injury associated 
with the drug. A drug can be associated with one phenotype 
or multiple phenotypes. Note that you should only identify 
phenotypes from the list provided.
Step 3: For every identified phenotype, identify the associated 
pattern(s) of liver injury, onset time, and recovery time.
Tips for identifying phenotypes and their associated pattern(s) 
of liver injury:
–	 “Enzyme elevations without jaundice” (liver test 

abnormalities) phenotype: predominant ALT and AST 
(aminotransferases) elevations are associated with a 
hepatocellular pattern of liver injury, while predominant 
ALP elevations are associated with a cholestatic pattern. 
If the text does not mention which specific liver enzymes 
are elevated, there is no associated pattern of liver injury 
for this phenotype, so answer FALSE for “mixed,” 
“hepatocellular” and “cholestatic”.

–	 “Mixed hepatitis” phenotype is ALWAYS associated with 
a mixed pattern of liver injury only. “Acute hepatitis” 
phenotype is ALWAYS associated with a hepatocellular 
pattern of liver injury only. “Cholestatic hepatitis” 
phenotype is ALWAYS associated with a cholestatic 
pattern of liver injury only. If the text describes multiple 
injury patterns, make sure to capture that these are 
distinct injury phenotypes (e.g., (e.g., “pattern of liver 
injury varies from cholestatic to mixed to hepatocellular” 
should be captured as three separate phenotypes: acute 
hepatitis, mixed hepatitis and cholestatic hepatitis 
instead of one phenotype with three injury patterns)

–	 “Chronic hepatitis”: typically hepatocellular pattern of 
injury with persistent enzyme elevations

Step 4: Compare the patient case and LiverTox text by clearly 
stating the observations for each side.
Step 5: Identify specific missing information (e.g., symptoms, 
other lab tests) which can be investigated further.

To guide the LLM 
in reasoning, steps 
were included after 
development from 
prior evaluation 
(Section 2.3.3).

Phenotype 
definitions were 

also provided 
where deficits in 
understanding 
were identified.

for Classifying Drug-Induced Liver Injury Risk,” Frontiers in Artificial 
Intelligence 4 (2021): 729834, https://​doi.​org/​10.​3389/​frai.​2021.​729834.

42. J. H. Oh, A. Tannenbaum, and J. O. Deasy, “Improved Prediction of 
Drug-Induced Liver Injury Literature Using Natural Language Process-
ing and Machine Learning Methods,” Frontiers in Genetics 14 (2023): 
1161047, https://​doi.​org/​10.​3389/​fgene.​2023.​1161047.

Supporting Information

Additional supporting information can be found online in the Supporting 
Information section. Data S1: phar70131-sup-0001-DataS1.docx. 

Appendix A

Development Process of Drug Analysis Agent and Clinician 
Agent

For each experiment, we used the LangChain library in Python to inter-
face with OpenAI's API (temperature = 0 for the least random result; all 
other settings at default values).

The prompt for the Drug Analysis Agent was developed through a 
stepwise evaluation. Each prompt comprises a System Message and a 
Human Message. The System Message is shared between both Drug 
Analysis Agents and Clinician Agents as an overarching study back-
ground. The Human Message is customized so that each agent has a 
different task and context. An example of the prompt is provided below. 
In this appendix, the prompt is divided into sections for easier reading 
but is presented as one continuous text to the LLM.

System Message

The System Message is used by LangChain schema to provide initial 
instructions to the LLM.

Sections of the prompt Remarks

The aim of this study is to gather expert 
assessments on a series of patient 
cases where drug-induced liver injury 
(DILI) is a concern. Your analysis as 
a healthcare professional is vital in 
categorizing the likelihood of certain 
drugs causing liver injury in these cases.
You are required to consider whether 
the information from LiverTox applies 
to the specific patient case.

To provide background 
on the task.

Human Message (Drug Analysis Agent)

The main bulk of the prompt, the context, is provided as a Human 
Message.

Sections of the prompt Remarks

You are a doctor. Your task is to assess the likelihood category 
for a single drug in being the cause of liver injury.
Explain your thoughts clearly and succinctly, as if you are 
presenting to your consultant.
You are just looking at one drug. Your evaluation will be used 
by another LLM to evaluate which of the drugs are most likely 
to be the cause of DILI in the patient case.
Hence, keep it succinct but include all important information.

To define the role 
of the LLM.

 18759114, 2026, 4, D
ow

nloaded from
 https://accpjournals.onlinelibrary.w

iley.com
/doi/10.1002/phar.70131 by T

est, W
iley O

nline L
ibrary on [13/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.3389/frai.2021.729834
https://doi.org/10.3389/fgene.2023.1161047


13 of 14Pharmacotherapy: The Journal of Human Pharmacology and Drug Therapy, 2026

Sections of the Prompt Purpose

## Important guidelines:
–	 Support your assessment of the patient's lab results and 

medication history with LiverTox. If specific presentations 
or numbers help you arrive at your conclusion, you should 
cite them.

–	 Knowledge gaps (e.g., symptoms of fever which will 
aid in confirmation) should also be highlighted and 
investigated.

–	 Although you need to adhere to a fixed format, your SBAR 
should still be coherent and logical as a whole.

–	 The consultant already has access to the drugs  
prescribed and liver panel. You do not need to restate 
everything.

Some claims were 
not supported with 

data and clinical 
findings. This 

section encourages 
the LLM to 

substantiate any 
claim.

## Likelihood categories are determined by LLM Drug 
Analyzers. Please refer to the definitions below:
–	 Definite (> 95% chance): Liver injury is typical for the drug 

or herbal product (“signature” or pattern of injury, timing 
of onset, recovery). The evidence for causality is “beyond a 
reasonable doubt”.

–	 Highly Likely (75%–95%): The evidence for causality is 
‘clear and convincing’ but not definite.

–	 Probable (50%–74%): The causality is supported by ‘the 
preponderance of evidence’ as implicating the drug but 
the evidence cannot be considered definite or highly 
likely.

–	 Possible (25%–49%): The causality is not supported by 
‘the preponderance of evidence’; however, one cannot 
definitively exclude the possibility.

–	 Unlikely (< 25%): The evidence for causality is ‘highly 
unlikely’ based upon the available information.

–	 Insufficient data: Key elements of the drug exposure 
history, initial presentation, alternative diagnoses and/
or diagnostic evaluation prevent one from determining a 
causality score.

Definitions 
on subjective 

likelihood terms 
were provided. 
This ensures 

a common 
interpretation of 
the likelihoods 

stated in 
summaries 

generated by the 
Drug Analysis 

Agents.

Please return nothing but a JSON in the following format:
{
“situation”: “situation of SBAR,”
“background”: “background of SBAR,”
“assessment”: “assessment of SBAR,”
“recommendation”: ‘recommendation of SBAR
}

Sections of the 
SBAR were defined 

to ensure that all 
information was 

provided.

**Patient Case**
Onset of DILI: 2122-01-09
Pattern of Liver Injury: cholestatic
# Liver Panel Result:
2121-12-25 12:47:00: ALT: Not available, AST: 9.0 IU/L,  
ALP: 259.0 IU/L, TB: 8.6 umol/L, R_RATIO: Not available 
(…)

The format of the 
patient case was 
refined through 

rounds of testing.

The following are analyses from other clinicians with 
reference to LiverTox.
They should be interpreted as such: (Drug Name): (Likelihood 
Category) (Evaluation by other agents)
**Likelihood Assessments:**
1.	 Acetaminophen: Unlikely (Acetaminophen is a well-

established cause of liver injury, particularly hepatocellular 
injury, (…)

2.	 Calcium Carbonate: Unlikely (Calcium Carbonate does 
not have a LiverTox entry, indicating a lack of documented 
association with liver injury. (…)

This section 
comprises the 

summaries 
generated from 

the Drug Analysis 
Agents.

Sections of the prompt Remarks

**Patient Case**
Onset of DILI: 2184-07-04
Clinical Phenotype: mixed
The recovery period starts from the peak of liver injury to the 
point where either of the following are fulfilled:
1. R-value ≥ 5 AND ALT levels fall to below 50% of their peak; OR
2. R-value < 5, AND ALP or Bilirubin levels decline to below 
50% of their peak.
If the above criteria are not met, the patient has not yet 
recovered.
# Medication Name: Linezolid
- Onset: 7 days
- Recovery: 5 days
- Dosing:
- 2184-06-27 to 2184-07-03 (6 days): 600 mg x2.0 IV
- 2184-07-04 to 2184-07-08 (5 days): 600 mg x2.0 PO/NG
# Liver Panel Result:
2184-06-25 22:50:00: ALT: 16.0 IU/L, AST: 33.0 IU/L, ALP: 
64.0 IU/L, TB: 10.3 umol/L, R_RATIO: 0.8
2184-06-28 02:18:00: ALT: 6.0 IU/L, AST: 18.0 IU/L, ALP: 
57.0 IU/L, TB: 82.1 umol/L, R_RATIO: 0.3
(…)
Upper Limits of Normal (ULN):
ALT: 40.0 IU/L, AST: 40.0 IU/L, ALP: 130.0 IU/L, TB: 25.6 
umol/L

Patient case details 
are provided in 
a standardized 

format after rounds 
of testing. Onset, 

recovery and 
clinical phenotype 

were provided, 
as the LLM in 
Section 2.3.2 
was found to 

face challenges 
in translating a 
numerical scale 
to a categorical 

phenotype. This 
prompt structure 
was developed in 

Section 2.3.2.

# LiverTox Text
Chapter: Linezolid
Therapy with linezolid has been associated with mild and 
transient elevations in serum aminotransferase and alkaline 
phosphatase levels in 1% to 10% of patients (…)

Context from 
reference sources 
is provided in the 

same prompt.

Pydantic Schema: Drug Refer to 
Appendix B for 

Pydantic schema.

Human Message (Clinician Agent)

Sections of the Prompt Purpose

You are part of a group of clinicians. Your task is to present 
your analysis of a patient case in the ICU.
Objective: Determine which of the drugs are most likely to be 
the cause of DILI. Present your answer in SBAR format.

To define the role 
of the LLM.

You should provide specific recommendations. Explain your 
thoughts clearly and succinctly, as if you are presenting to your 
consultant.
## This is what makes a good SBAR:
Situation—What is going on with the patient? What is the 
situation you are communicating about?
Background—What is the background or context on this 
patient? (e.g., patient's diagnosis, or reason for admission, 
medical status, relevant history and patient chart review) Do 
NOT list out everything.
Assessment—What is the problem? Give specific information on 
recent laboratories. This section can include a clinical impression.
Recommendation—What is the next step in the management 
of the patient? An informed suggestion for the continued care 
of the patient. The immediate need is explained clearly and 
specifically, including what is necessary to address the problem.

Guiding questions 
on what constitutes 

a good SBAR 
(Situation, 

Background, 
Assessment, 

Recommendation) 
is provided.
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Appendix B

Pydantic Schema

Grading in the initial phases was limited to fixed DILI parameters like 
the phenotype and onset. However, allowing the LLM to answer in 
free-text provides room for vague answers. To reduce this variability, 
Pydantic schema were used to constrain the outputs.

Pydantic schema Remarks

class Drug(BaseModel):
“Likelihood categories for a 
single drug”
drugname: str = Field(…, 
description = “Medication 
Name of the drug. This is NOT 
the Chapter Name. This should 
NOT have the likelihood score. 
Always ensure the full name 
of the medication (e.g., % and 
brackets) is included.”)
category: LIKELIHOOD_
CATEGORES = Field(…, 
description = “The assigned 
likelihood category you would 
like to assign.”)
elaboration: str = Field(…, 
description = “Short elaboration 
on your choice of likelihood 
category.”)

In the Drug schema, 3 fields 
are defined which the LLM 
must provide in its answer: 
the name of the drug, the 

likelihood category and a short 
elaboration.

Likelihood categories (e.g., 
Definite, Probable, Unlikely) 
are defined separately in the 

main prompt.
The short elaboration by the 

Drug Analysis Agent functions 
as a condensed analysis 

provided to the next LLM, the 
Clinician Agent.

These intermediate evaluations 
and explanations are 

meant only for inter-LLM 
communication and not 

evaluated by the expert panel.

Appendix C

Results From the Initial Testing Phases

In the main manuscript, the evaluation of LLM in the extraction of in-
formation from patient cases are described in Section 2.3.2, and results 
reported in Section  3.1. The results are presented in tabular form in 
Table C1.

A breakdown of errors made during extraction are reported in Table C2.

The approach used to evaluate extraction from LiverTox descriptions is 
described in Section 2.3.3 of the main manuscript, and the associated 
results presented in Section 3.2 are tabulated in Tables C3 and C4.

Multiple error types which occur within the same case and attempt are 
counted separately.

TABLE C1    |    Statistical analysis for accuracy of full-length and 
sequential approaches by characteristic.

DILI 
evaluation 
characteristic

Mean of 
full-length 
approach, 

% (SD)

Mean of 
sequential 

approach, % 
(SD)

Mean 
difference, % 

(95% CI) p

Overall 40.87 (39.09) 51.96 (40.44) 11.09 [2.31, 
19.86]

0.007

Time to onset 76.97 (29.67) 86.36 (16.01) 9.38 [2.74, 16.03] 0.003

Time to 
recovery

55.36 (40.75) 67.02 (42.29) 11.66 [2.84, 
20.48]

0.005

Pattern of liver 
injury

89.33 (30.45) 88.90 (28.52) −0.44 [−5.29, 
4.41]

0.428

TABLE C2    |    Errors made in the analysis of patient cases.

No. (%) of errors for 
time to onset

No. (%) of errors for 
time to recovery

Full-
length 
(n = 71)

Sequential 
(n = 115)

Full-
length 
(n = 89)

Sequential 
(n = 97)

Drug omission 22 (30.99) 0 (0) 24 (26.97) 0 (0)

Timing discrepancy 43 (60.56) 115 (100) 24 (26.97) 24 (24.74)

Misjudgement 
of information 
availability

6 (8.45) 0 (0) 41 (46.07) 73 (75.26)

TABLE C3    |    Statistical analysis for accuracy of analysis of LiverTox 
descriptions.

Mean of 
GPT-4 turbo, 

% (SD)

Mean of 
GPT-4o, % 

(SD)

Mean 
difference, % 

(95% CI) p

Overall 81.50 (35.53) 96.93 (14.96) 15.47 [4.52, 26.42] 0.003

Missing 
phenotype

87.87 (28.50) 99.47 (0.04) 11.6 [3.92, 19.27] 0.003

Missing 
pattern of liver 
injury

95.67 (17.72) 99.47 (3.77) 3.80 [−1.39, 8.99] 0.147

Replied with 
incorrect 
phenotype

98.00 (12.74) 98 (10.96) 0.00 [−4.85, 4.85] 1.000

Replied with 
incorrect 
pattern of liver 
injury

96.20 (15.79) 100.00 (0.00) 3.80 [−0.69, 8.29] 0.095

TABLE C4    |    Errors made in the analysis of LiverTox descriptions.

Category

No. (%) of errors

GPT-4 Turbo 
(n = 334) GPT-4o (n = 46)

Overall 334 46

Missing phenotype not 
identified

182 (54.5) 8 (17.4)

Missing pattern of liver 
injury not identified

65 (19.5) 8 (17.4)

Replied with incorrect 
phenotype identified

30 (8.9) 30 (65.2)

Replied with incorrect 
pattern identified

57 (17.0) 0 (0.0)
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