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Abstract

Background: Drug-induced liver injury (DILI) presents a significant 
diagnostic challenge, often leading to delayed detection. Unstruc-
tured clinical notes contain comprehensive medication data vital for 
DILI surveillance but are difficult to analyze systematically. Large 
language models (LLMs) show promise for automated extraction 
but require real-world clinical data validation to assess feasibility for 
clinical applications like DILI surveillance.

Methods: We retrospectively validated an LLM system on 100 ran-
domly sampled Medical Information Mart for Intensive Care IV 
(MIMIC-IV) discharge summaries. Gold standard unique medication 
lists were derived via manual annotation and manual deduplication 
based on normalized drug names. LLM outputs underwent identical 
deduplication. Performance was assessed using precision, recall, and 
F1-score comparing deduplicated lists. MIMIC-IV data use agree-
ment (DUA) compliance was ensured.

Results: Comparison yielded a precision of 0.85, recall of 1.00, and 
an F1-score of 0.92 for unique medication identification. The 174 
false positives resulted from parsing or normalization errors; no med-
ication hallucinations occurred. A subsequent DILI database lookup 
failed for approximately 6.2% of correctly identified unique medica-
tions, evaluated as a separate feasibility measure.

Conclusions: The LLM demonstrates high accuracy and perfect re-
call for unique medication extraction and identification from complex 

clinical notes, establishing technical feasibility. This represents a fea-
sible and possible integration of LLM towards developing automated 
tools for enhanced DILI surveillance and improved patient safety.

Keywords: Drug-induced liver injury; Artificial intelligence; Large 
language model; Machine learning

Introduction

Drug-induced liver injury (DILI) remains a significant clini-
cal challenge for hepatologists worldwide, ranking as a leading 
cause of acute liver failure in Western countries and contributing 
substantially to patient morbidity, mortality, and healthcare costs 
[1]. Diagnosing DILI is complex, often relying on recognizing 
suggestive clinical patterns, temporal associations with drug 
initiation, and the exclusion of competing etiologies, a process 
inherently susceptible to delays [2]. Timely identification of po-
tential DILI is paramount to mitigating the risk of progression 
to severe, potentially irreversible liver damage, highlighting an 
urgent need for improved surveillance methods [3].

Electronic health records (EHRs) offer a rich repository 
of longitudinal patient data, including medication exposures, 
which could theoretically facilitate earlier DILI detection [4]. 
However, current surveillance often relies heavily on analyz-
ing structured EHR data (e.g., medication orders, lab results) 
[5], which may not capture the full complexity of medication 
exposure, including timing, adjustments during hospitaliza-
tion, over-the-counter medications, or discharge prescriptions 
accurately documented only within unstructured clinical notes, 
as seen in other kinds of study [6]. These narrative notes, such 
as admission histories, progress reports, and discharge summa-
ries, contain invaluable details but present a formidable chal-
lenge for traditional automated analysis due to their inherent 
linguistic variability and complexity [7]. Moreover, current 
drug detection systems mainly rely on structured medication 
input data, flagging each medication [8], in which other pa-
rameters in patient care such as symptoms, laboratories value 
and patient history may not be accounted for.

The advent of artificial intelligence (AI), particularly the 
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development of sophisticated large language models (LLMs), 
presents a transformative opportunity to unlock the informa-
tion embedded within unstructured clinical text [9]. LLMs 
have demonstrated remarkable capabilities in natural language 
understanding and generation, suggesting potential utility in 
tasks like extracting salient clinical information, including 
medication details, from narrative notes [10]. While prelimi-
nary studies have explored LLMs for various healthcare ap-
plications, including medication extraction in limited contexts, 
rigorous validation using complex [11], real-world clinical 
data is essential before considering their use in high-stakes ap-
plications like patient safety surveillance [12].

This study addresses this critical gap by evaluating the 
performance of an LLM-based system specifically designed 
for medication extraction when applied to a diverse set of 
real-world, unstructured discharge summaries from the large 
MIMIC-IV critical care database. Accurate and comprehen-
sive medication list generation is a prerequisite for any subse-
quent automated DILI risk assessment system. Therefore, the 
primary objective of this research was to rigorously quantify 
the accuracy of a possible LLM system in identifying the com-
plete, unique list of medications documented throughout the 
continuum of care captured in discharge summaries, thereby 
assessing its feasibility as a foundational component for future 
automated DILI surveillance tools.

Materials and Methods

Study design

This study utilized a retrospective validation design to evalu-
ate the performance of an LLM-based system developed for 
automated medication extraction. The accuracy of the system 
was assessed by comparing its output against a manually cu-
rated ground truth derived from unstructured clinical discharge 
summaries obtained from a large, publicly available critical 
care database.

Data source

The data for this validation study were sourced from the Medi-
cal Information Mart for Intensive Care IV (MIMIC-IV) data-
base (version 2.2). MIMIC-IV is a large, deidentified, publicly 
accessible database comprising comprehensive clinical data 
related to patients admitted to critical care units at the Beth 

Israel Deaconess Medical Center (Boston, MA, USA) between 
2008 and 2019. For this analysis, we utilized the unstructured 
clinical text from discharge summary notes contained within 
the MIMIC-IV dataset. A cohort of 100 discharge summaries 
was selected from this dataset via simple random sampling to 
serve as the basis for manual annotation and system perfor-
mance evaluation. Table 1 shows the data information.

Ethical considerations

This study utilized the deidentified MIMIC-IV database (ver-
sion 2.2), accessed under a PhysioNet restricted data use agree-
ment (DUA). The project adhered strictly to the data privacy 
and security stipulations outlined in the DUA. For this study, 
Institutional Review Board (IRB) approval and informed con-
sent were not applicable.

LLM system architecture

Figure 1 shows the system architecture. The LLM system 
evaluated in this study processes unstructured clinical text to 
extract key medication information. The core components in-
clude an input layer for handling raw discharge summary text, 
an LLM model utilizing Llama-4-Scout-17B-16E-Instruct 
with engineered prompts requesting medication name, normal-
ized name, dosage, frequency, and date in a structured JSON 
format, and an output layer generating the structured list. We 
selected the Llama 4 family as it provides the most efficient 
model of providing the required information. A downstream 
DILI linkage component normalizes extracted medication 
names and employs fuzzy against a combined DILI database 
compiled from DILIrank [13] and LiverTox [14] sources. The 
TRIPOD-LLM checklist is provided (Supplementary Material 
1, gr.elmerpub.com). The system prompt used is shown (Sup-
plementary Material 2, gr.elmerpub.com), and the program-
ming information, accessible online, is presented (Supplemen-
tary Material 3, gr.elmerpub.com).

Medication extraction scope

The analysis included the entire text of the discharge summary, 
aiming to identify medications mentioned in relation to admis-
sion, hospital course, and discharge periods to capture compre-
hensive drug exposure relevant to DILI.

Table 1.  Descriptive Statistics for the Data Cohort

Data source Description Type Sample 
size used

Total medica-
tions in sample Source type

MIMIC-IV Sampled discharge 
summaries of MIMIC-IV

Unstructured data 100 1,236 Deidentified data

Combined DILI database Merged DILIrank/
LiverTox data

Reference database N/A About 1,200 unique 
entries (estimated)

Reference databases

MIMIC-IV: Medical Information Mart for Intensive Care IV; DILI: drug-induced liver injury; N/A: not applicable.

https://gr.elmerpub.com
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Validation methodology

Ground truth generation

Two independent reviewers (KB, VP) blinded to the LLM 
output manually annotated each of the 100 discharge summa-
ries, identifying all medication mentions. A third independent 
reviewer (PD) resolved discrepancies between the initial re-
viewers to establish a final “gold standard” list of medication 
mentions for each note.

Deduplication process

Both the adjudicated ground truth list and the raw LLM output 
list for each note underwent a manual deduplication process 
based on the normalized medication name, resulting in a list 
of unique medications per note for both ground truth and LLM 
output.

Performance metrics definition

Performance was evaluated by comparing the deduplicated 
LLM list against the deduplicated ground truth list for each 
note. A true positive (TP) was defined as a unique normalized 
medication name present in both lists. A false positive (FP) 
was defined as a unique normalized medication name present 
in the LLM list but not the ground truth list. A false negative 
(FN) was defined as a unique normalized medication name 

present in the ground truth list but not the LLM list.
To explicitly confirm the absence of FNs, the third ad-

judicating reviewer performed a final check, systematically 
comparing the final deduplicated ground truth list against the 
deduplicated LLM list for each of the 100 notes.

Statistical analysis

Counts for TP, FP, and FN were aggregated across all 100 
notes. Overall precision, recall, and F1-score were calculated 
using standard formulas (precision = TP/(TP + FP); recall = 
TP/(TP + FN); F1 = 2 × (precision × recall)/(precision + re-
call)). The DILI lookup failure rate was calculated separately 
as the number of correctly identified unique medications for 
which the lookup failed, divided by the total number of unique 
medications correctly identified by the LLM extraction com-
ponent.

Results

Medication extraction performance (deduplicated)

The overall study workflow, from sample selection to final 
analysis, is depicted in Figure 2. The LLM system was evalu-
ated on 100 randomly selected MIMIC-IV discharge sum-
maries. After processing these notes and performing manual 
deduplication based on normalized medication names, the sys-
tem generated a total of 1,236 unique medication extractions.

Figure 1. System architect. MIMIC-IV: Medical Information Mart for Intensive Care IV; DILI: drug-induced liver injury; LLM: large 
language models.
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Comparison of the deduplicated LLM output against the 
deduplicated ground truth list yielded 996 TPs, 174 FPs, and 0 
FNs across the 100 notes. Based on these aggregated counts, 
the LLM system achieved an overall precision of 0.85, a recall 
of 1.00, and an F1-score of 0.92 for the task of unique medi-
cation extraction (Table 2). The perfect recall (1.00) signifies 
that the system successfully identified all unique medications 
present in the manually adjudicated ground truth lists for the 
evaluated notes.

Error analysis (FPs)

An analysis of the 174 FPs revealed that all instances were 
attributable to errors in the parsing or normalization of medica-
tion names that were correctly identified by the LLM as being 

present in the text. Common error types included incomplete 
extraction of compound drug names (e.g., extracting only 
“amoxicillin” when “amoxicillin-clavulanate” was document-
ed) or failure to normalize variations in drug nomenclature to 
the required standard format. Importantly, no instances of hal-
lucination (i.e., extraction of medications not mentioned in the 
source text) were observed among the deduplicated results.

DILI linkage outcome

As a secondary assessment relevant to the system’s potential 
application in DILI surveillance, we evaluated the success rate 
of the downstream DILI database linkage component. Of the 
1,062 unique medications correctly identified by the LLM 
(996 TP + 66 errors where DILI lookup failed but extraction 
was correct), the fuzzy matching algorithm successfully linked 
996 (TPs) to an entry in the combined DILI database. The re-
maining 66 correctly identified unique medications (approxi-
mately 6.2%) could not be matched to a database entry us-
ing the predefined threshold, representing failures in the DILI 
linkage step rather than the initial LLM extraction.

Discussion

This study evaluated the real-world performance of an LLM-
based system for extracting comprehensive, unique medica-
tion lists from complex clinical discharge summaries, a critical 
prerequisite for developing automated DILI surveillance tools. 
Our principal finding is that the system demonstrated substan-

Figure 2. Study flowchart. MIMIC-IV: Medical Information Mart for Intensive Care IV; DILI: drug-induced liver injury; LLM: large 
language models.

Table 2.  Performance Metrics for Dataset

MIMIC-IV dataset
Total discharge summary 100
Total medications 1,236
True positive 996
False positive 174
False negative 0
Precision 0.85
Recall 1.00
F1-score 0.92

MIMIC-IV: Medical Information Mart for Intensive Care IV.
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tial accuracy, achieving an F1-score of 0.92, underpinned by 
a perfect recall (1.00) and a precision of 0.85 when evaluated 
on deduplicated medication lists derived from 100 MIMIC-IV 
discharge summaries. This indicates that, within our validated 
sample, the LLM successfully identified every unique medica-
tion documented in the reference standard established by rig-
orous manual review.

In the context of DILI surveillance, missing even a single 
potentially offending drug could have significant clinical con-
sequences, especially when mapping multiple drugs to assess 
causality [15]. The ability of the LLM to capture the complete 
set of unique medications mentioned throughout the discharge 
summary - spanning admission, hospital course, and discharge 
periods - suggests its potential utility in constructing accu-
rate patient medication profiles necessary for risk assessment. 
While previous studies have employed various natural lan-
guage processing (NLP) techniques for medication extraction 
[16, 17], achieving perfect recall on diverse, real-world clini-
cal narratives remains challenging. Our findings highlight the 
capability of modern LLMs to handle the linguistic variability 
inherent in clinical text for comprehensive entity recognition.

While previous studies have employed various NLP tech-
niques for medication extraction [18], achieving perfect recall 
on diverse, real-world clinical narratives remains a significant 
challenge for traditional rule-based or machine learning mod-
els that can struggle with linguistic variability and complex 
sentence structures. Our findings highlight the capability of 
modern LLMs to overcome some of these historical barriers 
to achieve comprehensive entity recognition. The precision 
of 0.85 indicates that while the system identified all relevant 
unique medications, it also generated some outputs (174 in-
stances) that did not perfectly match the normalized ground 
truth format. Crucially, our error analysis revealed that these 
FPs were exclusively due to errors in parsing or normaliza-
tion (e.g., handling complex drug names) rather than model 
hallucination or extracting non-medicinal terms. This suggests 
the LLM effectively grounds its extractions in the source text 
but may require further refinement or post-processing steps to 
consistently adhere to strict normalization standards, particu-
larly for non-standard nomenclature or compound medications 
frequently encountered in clinical practice.

While the core medication extraction demonstrated high 
performance, the evaluation of the downstream DILI linkage 
component revealed challenges. Approximately 6.2% of cor-
rectly identified unique medications could not be matched to 
entries in our database. This highlights a separate bottleneck 
in developing a fully automated system. Potential reasons in-
clude the inherent limitations of existing curated DILI databas-
es [19], which may not encompass all medications or formula-
tions, and the challenges matching faces with highly variable 
or complex drug names not easily resolved to a canonical form 
present in the database. From a clinical perspective, a 6.2% 
linkage failure rate could lead to an underestimation of a pa-
tient’s true DILI risk if the unlinked drug is a known but rare 
hepatotoxin, or if a new drug’s potential for DILI is not yet 
cataloged. This could diminish the sensitivity of an automated 
surveillance system and potentially delay the identification of 
DILI signals, thereby impacting the tool’s clinical utility and 
trustworthiness. Improving drug name normalization and po-

tentially integrating more comprehensive pharmacological 
knowledge bases will be essential for enhancing the reliability 
of automated DILI risk assignment [20].

This study has several strengths, including the use of a 
large, real-world clinical dataset (MIMIC-IV) representing 
complex patient cases compared to prior studies [21], a rigor-
ous ground truth annotation process involving three independ-
ent reviewers, and the evaluation focused on clinically relevant 
unique medication lists. However, we acknowledge several 
limitations. First, while MIMIC-IV is diverse, it originates 
from a single academic medical center, potentially limiting 
generalizability. This setting may have uniform documenta-
tion practices and a specific formulary, potentially limiting the 
model’s generalizability. Real-world implementation across 
different institutions and healthcare systems would expose the 
model to significant variations in EHR platforms, note tem-
plates, colloquial language, and regional prescribing habits. 
Overcoming these challenges will require robust multi-center 
validation and potentially fine-tuning the model on more di-
verse datasets to ensure its performance is not biased by the 
idiosyncrasies of a single institution. Second, the system relies 
on a specific LLM accessed via a third-party application pro-
gramming interface (API), raising considerations about poten-
tial model drift, cost, data privacy, and API reliance in broader 
implementations. Exploring the use of open-source models or 
fine-tuning smaller, domain-specific models could mitigate 
these challenges and offer a more sustainable path for clinical 
deployment. Third, our DILI linkage evaluation was prelimi-
nary; further work is needed to optimize and validate this com-
ponent, especially concerns with bias [22]. Finally, this study 
focused on the technical accuracy of medication extraction; 
future prospective studies must evaluate the clinical utility of 
an end-to-end system in identifying actual DILI events and, 
crucially, assess its impact on clinician workflows and patient 
outcomes.

Despite these limitations, the promising results pave the 
way for important future research directions. Refining the nor-
malization and parsing capabilities, potentially through target-
ed fine-tuning or improved prompt engineering, could further 
enhance precision. Developing more robust methods for link-
ing extracted medications to comprehensive, regularly updated 
DILI knowledge sources is critical. Refining the normalization 
and parsing capabilities, potentially through targeted fine-tun-
ing or the addition of a dedicated NLP post-processing module 
to specifically handle compound names and synonyms, could 
further enhance precision. Ultimately, real-time electronic 
medical record (EMR) monitoring - where the system could 
flag high-risk medication exposures in conjunction with rel-
evant laboratory data (e.g., liver function tests (LFTs)) to alert 
clinicians to potential DILI risk proactively - will provide an 
additional tool for the physician to assess DILI risks. Explor-
ing agentic AI frameworks could enable more autonomous 
monitoring and alerting within defined safety parameters.

Conclusions

In conclusion, this study demonstrates the substantial capabil-
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ity of an LLM system to accurately extract comprehensive, 
unique medication lists from complex, real-world clinical dis-
charge summaries, achieving high precision and perfect recall 
in a rigorously validated cohort. While challenges remain in 
optimizing downstream linkage to DILI knowledge bases, the 
high fidelity of the core medication extraction establishes the 
technical feasibility of using LLMs for this critical task. This 
work provides a vital foundation for developing and integrat-
ing advanced AI tools into clinical practice to enhance drug 
safety surveillance and enable more timely detection of poten-
tial DILI.

Learning points

This study demonstrates that an advanced AI system can ac-
curately read complex hospital discharge notes and identify all 
the unique medications a patient was taking. While the sys-
tem sometimes made minor errors in how it formatted drug 
names, it never missed a medication or invented one that was 
not there. This shows that AI is a promising tool for automati-
cally gathering complete medication information from patient 
records, which is a vital step towards building better systems 
to monitor for harmful drug side effects like liver injury and 
ultimately improve patient safety.

Supplementary Material

Suppl 1. TRIPOD-LLM checklist.
Suppl 2. The system prompt.
Suppl 3. The programming information.
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