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Abstract

Background Due to the lack of a comprehensive pharmacology test set, evaluating the potential and value of large language
models (LLMs) in pharmacology is complex and challenging.

Aims This study aims to provide a test set reference for assessing the application potential of both general-purpose and
specialized LLMs in pharmacology.

Methods We constructed a pharmacology test set consisting of three tasks: drug information retrieval, lead compound
structure optimization, and research trend summarization and analysis. Subsequently, we compared the performance of
general-purpose LLMs GPT-3.5 and GPT-4 on this test set.

Results The results indicate that GPT-3.5 and GPT-4 can better understand instructions for information retrieval, scheme
optimization, and trend summarization in pharmacology, showing significant potential in basic pharmacology tasks, espe-
cially in areas such as drug pharmacological properties, pharmacokinetics, mode of action, and toxicity prediction. These
general LLMs also effectively summarize the current challenges and future trends in this field, proving their valuable resource
for interdisciplinary pharmacology researchers. However, the limitations of ChatGPT become evident when handling tasks
such as drug identification queries, drug interaction information retrieval, and drug structure simulation optimization. It
struggles to provide accurate interaction information for individual or specific drugs and cannot optimize specific drugs.
This lack of depth in knowledge integration and analysis limits its application in scientific research and clinical exploration.
Conclusion Therefore, exploring retrieval-augmented generation (RAG) or integrating proprietary knowledge bases and
knowledge graphs into pharmacology-oriented ChatGPT systems would yield favorable results. This integration will further
optimize the potential of LLMs in pharmacology.

1 Introduction

Artificial intelligence (Al) is an interdisciplinary field that
trains and develops methods to simulate and extend aid to
human intelligence [1-3]. In recent years, with the advance-
ment of machine learning technology and increased com-
putational power, Al has been extensively applied across
various disciplines, including pharmacology [1-3]. Machine
learning has been used to simulate drug information and
parameters in this field. For instance, studies such as those
by Mazumdar have explored using neural networks to esti-
mate the drug permeability across the blood-brain barrier,
yielding promising results [4]. Similarly, Li et al applied
various machine-learning techniques to analyze the toxicity
mechanisms of drug combinations. They found that among
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the many machine-learning methods, large language mod-
els (LLMs) exhibit remarkable capabilities in several areas,
demonstrating exceptional parameter learning and extraor-
dinary knowledge-reasoning abilities [5].

In 2022, ChatGPT, a significant Al milestone, was devel-
oped as an LLM with over 175 billion parameters. Its train-
ing data encompass Large Webtext Corpora, WebText2,
books, and Wikipedia content [6—8]. ChatGPT has made
a substantial impact on various medical fields, including
medicinal chemistry [9, 10], radiology [11], dentistry [12],
and otolaryngology [13]. Following its success, prominent
technology companies like Google, DeepMind, Meta, and
others have entered the LLM space, releasing models such as
Llama2, Claude, PalLM, and Gopher [14]. In pharmacology,
a series of LLMs, including DrugChat [15], DrugGPT [16],
Mol-Instructions [17], and DeepEIK [18], have been devel-
oped. These pharmacological models show great potential
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The emergence of general and pharmacology-focused
large language models has generated new demands for
comprehensive pharmacological test sets (pharmacol-
ogy-LLM-test-sets).

This study proposes a pharmacology-based large
language model test set named ‘Pharmacology-LLM-
test-set,” consisting of three tasks: basic pharmacology
knowledge queries, lead compound structural optimiza-
tion, and summarization and inference of pharmacologi-
cal research trends.

In evaluating the ‘Pharmacology-LLM-test-set’ using the
general large language models GPT-3.5 and GPT-4, it
was found that these models exhibit significant potential
for pharmacology-related queries. However, they also
face challenges with knowledge hallucination, limited
specialization, and randomness in systematic summari-
zation.

Addressing issues like knowledge hallucination, limited
specialization, and randomness in general large language
models, exploring pharmacology-specific large language
models enhanced with retrieval-augmented generation,
integrated knowledge bases, or knowledge graphs repre-
sents a potential solution to these problems.

for deciphering drug structure-activity relationships, opti-
mizing lead compound structures, and aiding in drug repur-
posing, among other pharmacological research areas. How-
ever, critics argue that pharmacology is a highly complex
domain and caution is advised when applying LLMs in phar-
macological settings. The challenge of addressing issues like
fact hallucinations, knowledge hallucinations, and answer
randomness is critical. Thus, the reasonable application of
LLMs in pharmacology has become a pressing concern for
Al researchers and pharmacologists.

Since the inception of ChatGPT, researchers have exten-
sively focused on the potential applications of LLMs,
including ChatGPT, in pharmacology. Castro et al explored
ChatGPT's ability to recognize five types of compound
properties: SMILES (simplified molecular input line entry
system) identifiers, octanol-water partition coefficients,
structural information on coordination compounds, water
solubility of polymers, and molecular point groups [9]. The
results showed that the accuracy of ChatGPT varied from
25 to 100%, with the variance in accuracy attributed to the
knowledge sparsity of the training data. Through interac-
tive questioning, Cloesmeijer et al assessed the potential
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of ChatGPT to design population pharmacokinetic (PK)
models. They found that ChatGPT could generate R code
for predicting PK models, but the code contained several
redundancies and errors, which were random [19].
Although several researchers have assessed the potential
of LLMs in pharmacology [9, 19], it is essential to note
that pharmacology is a complex, scientific, and extensively
dynamic field domain [20-22]. Applying general-purpose
large language models (LLMs) directly to pharmacological
practice can lead to issues such as hallucinations and ran-
dom errors. Exploring LLMs that integrate specialized data-
sets, databases, knowledge bases, and knowledge graphs (a
retrieval-augmented generation [RAG] technique) can effec-
tively mitigate these issues. Models like DrugChat enhance
LLMs by incorporating graph neural networks (GNNs),
enabling them to handle molecular graph inputs and facili-
tating multi-round, interactive Q&A sessions on compound
structure-activity relationships and lead compound optimi-
zation, thus revolutionizing drug research [15]. DrugGPT
and similar models leverage the ZINC20 database, which
contains over two billion compounds, as a data augmentation
tool to train a drug design-focused LLM based on the GPT-2
model [16]. These specialized models in pharmacology offer
potential and value for solving complex tasks. However, the
lack of systematic evaluation in pharmacological test tasks
makes assessing their accuracy and adaptability difficult.
Therefore, constructing a multidisciplinary, multipurpose,
and complex pharmacology-LLM-test-set is of significant
value and will have clinical application potential. This study
aims to build a comprehensive pharmacology-LLM-test-set
to thoroughly evaluate the potential of general LLMs, espe-
cially GPT-3.5 and GPT-4, in pharmacological research.

2 Methods
2.1 Overall Design

Constructing a comprehensive pharmacology-LLM-test-set
should ideally meet and cover the needs of pharmacologists
for querying pharmacological knowledge and optimiz-
ing plans. Initially, we surveyed numerous pharmacology
experts with backgrounds in experimental pharmacology,
clinical pharmacology, cheminformatics, pharmacog-
enomics, Al, or a combination of these to understand their
potential needs for the LLMs test set. Based on the survey
results and the need for breadth, a core team of pharma-
cologists (Bairong Shen, Zhajun Zhan, Dan Du, and Rajeev
K. Singla) preliminarily constructed the framework of the
pharmacology-LLM-test-set that includes 11 subcategories
within three types of query tasks. Specifically, the first type
of task aims to evaluate the ability of the LLMs to query
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basic pharmacological knowledge (Fact Query), the second
type assesses their capability in drug structure optimization
(Strategy Summarization), and the third type focuses on
evaluating the ability of the LLMs to summarize and infer
trends and limitations in pharmacological research (Text
Generation) (Fig. 1a).

Subsequently, based on Zero-shot (Fig. 1b) and specific
text RAG (Fig. 1c), we evaluated the performance of LLMs
on the pharmacology-LLM-test-set. We chose OpenAl’s
GPT-3.5 and GPT-4 as the baseline models for this evalua-
tion. The reason for selecting GPT-3.5 and GPT-4 as repre-
sentatives of LLMs is that they are among the earliest and
most widely used general-purpose LLMs [23-25]. Moreo-
ver, evaluations based on several pharmacology and biology
datasets have shown that GPT-3.5 and GPT-4 are the most
outstanding general-purpose LLMs [17, 26]. These factors
were the basis for our selection of GPT-3.5 and GPT-4 as
this assessment uses general, foundational LLM:s.

2.2 Details of the Pharmacology-LLM-Test-Set

As previously described, the pharmacology-LLM-test-set is
designed to evaluate the performance of LLMs in pharma-
cology, focusing on essential/fundamental, drug structure
optimization and systematic summarization and inference
capabilities (Fig. 1a). The first task primarily assesses the
ability of ChatGPT to handle factual information and attrib-
utes related to drugs, such as chemical identifiers, physical
and chemical properties, pharmacological properties, drug-
drug interaction information, and drug target information.
We designed the tasks with the gold standard: the querying
of drug identifiers, drug-drug interaction information, and
others sourced from the DrugBank database [27]. Based on
the distribution of molecular weights (MWs), we classified
drugs in DrugBank into three categories: small, medium,
and large molecules (based on quartiles). Five drugs were
randomly selected for each category to query 29 primary
pharmacological attributes. Drugs with MWs in the top 25%
were classified as large molecules (MW > 412.64), those
with MWs < 255.24 as small molecules, and the remaining
drugs as medium molecules. In this study, apremilast, dequa-
linium, irbesartan, montelukast, and silodosin were selected
as representatives of large molecules; camostat, dimetacrine,
naltrexone, pefloxacin, and ropivacaine as representatives of
medium molecules; and amobarbital, benzphetamine, buto-
barbital, chlorzoxazone, and dezocine as representatives of
small molecules (Fig. S1).

We divided the primary pharmacological attributes into
chemical identifiers, basic physicochemical properties, phar-
macological properties, target proteins, and drug-drug inter-
actions. For chemical identifiers, we selected five types as
testing standards: [IUPAC (International Union of Pure and
Applied Chemistry) identifier, InChlI identifier (International

chemical identifier), InChIKey identifier (Standard InChl
hashes), SMILES identifier (Simplified molecular input line
entry system), and molecular formula. For basic physico-
chemical properties, testing standards included MW, monoi-
sotopic weight, the logarithm of the partition coefficient
(logP), bioavailability, and polar surface area (PSA). For
pharmacological properties, we chose indications of phar-
macological properties, pharmacodynamics, mechanism of
action, and toxicity as testing standards. For target proteins,
agonists, antagonists, blockers, inhibitors, and modulators
were selected as attribute testing standards. For drug-drug
interactions, ten interaction risks, including cross-tissue
risk, therapeutic efficacy, and nervous system disease, were
selected as potential risk indicators.

The second task aimed to determine the ability of
ChatGPT to summarize drug strategies, with the primary
evaluation method focused on optimizing lead compound
structures. Referring to the series of articles on ‘Lead
compound’s structure optimization strategies’ published
by Professor Hong Liu's team at the Shanghai Institute of
Materia Medica, Chinese Academy of Sciences, from 2013
to 2021 [28-31], we investigated ChatGPT’s application
potential in compound structure optimization schemes.
We focused on optimizing compounds with goals such
as ‘metabolic stability’ [30], ‘enhanced water solubil-
ity’ [28], ‘reduced cardiac toxicity’ [31], and ‘minimized
adverse effects’ [29]. For metabolic stability optimiza-
tion, compounds like buspirone, paroxetine, and 8-chloro-
4-(4-methylpiperazin-1-yl)benzofuro[3,2-d]pyrimidine
were selected. To reduce liver toxicity, amodiaquine and
ibufenac were chosen. For reducing cardiac toxicity, com-
pounds such as 2-[[(2R)—4-(4-fluorophenyl)-2-methyl-
piperazin-1-yl]methyl]-7-methoxy-[1,2,4]triazolo[1,5-c]
quinazolin-5-amine and N-(2,3-dihydro-[1,4]dioxino[2,3-
c]pyridin-7-ylmethyl)-1-[2-(3-fluoro-6-methoxy-
1,5-naphthyridin-4-yl)ethyl]piperidin-4-amine were
selected. With regard to ‘enhancing water solubility’,
we focused on compounds like rilpivirine, 8-hydrox-
yquinoline, and paclitaxel (Taxol). For the selection of
these subfields and lead compounds, we took into account
both the importance of the subfields and the necessity of
selecting these particular compounds. With regard to the
subfields, we chose four areas: cardiac toxicity, hepato-
toxicity, enhanced water solubility, and metabolic stabil-
ity. These are urgent issues in lead compound optimiza-
tion and are also the major factors affecting drug recall
[32]. For the drugs, we selected paclitaxel, 10-hydroxy-
camptothecin, buspirone, and paroxetine as candidate
lead compounds, as these are well-known or widely used
antitumor drugs, anxiolytic drugs, and antidepressants.
Additionally, during the selection process, we consid-
ered the performance of lead compound optimization
before and after modifications. For example, paclitaxel
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and 10-hydroxycamptothecin, after prodrug optimization
through PEGylation, glycosylation, esterification, and
other modifications, showed significant improvements in
their water solubility and pharmacological effects [28-31].
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Step IV : Aligning LLMs with Humans

and GPT-4 in ChatGPT) based on the pharmacology LLM test set,
with details including prompts for each task; c: Evaluation of gen-
eral LLMs based on specific text Retrieval-Augmented Generation
(RAG); d: Assessment and comparison of the performance of general
LLMs in pharmacological tasks

For the third type of task, we aimed to evaluate the text
summarization capabilities of LLMs in a Zero-shot set-
ting. We formulated evaluation tasks focused on exploring
and summarizing the ‘problems and limitations of current
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pharmacology research’ and the ‘future directions and
trends of pharmacology research.’

A substantial body of research indicates that LLMs
based on the RAG approach can effectively mitigate hal-
lucination issues when answering complex questions
[33]. In this study, we attempt to construct a temporary
LLM, named PharmacologyGPT, for lead compound
optimization, using Liu et al’s series of scientific papers
on lead compound optimization (in Chinese) as the RAG
data source, and GPT-4 as the base model (Fig. 1¢). This
model aims to explore the performance of LLMs in lead
compound structure optimization under the RAG frame-
work. Specifically, we use the online GPT-4 model as the
base and follow OpenAlI’s publicly available methodol-
ogy for building RAG-based LLMs [34]. The purpose and
scope of PharmacologyGPT are described as ‘primarily
for pharmacological LLMs in lead compound structure
optimization’. The text embedding model employs the
default text-embedding-3-small model of GPT-4, and other
parameters such as the data storage vector library, docu-
ment segmentation parameters, data vectorization model,
and associated settings that all follow GPT-4’s default
configurations [34].

In addition, to assess the potential of general LLMs in
pharmacology, all ‘question-answer’ tasks were introduced
with the prompt ‘Imagine you are a pharmacologist; answer
with fairness, justice, and a scientific attitude’ to ensure fair-
ness, justice, and a scientific approach in this evaluation.
To maintain result consistency, each task was presented in
triplicate to GPT-3.5 and GPT-4 (Fig. 1b).

2.3 Evaluation of the Pharmacology-LLM-test-set
Based on General LLMs (GPT-3.5 and GPT-4)

The evaluation of ChatGPT in the pharmacology-LLM-
test-set was completed in two phases: basic assessment and
accuracy assessment (Fig. 1d). The basic assessment aimed
to explore the ability of general LLMs to understand phar-
macological instructions, with evaluation content including
contextual consistency, semantic similarity, and consistency
tests. The accuracy assessment aimed to explore the accu-
racy rate of general LLMs in answering pharmacological
tasks, with different evaluation benchmarks used according
to the task type. For the first and second types of tasks, the
evaluation benchmarks were based on actual data from the
DrugBank database or on results recorded by Professor Liu.
For the third type of task, which involves summarizing ‘cur-
rent research limitations and future trends,’and where there
is no standard answer, the evaluation method considers both
the recommendation frequency of LLMs and expert scores.
Using the percentage scoring method, all three types of tasks

are evaluated by three independent evaluators (Zhaju Zhan,
Dan Du, and Rajeev K. Singla) to explore the benchmark
scores of general LLMs in pharmacological tasks.

We incorporated contextual consistency, semantic simi-
larity, and consistency tests in the basic assessment phase.
Specifically, we used the Reference-Free quality evaluation
method reported by Xu [35] and Zhou [36] for contextual
consistency and semantic similarity. It used prompt engi-
neering and multimodal LLMs, GPT-40 and Gemini, to eval-
uate the contextual consistency and semantic similarity of
the responses of GPT-3.5 and GPT-4. The prompt engineer-
ing followed the approach reported by Xu and Zhou, with
the instruction: ‘Imagine you are a pharmacologist, using a
0- to 5-point scale to score the contextual consistency and
semantic similarity of the following described answer, where
a score of 0 indicates that the answer has no coherence or
contextual relevance. A score of 1 to 2 indicates that the
answer has some degree of coherence and contextual rel-
evance. A score of 3 indicates a moderate level of coher-
ence and contextual relevance. A score of 4-5 indicates good
coherence and contextual relevance.” For the consistency
test, we used a reference-with-quality evaluation method
combining Levenshtein Similarity and entity similarity. Spe-
cifically, we used the data from the DrugBank database or
results recorded by Professor Liu as the gold standard (Ref-
erence). We first calculated the Levenshtein similarity and
entity similarity between each GPT response and the refer-
ence. Then, we used Cronbach's alpha consistency to assess
the consistency of GPT’s results across different repetitions.

For accuracy assessment, we combined the accuracy
rate with the percentage scoring method to evaluate differ-
ent tasks. For instance, when assessing basic drug property
inquiry tasks, we used the accuracy rate as the accuracy
metric, where the method of calculating the accuracy rate is

N, correctly_predicted_task

N,

predicted_task

Accuracy rate = X 100%

Where’ N, predicted_task and N, correctly_predicted_task> respectively,
represent the total number of tasks that needed to be pre-
dicted and the number of tasks correctly predicted by GPT-
3.5 or GPT-4.

We use the percentage scoring method for accuracy
assessment for tasks that include multiple options, such as
lead compound optimization (Task II) and summarizing
current research limitations and future trends (Task III). It
involves accuracy evaluations performed by three independ-
ent evaluators (Zhaju Zhan, Dan Du, and Rajeev K. Sin-
gla) and uses the mean + standard deviation (SD) scoring
method. Additionally, to compare the accuracy of GPT-3.5
and GPT-4, we used paired t-tests.
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2.4 Data Statistics and Visualization Optimization

Data statistics and visualization were conducted in the R
environment [37]. The distribution of drug MWs in Drug-
Bank and the selection of drugs for each category were ana-
lyzed using the summary and sample functions from the
dplyr package [38] in R. Additionally, other data statistics,
such as sum, mean, standard error calculations, and paired
t-tests, were performed using the dplyr package [38].

We employed quality evaluation methods based on Lev-
enshtein Similarity and entity similarity for consistency
tests. For Levenshtein Similarity, we used the Levenshtein
distance similarity calculation method from the stringdist
package [39] to obtain the Levenshtein Similarity between
ChatGPT responses and the Reference. For entity similar-
ity, we used the entity similarity calculation method in the
text2vec package [40], where we first convert sentences into
entity vectors (using GloVe Word Embeddings) [41] and
then calculate the vector similarity between two sentences.
Subsequently, we used the 1tm package to calculate Cron-
bach’s alpha index based on Levenshtein Similarity and
entity similarity to assess the consistency across different
repetitions of ChatGPT [42].

The visualization and plotting of the results were primar-
ily accomplished using the ggplot2 package [43]. Further-
more, the figures were enhanced using Inkscape software
[44].

3 Results
3.1 Construction of the Pharmacology-LLM-Test-Set

A comprehensive and meticulously designed set of evalua-
tion tasks is crucial for assessing, testing, and enhancing the
potential and value of LLMs in specific domains. Construct-
ing an integrative test set that covers a wide range of tasks in
pharmacology not only tests the ability of LLMs to process
complex pharmacological problems but also stimulates new
research and application ideas, advancing the application of
Al in drug discovery and development.

To better apply LLMs in pharmacological practice,
we propose the ‘Pharmacology-LLM-test-set,” a test set
designed to evaluate the performance of general or special-
ized LLMs in pharmacology. This test set consists of three
tasks: fact query, strategy summarization, and text genera-
tion (Table 1). Specifically,

1. Task I: fact query assesses the LLM’s performance in
querying basic pharmacological information. It includes
15 compounds across biomacromolecules, mid-sized
molecules, and small molecules, covering five subtasks
and 18 attributes such as chemical identifiers, MW, iso-
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topic mass, bioavailability, surface area, pharmacokinet-
ics, and drug-drug interactions (Table 1).

2. Task II: strategy summarization task aimed at evaluating
the potential of LLMs in chemical structure optimiza-
tion. We selected ten compounds, including buspirone,
paroxetine, rilpivirine, 8-hydroxyquinoline, and pacli-
taxel (Taxol), for optimization. The focus was on three
subtasks and four strategies related to metabolic stabil-
ity, reducing liver toxicity, and others, as outlined in
Table 1.

3. Task III: text generation task aimed at trying to assess
the ability of LLMs to extract and summarize informa-
tion in pharmacological texts, focusing on summarizing
limitations and trends as two subtasks (Table 1).

Moreover, to further promote the widespread use and
continuous improvement of the pharmacology-LLM-test-
set, we have uploaded it to both Hugging Face (https://
huggingface.co/datasets/zhangyingbo1984/Pharmacology-
LLM-test-set) and GitHub (https://github.com/zyb1984/
Pharmacology-LLM-test-set) platforms for easy access by
other users. Additionally, based on this test set, the baseline
‘question-answer’ scenarios and scoring outcomes for GPT-
3.5 and GPT-4 can be found in the document’s appendix.

3.2 Evaluation of Pharmacologica Test Set Based
on General LLMs

3.2.1 The Accessibility of ChatGPT in Pharmacologica Test
Set

Essential attribute evaluations, such as contextual consist-
ency, semantic similarity, and consistency tests, are funda-
mental for assessing the capabilities of general LLMs like
GPT-3.5, GPT-4, Llama2, Claude, PalLM, and specialized
LLMs like DrugChat, DrugGPT, and Mol-Instructions
in handling question-answering tasks [45]. Since LLMs
do not require specialized knowledge or terminology for
everyday conversations or text generation, general LLMs
typically exhibit good contextual consistency and semantic
similarity. However, in specialized fields, where execut-
ing question-answering tasks or generating text demands
extensive professional knowledge or terminology, con-
ducting basic attribute evaluations is the first step towards
aligning human expectations with LLMs. In this study,
we assessed the primary attributes of LLMs in the field of
pharmacology using three fundamental attribute metrics:
contextual consistency, semantic similarity, and consist-
ency tests (including Cronbach’s alpha consistency based
on Levenshtein Similarity and entity similarity).

The evaluation results for contextual consistency,
semantic similarity, and consistency tests indicate that
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ChatGPT demonstrates good human alignment capabili-
ties. Specifically, the contextual consistency score is 4.25
+ 0.63, the semantic similarity score is 4.15 £+ 0.79, and
the Cronbach's alpha consistency based on Levenshtein
Similarity or entity similarity is 0.990 (0.980-0.996) and
0.987 (0.983-0.991), respectively (Fig. 2, Table S1). Fur-
ther comparisons of GPT-3.5 and GPT-4 across the three
tasks reveal that GPT-4 outperforms GPT-3.5 in most
tasks (Fig. 2, Table S1). However, for the text summariza-
tion task (Task III), the performance difference between
GPT-3.5 and GPT-4 in contextual consistency is minimal,
indicating that even GPT-3.5, as a well-trained LLM, can
effectively understand pharmacological instructions issued
by humans.

3.2.2 The Accuracy of ChatGPT in the Drug Basic
Information Query Tasks

3.2.2.1 The Accuracy of ChatGPT in the Drug Chemical Iden-
tifiers Information-Based Query Tasks A chemical identi-
fier is a unique symbol that identifies compounds in com-
puter systems. It plays a vital role in compound retrieval
and chemoinformatics [46]. Standard chemical identifiers

include chemical formulas, IUPAC identifiers, CAS iden-
tifiers, InChl identifiers, InChIKey identifiers, SMILES
identifiers, and more. The DrugBank database systemati-
cally records the chemical formula, [IUPAC identifier, InChl
identifier, InChIKey identifier, and SMILES identifiers of
drugs are systematically recorded to standardize the basic
information of collected drugs [27].

To assess the adaptability of ChatGPT in associating
compound chemical identifiers, we conducted a ‘question
and answer’ style query for the chemical identifiers of 15
drugs. The results indicated that, except for the chemical
formula, ChatGPT (including both GPT-3.5 and GPT-4)
could not provide adequate and accurate answers to the que-
ried InChl, InChIKey, [UPAC name, and SMILES of the 15
drugs (Table 2, Fig. S2).

Among the drug identifiers that ChatGPT (including
GPT-3.5 and GPT-4) could effectively answer, the average
accuracy rate was 83.33 + 37.90%, with GPT-3.5 achieving
an accuracy rate of 86.67 + 35.19% and GPT-4 achieving
an accuracy rate of 80.00 = 41.40%. Therefore, compared
to GPT-3.5, GPT-4 did not exhibit a significant improve-
ment in accuracy rate but demonstrated a downward trend.
Upon examining the distribution of incorrect answers, they
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Fig.2 The accessibility of ChatGPT in the pharmacological test set
based on contextual consistency, semantic similarity, and consist-
ency tests. a: The accessibility of ChatGPT in the pharmacological
test set based on contextual consistency; b: The accessibility of Chat-
GPT in the pharmacological test set based on semantic similarity; ¢:

The accessibility of ChatGPT in the pharmacological test set based
on Levenshtein similarity consistency tests; d: The accessibility of
ChatGPT in the pharmacological test set based on entity similarity
consistency tests
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were found to be scattered. It is speculated that the reason
for these incorrect answers may be associated with the fre-
quency of drug molecular formulas in the training tasks
of GPT-3.5 rather than the difficulty level of the queries
(Table 2, Fig. S2).

Another critical issue that needs attention is the ‘knowl-
edge hallucination’ with ChatGPT; i.e., when asked about
the InChlI identifier, InChIKey identifier, [UPAC identifier,
and SMILES identifiers of the 15 drugs, GPT-3.5 and GPT-4
explicitly stated that they could not effectively answer this
professional information, but instead gave seemingly reason-
able but wrong answers (details in Supplementary Data 1).

3.2.2.2 The Accuracy of ChatGPT in the Drug's Physicochem-
ical Properties Query Task The physicochemical properties
of drugs significantly impact their absorption, distribution,
metabolism, and excretion processes in the body. Hence,
these factors also affect drug efficacy and pharmacodynamic
characteristics. The physicochemical properties of common
drugs in pharmacology and chemoinformatics include MW,

monoisotopic weight, logP, logD, bioavailability, and PSA
[20, 21]. The DrugBank database has detailed records of
the MW of collected drug, monoisotopic weight, logP, and
other physicochemical properties. To test the adaptability
of ChatGPT in the physicochemical properties of drugs, we
conducted a ‘question and answer’ style query on the phys-
icochemical properties of 15 query drugs. The results have
shown that, except for logP and PSA, for which ChatGPT
(including GPT-3.5 and GPT-4) explicitly stated its inability
to answer, ChatGPT (including GPT-3.5 and GPT-4) effec-
tively answered the other three types of physicochemical
attributes (Fig. 3a).

The accuracy of predictions by ChatGPT for MW, monoi-
sotopic weight, and bioavailability were 60.00%, 50.00%,
and 53.33, respectively. For GPT-3.5, the accuracy of pre-
dictions for MW, monoisotopic weight, and bioavailability
were 66.67%, 60.00%, and 60.00%, respectively. while for
GPT-4, they were 53.33%, 40.00%, and 40.00%, respec-
tively. Compared to GPT-3.5, GPT-4 exhibited no signifi-
cant improvement in drug MW, monoisotopic weight, or

Table 2 The consistency performance of ChatGPT across various types of tasks in the drug chemical identifiers information-based query task?®

Query drug Class Scoreyypac” Scorepcy” ScoreInChIkeyd Scoresyies”  SCOreyglceutar Formula' (%)
GPT-3.5 GPT-4

Amobarbital A 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Benzphetamine A 0 0 0 0 0.00 + 0.00 100.00 + 0.00
Butobarbital A 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Chlorzoxazone A 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Dezocine A 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Camostat B 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Dimetacrine B 0 0 0 0 100.00 + 0.00 0.00 = 0.00
Naltrexone B 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Pefloxacin B 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Ropivacaine B 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Apremilast C 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Dequalinium C 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Irbesartan C 0 0 0 0 100.00 + 0.00 100.00 + 0.00
Montelukast C 0 0 0 0 100.00 + 0.00 0.00 + 0.00
Silodosin C 0 0 0 0 0.00 £ 0.00 0.00 = 0.00
Mean 0 0 0 0 86.67 + 35.19 80.00 + 41.40

*The predictive performance is assessed using a correct/incorrect (100%/0) scoring method and reported as mean + SD (standard deviation)
®Scoreypac represents the prediction score of ChatGPT (GPT-3.5 or GPT-4) in the [IUPAC (International Union of Pure and Applied Chemistry,
IUPAC) identifiers, where a score of 100% indicates correct prediction and 0 indicates incorrect prediction

“Scorey, ¢y represents the prediction score of ChatGPT (GPT-3.5 or GPT-4) in the InChl identifiers (The IUPAC international chemical identi-
fier, InChl), where a score of 100% indicates correct prediction, and 0 indicates incorrect prediction

“‘Scorelncmkey represents the prediction score of ChatGPT (GPT-3.5 or GPT-4) in the InChlkey identifiers, and InChlkey is a new format directly
derived from InChl, where a score of 100% indicates correct prediction and 0 indicates incorrect prediction

°Scoregy s represents the prediction score of ChatGPT (GPT-3.5 or GPT-4) in the SMILES (simplified molecular input line entry system)
identifiers, where a score of 100% indicates correct prediction, and O indicates incorrect prediction

TScoreyotecutar Formula F€PrEsents the prediction score of ChatGPT (GPT-3.5 or GPT-4) in the molecular formula identifiers, where a score of 100%

indicates correct prediction and 0 indicates incorrect prediction
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bioavailability but displayed a downward trend. Analysis of
the distribution of incorrect predictions revealed a scattered
distribution pattern without a high concentration in small- or
large-molecule drugs (Fig. 3a). Analysis of error values for
MW and monoisotopic weight showed an uneven distribu-
tion pattern, indicating that the errors were unrelated to the
size of the molecule (Fig. 3b, c, d, and e).

3.2.2.3 The Accuracy of ChatGPT in Pharmacological Prop-
erties of Drugs Pharmacological properties of drugs, such
as the mechanism of action, pharmacodynamics, and tox-
icity, play a crucial role in elucidating and determining
drug absorption, utilization, distribution, and metabolic
patterns of drugs within the body [20, 21]. Understanding
these properties is essential for identifying contraindica-
tions, determining dosage and administration frequency,
and greatly influencing the medical application of drugs.
Through a ‘question and answer’ task focusing on the fun-
damental pharmacological properties, pharmacodynamics,
mechanism of action, and toxicity of these 15 queried drugs,
the accuracy rates were found to be 93.00 + 20.54%, 85.00
+ 3.27%, 88.67 + 6.94%, and 95.00 + 0.00%, respectively,
showcasing higher prediction accuracy compared to other
drug properties. The prediction accuracy rates for GPT-3.5
were 95.33 + 13.56%, 85.00 + 3.27%, 86.67 + 8.59%, and
95.00 + 0.00%, while for GPT-4, the rates were 90.67 +
26.04%, 85.00 + 3.27%, 90.67 + 4.17%, and 95.00 = 0.00%
(Table 3, Fig. S3).

In predicting basic pharmacological properties, the over-
all prediction accuracy of GPT-3.5 (95.33+ 13.56%) was
higher than that of GPT-4 (90.67 + 26.04%). Upon detailed
comparison of prediction outcomes for each compound,
it has been discovered that the performance difference
in predicting the basic pharmacological properties of the
compound dequalinium is the primary reason GPT-3.5 has
demonstrated superior predictive performance over GPT-4.
According to the DrugBank database, dequalinium is used
in various over-the-counter products to treat mouth infec-
tions and inflammation, such as tonsillitis, pharyngitis, and
gingivitis. It is also indicated for treating bacterial vaginosis
in adult women aged < 55 years in the form of vaginal tab-
lets. It was GPT-3.5 that explicitly provided the information
that dequalinium can be used as an antimicrobial and anti-
inflammatory agent for treating different infections. How-
ever, GPT-4 only mentioned that dequalinium can be used as
an antimicrobial agent in lozenges or mouthwashes.

In the task of action mechanism properties, the overall
prediction accuracy of GPT-4 (90.67 + 4.17%) was higher
than that of GPT-3.5 (86.67 + 8.59%). Comparing the pre-
diction performance for each compound, GPT-4 exhib-
ited better performance than GPT-3.5 in predicting the

pharmacodynamic properties of benzphetamine, dezocine,
camostat, ropivacaine, montelukast, and silodosin (Table 3,
Fig. S3).

According to the DrugBank database, benzphetamine is
described as follows: ‘The mechanism of action of these
drugs is not fully understood; however, it may be similar
to that of amphetamines. Amphetamines stimulate nor-
epinephrine and dopamine release in nerve endings in the
lateral hypothalamic feeding center, decreasing appetite.’
This release is mediated by the binding of benzphetamine
to centrally located adrenergic receptors. GPT-4 not only
responded that benzphetamine could increase the release of
norepinephrine in the brain (which can be used for short-
term treatment of obesity), but also mentioned its similarity
to amphetamines as a sympathomimetic amine. However,
in GPT-3.5, although it acknowledged that benzpheta-
mine reduces appetite and increases feelings of fullness by
enhancing the release of norepinephrine, it did not respond
regarding the similarity to other drugs and its use in short-
term obesity treatment (refer to Table 3, Fig. S3). Similarly,
in predicting the pharmacodynamic properties of dezocine,
camostat, ropivacaine, montelukast, and silodosin, GPT-4
demonstrated better performance in specific details than
GPT-3.5.

With regard to other pharmacological properties of drugs,
such as pharmacodynamics and toxicity, GPT-3.5 and GPT-4
demonstrated similar and excellent performance, achieving
accuracy rates of 85.00 = 3.27% and 95.00 + 0.00%, respec-
tively. No significant differences were observed between
GPT-3.5 and GPT-4 in these aspects (Table 3 and Fig. S3).

Based on the data analysis of ChatGPT on fundamental
pharmacological properties, drug action mechanisms, phar-
macokinetics, and toxicity, it has been demonstrated that
ChatGPT has a distinct advantage in text-processing tasks
than those related to text-numerical association and text-text
association.

3.2.2.4 The Accuracy of ChatGPT in Drug-Target Attribute
Query Task The drug's targets, such as antagonists, ago-
nists, blockers, inhibitors, and modulators, are the proteins
that drugs directly act upon and are critical to the drug's
mechanism of action [20, 21]. In the ‘question-answer’
tasks for the target properties of 15 drugs, GPT-3.5 and
GPT-4 exhibited varying performances across different
drugs. For drugs with a single target, such as dimetacrine,
pefloxacin, ropivacaine, and apremilast, both GPT-3.5 and
GPT-4 demonstrated good predictive performance, achiev-
ing 100% prediction accuracy (Fig. 4 and Supplementary
data 4). However, for drugs with two or more targets, except
for dezocine, both GPT-3.5 and GPT-4 could not accurately
predict all the targets of the drugs.
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a
GPT-3.5] GPT-4 |GPT-3.5| GPT-4 |GPT-3.5| GPT-4 |GPT-3.5| GPT-4 |GPT-3.5| GPT-4
Amobarbita assA [N N ~ X NA | NA N NA [ NA | NA
Benzphetamine Class A || X X x | Nna ] Na [ A/ [ Na | Na ] Na
Butobarbita assA [N X N X NA | NA N NA | NA | NA
orzoxazone ClassA [ ~ ~ N[ ona ] e |/ N | na | oNa
Dezocine assA B3 X X x | na | Na ] X N | na | ona
Camostat Class B X X X X NA NA X NA NA NA
Dimetacrine | Class B X X X X NA NA \/ NA NA NA
Naltrexone | ClassB | +/ N ~ N NA | NA X X NA [ NA
Pefloxacin | ClassB | X x [ ] x [na [ na ] A ] N [ Na ] Na
Ropivacaine [ ClassB | +/ N A NI EER N va ] Na
N N N N NA | NA <\ N NA | NA
X X X X NA NA NA NA NA NA
N N N N NA | NA N N NA | NA
~ ~ X x | na [ Na | x X | Nna [ Na
\ ~ ~ ~ NA | NA X X NA | NA
logP*: The log conversion fraction to N The answers fulfills the record in DrugBank.
oil-water partition coefficient x  The answers doesn't fulfills the record in DrugBank.
NA The ChatGPT couldn't answer the query.
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«Fig. 3 Investigating the potential of ChatGPT in the ‘question and
answer’ task for drug physicochemical properties. a Overview of the
capability and accuracy of ChatGPT in answering the physicochemi-
cal properties of query drugs; b The consistency of the predicted
molecular weight (MW) by GPT-3.5 with the molecular weight
records in the DrugBank database; ¢ The consistency of the predicted
molecular weight (MW) by GPT-4 with the molecular weight records
in the DrugBank database; d The consistency of the predicted monoi-
sotopic weight by GPT-3.5 with the monoisotopic weight records in
the DrugBank database; e The consistency of the predicted monoiso-
topic weight by GPT-4 with the monoisotopic weight records in the
DrugBank database

For example, irbesartan, widely used to treat hyperten-
sive patients with type 2 diabetes, relieves hypertension
and reduces blood sugar levels. It has direct targets, includ-
ing AGTR1 (Angiotensin II receptor type 1) and JUN (Jun
proto-oncogene, AP-1 transcription factor subunit). How-
ever, GPT-3.5 and GPT-4 only recorded AGTR1 as the target
for irbesartan, omitting JUN (refer to Fig. 4). Similar issues
were observed in the query tasks for silodosin, dequalinium,
camostat, and other drugs (Fig. 4). Comparatively, GPT-4
may exhibit higher accuracy in the task of drug target pre-
diction compared to GPT -3.5. For example, naltrexone, a
medication used to manage alcohol or opioid dependence,
blocks the effects of opioids in the brain to reduce cravings.
It acts as an antagonist for OPRK1 (opioid receptor kappa
1) and as an agonist for OPRM!1 (opioid receptor mu 1) and
SIGMARI (sigma non-opioid intracellular receptor 1). GPT-
3.5 only recorded the OPRM1 target, disregarding the other
protein targets. In contrast, GPT-4 recorded the OPRM1 tar-
get correctly identified the primary target, OPRK1 (Fig. 4).

Another phenomenon observed in the target prediction
task is ‘illusory knowledge construction’ and ‘knowledge
hallucination.” When predicting the action target of mon-
telukast, both GPT-3.5 and GPT-4 not only failed to make
accurate predictions for its inhibitory target ALOXS (ara-
chidonate 5-lipoxygenase) but also erroneously predicted
new targets LTB4R (leukotriene B4 receptor) and LTC4S
(leukotriene C4 synthase) (refer to Fig. 4). Upon searching
the Genecards database, it was discovered that LTB4R and
LTCA4S belong to cysteinyl leukotriene receptors. However,
while LTC4S is a valid target of montelukast, LTB4R is a
false target. The Genecards database lists five drugs that
can interact with the LTB4R receptor, including three con-
firmed drugs such as gamolenic acid, zafirlukast, and leukot-
riene B4, and two drugs that have only been demonstrated
in experiments, such as cinalukast and morniflumate [29].

3.2.2.5 The Accuracy of ChatGPT in the Querying Tasks
of Drug-Drug Interactions Drug-drug interactions (DDIs)
occur when two or more drugs are used in combination, and
it elicits various risks, including those associated with liver
damage, elevated blood pressure, and lowered blood pres-
sure. It is an essential factor influencing drug efficacy and

safety and is also one of the critical issues affecting rational
clinical drug use and post-marketing surveillance. The DDIs
have become a significant area of interest in pharmacology
[47—49]. The DrugBank database provides detailed records
of DDI risks. Regarding amobarbital, nine types of DDIs
have been documented, including risks of adverse effects,
methemoglobinemia, hypotension, central nervous system
depression, sedation, constipation, decreased therapeutic
efficacy of amobarbital, decreased therapeutic efficacy of
other drugs, and decreased metabolism rate of amobarbital
(Fig. 5, Table S3).

The analysis of the potential of ChatGPT in predicting
DDIs reveals an overall prediction accuracy of 64.50 +
21.27%, with GPT-3.5 achieving a prediction accuracy of
64.64 + 0.00% and GPT-4 achieving a prediction accuracy
of 64.33 + 0.00% (Table S3). A comparison of ChatGPT's
prediction results for large, medium, and small molecules
of varying sizes shows that the performance is significantly
better for medium- and small-molecule compounds than for
large-molecule drugs. For instance, dequalinium, a large
molecule compound with a MW of 456.67, exhibits DDIs
mainly related to risks of adverse effects, bleeding, viral
infections, methemoglobinemia, hypotension, and decreased
therapeutic efficacy of other drugs (Fig. 5, Table S3). Both
GPT-3.5 and GPT-4 failed to produce precise predictions
regarding dequalinium. However, they did emphasize the
significance of disclosing all medications to healthcare
professionals, especially in cases where dequalinium is pre-
dominantly administered topically.

Furthermore, the overall predictive performance of
GPT-4 was compared to that of GPT-3.5 in drug predic-
tions. It was observed that GPT-4 outperformed GPT-3.5
in predicting 15 types of drugs. Specifically, GPT-4 dem-
onstrated significantly better predictive performance for six
drugs, namely amobarbital, butobarbital, chlorzoxazone,
dezocine, irbesartan, and dimetacrine. However, in the case
of montelukast and apremilast, GPT-3.5 exhibited better pre-
dictive performance than GPT-4 (Table S3).

For instance, let us consider chlorzoxazone as an exam-
ple. In the DrugBank database, there are four types of inter-
actions between chlorzoxazone and other drugs: the risk
of side effects with 103 drugs, the risk of CNS depressant
effects with 22 drugs, the risk of sedative effects with one
drug, and the risk of changing the rate of metabolism with
214 drugs. GPT-3.5 provided answers regarding the CNS
depressant risk and adverse effects risk of drug-drug interac-
tions for chlorzoxazone. However, GPT-4 not only provided
answers regarding the CNS depressant risk and adverse
effects risk of drug-drug interactions for chlorzoxazone, but
it also addressed the risk of affecting the metabolism rate,
stating that ‘as chlorzoxazone is primarily metabolized by
the liver, drugs that can affect liver enzymes may affect the
metabolism of chlorzoxazone. This could alter the drug's
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Table 3 The performance of ChatGPT in predicting drug pharmacological properties®

Query drug Class  Score;gicaion’ (%) Score pamacodynamics (%) Score ecnanism (%) Scoreyiciy” (%)
GPT-3.5 GPT-4 GPT-3.5 GPT-4 GPT-3.5 GPT-4 GPT-3.5 GPT-4

Amobarbital A 100.00 +£ 0.00  100.00 + 0.00 85.00 + 0.00 85.00 + 0.00 90.00 + 0.00 90.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Benzphetamine A 100.00 +£ 0.00  100.00 + 0.00 85.00 + 0.00 85.00 + 0.00 90.00 £0.00 95.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Butobarbital A 100.00 +£ 0.00 100.00 + 0.00 85.00 = 0.00 85.00 + 0.00 90.00 + 0.00 90.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Chlorzoxazone A 100.00 £ 0.00  80.00 + 0.00 80.00 = 0.00 80.00 + 0.00 85.00 + 0.00 85.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Dezocine A 100.00 +£ 0.00  100.00 + 0.00 85.00 = 0.00 85.00 + 0.00 90.00 + 0.00 95.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Camostat B 100.00 +£ 0.00  100.00 + 0.00 90.00 = 0.00 90.00 + 0.00 85.00 + 0.00 95.00 + 0.00  95.0 + 0.00 95.00 + 0.00
Dimetacrine B 100.00 +£ 0.00  100.00 + 0.00 85.00 = 0.00 85.00 + 0.00 90.00 + 0.00 90.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Naltrexone B 100.00 +£ 0.00  100.00 + 0.00 85.00 = 0.00 85.00 + 0.00 80.00 + 0.00 85.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Pefloxacin B 100.00 +£ 0.00  100.00 + 0.00 90.00 = 0.00 90.00 + 0.00 95.00 + 0.00 95.00 +£0.00 95.00 + 0.00 95.00 + 0.00
Ropivacaine B 100.00 +£ 0.00  100.00 + 0.00 80.00 =+ 0.00 80.00 + 0.00 60.00 + 0.00 85.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Apremilast C 80.00 £ 0.00  80.00 £ 0.00 90.00 + 0.00 90.00 +0.00 95.00 + 0.00 95.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Dequalinium C 100.00 +£ 0.00  100.00 + 0.00 85.00 = 0.00 85.00 + 0.00 90.00 + 0.00 90.00 + 0.00 95.0 0 + 0.00 95.00 + 0.00
Irbesartan C 50.00 + 0.00 0.00 + 0.00 85.00 +0.00 85.00 +0.00 90.00 + 0.00 90.00 + 0.0095.00 + 0.00 95.00 + 0.00
Montelukast C 100.00 +£ 0.00  100.00 + 0.00 80.00 =+ 0.00 80.00 + 0.00 80.00 + 0.00 85.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Silodosin C 100.00 +£ 0.00  100.00 + 0.00 85.00 = 0.00 85.00 + 0.00 90.00 + 0.00 95.00 + 0.00 95.00 + 0.00 95.00 + 0.00
Mean 95.33 +£13.56 90.67 + 26.04 85.00 +3.27 85.00 + 3.27 86.67 +8.59 90.67 +4.17 95.00 + 0.00 95.00 + 0.00

#The predictive performance is assessed using a percentage scoring method and reported as mean + SD (standard deviation)

b
Scoreindicalion

to 100% indicates higher accuracy rates

C
Scorepharmacodynamics
closer to 100% indicates a higher accuracy rate

d
Scoremechanism
100% indicates higher accuracy rates

represents the prediction score of ChatGPT (GPT-3.5 or GPT-4) in the basic pharmacological properties of drugs. A score closer
represents the prediction score of ChatGPT (GPT-3.5 or GPT-4) in the pharmacodynamics properties of drugs. A score

represents the prediction score of ChatGPT (GPT-3.5 or GPT-4) in the action mechanism properties of drugs. A score closer to

SCOTe,gyciy Tepresents the prediction score of ChatGPT (GPT-3.5 or GPT-4) in the toxicity properties of drugs. A score closer to 100% indicates

higher accuracy rates

effectiveness or increase the risk of side effects.” Similar
phenomena were also observed for the other five drugs
(Fig. 5, Table S3).

3.2.3 Assessing the Potential of ChatGPT in Drug Structure
Optimization Tasks

Compound structure optimization is crucial in enhancing
the bioavailability of lead compounds or drug candidates,
mitigating toxicity, improving metabolic stability, and opti-
mizing pharmacodynamics [28-31]. In order to assess the
potential of ChatGPT in the field of compound structure
optimization, we established ‘Improving metabolic activity,’
‘Reducing hepatotoxicity,” ‘Reducing cardiotoxicity,” and
‘Increasing solubility’ as the primary optimization objec-
tives. The findings indicate that ChatGPT (GPT-3.5 and
GPT-4) solely demonstrates its ability to have general ideas
in drug structure optimization tasks. In other words, it can
delineate common strategies employed in structure optimiza-
tion. However, it cannot devise comprehensive optimization
plans for specific drugs (Fig. 6).

A\ Adis

Metabolic activity optimization encompasses optimiza-
tion strategies aimed at enhancing the metabolic stability of
compounds, prolonging drug action duration in the body,
increasing exposure within the body, reducing compound
clearance rates, and improving bioavailability. In drug struc-
ture optimization tasks targeting ‘improving metabolic activ-
ity,” we selected buspirone, paroxetine, and 8-chloro-4-(4-
methylpiperazin-1-yl)benzofuro[3,2-d]pyrimidine as the
compounds to be optimized. Similar issues were observed in
the structure optimization of paroxetine and 8-chloro-4-(4-
methylpiperazin-1-yl)benzofuro[3,2-d]pyrimidine. GPT-
3.5 suggests modification of susceptible functional groups,
blocking metabolic sites, employing the prodrug approach,
and utilizing metabolic stability prediction and modeling.
However, it does not provide detailed operational procedures
and optimization plans (Fig. 6).

For optimization tasks, including reducing hepatotoxic-
ity, reducing cardiotoxicity, and increasing solubility, both
GPT-3.5 and GPT-4 provide generalized answer schemes.
For instance, when addressing the solubility improvement of
Taxol, GPT-3.5 and GPT-4 propose optimization strategies
such as the ‘prodrug approach,” ‘formulation techniques,’
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Fig.4 Exploring the potential of ChatGPT in ‘question-answer’
-based tasks for drug-target attributes. a Overview of the predicted
and actual targets of class A drugs (molecular weight < 255.24); b

‘structural modifications,” and ‘combination with solubiliz-
ing agents.” They also suggest methods such as complexation
with cyclodextrins, nanoemulsion formulation, or encapsu-
lation in liposomes or nanoparticles to enhance solubility
by increasing drug dispersibility and effective surface area
in water. However, they do not describe the execution dif-
ficulty, specific implementation methods, or successful case
studies (Fig. 6).

Overview of the predicted and actual targets of class A drugs (255.24
< molecular weight > 412.64); ¢ Overview of the predicted and
actual targets of class C drugs (molecular weight > 412.64)

In summary, ChatGPT demonstrates its generalizing abil-
ity in compound structure optimization tasks. It provides
structural optimization strategies for improving compound
activity but cannot offer effective plans and specific exam-
ples. Additionally, it fails to provide adequate literature and
data support.

A\ Adis



246 Y. Zhang et al.

Cross-tissue risk Nervous system disease risk Heart disease risk Blood system risk
Serotonin syndrome risk Central nervous system depressant Cardiac Arrhythmia risk Methemoglobinemia risk
08000 (CNS depressant) risk 000O00O 70000
0 31460 0 2430292250 01000 000 165
00000 €S 07108 00000 0100 0 O
Adverse effects risk 00000O0 Bradycardia risk Hypertension risk
103150118 99 607 Neurotoxic risk 00001 0620 00
1023‘:321‘;12402 ol1olo 00100 5 010000
o 01000 000O0O 00000
Bleeding risk 00000 Corrected QT Interval Hypotensive risk
00000O Opioid antagonism risk (QTc) prolong risk
00000 271020 0 1
1T 0000 2 00000 0 8250 9
| o rick 01200 001210 0 01330 28
mmunosuppressive ris 0
- 40 0 . i 101 I iy 0 Orthostatic hypo-
00000 Sedative activity Tachycardia risk tension risk
00000 333121136 gm0 0 0lolooo
170000 00100 00000 il (0] [0} 101 [0
Viral infection risk 00000 00000 000 062
0/0//0/0/'0 Analgesic activity 1t Hyperkalemia risk
81008 g 8 0140 0 21 Respiratory disease 00000
. . 002300 Respiratory depression 00000
Therapeutic efficacy 00000 010300 0
. 00000O
Aff;ect others drugs therapeutic Neuropsychiatric risk 00270 0 Hyponatremia risk
efficacy
.- 00100 000O00O 00000O0
N
N LR [ ¢«——] 00000 00100
52 3 026 il ol ——
H | ic risk
Others affect the therapeutic ypogcemic s
efficacy of query drugs 0l 101 101 |91 [0
2 9100 6 8 g 8 8 8
i S IS [0 [0
0000 7 Thrombogenic risk
Metabolism rate g g g 8 g
Affect others' metabolism rate 00000
67123 95 2 .
010 3 1519 Muscle disease
32 0 9560 0 — Myopathy, rhgbdpmyolysis,
Others affect the metabolism and myoglobinuria
rate of query drugs 000O00O
0 53 0109 0 00920 0
026427 16 - Ee o
56 0 589872 Tendinopathy
Gastrointestinal disease Ll L1
Gastrointestinal bleeding 0110192 4 10
2
e EE 000260
09000
000O0O
Constipation
10100
00100
000O00O

Renal system disease risk Query drug Label

Nephrotoxicity risk class A class B class C
000O00O0 A ital Al ilast
00070 ¢ mobarbita Camostat premilas
00200 Benzphetamine Dimetacrine Dequalinium
Renal failure, hyperkalemia, .

and hypertension Butobarbital Naltrexone Irbesartan
000O00O0 Chlorzoxazone Pefloxacin Montelukast
000O00O . .

00200 > Dezocine Ropivacaine Silodosin

A\ Adis



Aligning LLMs with Humans: A Survey of ChatGPT in Pharmacology

247

«Fig.5 Investigating the potential of ChatGPT in drug-drug interac-
tion ‘question-answer’ -based tasks. The query drugs are represented
by colored cells, and the numbers within the colored cells indicate the
count of drug-drug interactions with specific items. For example, a
value of eight signifies that there are 8 drug-drug interactions result-
ing in the mentioned side effect when combined with the respective
query drug. Further details regarding the drug-drug interactions can
be found in Supplementary Data 5

3.2.4 The Accuracy of ChatGPT in Systematically
Summarizing and Inferring the Current Limitations
and Emerging Trends in Pharmacology

The efficacy of retrieval, comprehension, summarization,
and reasoning abilities is vital in evaluating the capabili-
ties of LLM models [6, 14, 50]. To clarify and determine
ChatGPT's capability in text summarization, we evaluated
its performance in ‘current limitations in pharmacological
research’ and ‘future trends in pharmacological research.’

3.2.4.1 The Accuracy of ChatGPT in Systematically Sum-
marizing the Current Limitations in Pharmacology In
three repeated inquiries into GPT-3.5 and GPT-4, 16 top-
ics are identified as limitations in current pharmacological
research. These topics include ‘limited predictability of
preclinical models,” ‘regulatory challenges,” ‘limited avail-
ability of drug targets,” ‘translational challenges,” ‘limited
access to human tissue samples,” ‘limited understanding of
disease mechanisms,” and others. These topics receive an
importance score of 80 or above (Fig. 7a and Table S4).

Among all the topics, GPT-3.5 identifies ‘lack of diversity
in clinical trials,” ‘high cost of drug development,” ‘limited
understanding of disease mechanisms,” and ‘ethical con-
cerns’ (5 times) as the most significant limitations in current
pharmacology. For instance, GPT-3.5 highlights that current
clinical trials are based on a minority of populations and
do not represent a broader population, resulting in potential
drug efficacy and safety variations across different patient
populations. To address this limitation, conducting clinical
trials in the broader population or ethnic group is suggested
as a practical approach to improving efficacy and safety in
current pharmacological research. The three reviewers con-
cur that this topic is a limitation in current pharmacological
research. However, they do not consider it the most signifi-
cant limitation, assigning it an importance score of 86.67 +
2.89 (Fig. 7a and Table S4).

The results are inconsistent when comparing the impor-
tance scores provided by the three reviewers with the number
of recommendations made by ChatGPT. The three review-
ers considered limited understanding of disease mechanisms
and limited access to human tissue samples as the most sig-
nificant limitations in current pharmacological research,
with an average score of 91.67 + 2.89. However, GPT-3.5
only recommended these two topics five times and one time

(Fig. 7a and Table S4), indicating a significant imbalance.
The topic ‘limited understanding of disease mechanisms’
is regarded as the most crucial limitation in pharmacologi-
cal research, possibly due to its frequent mention in the lit-
erature. On the other hand, ‘limited access to human tissue
samples’ has only been recommended once, which may be
related to the relatively low frequency of reports in the lit-
erature. However, three reviewers gave it a very high impor-
tance score. Most pharmacological studies speculate that it
is associated with the urgent need for human tissue samples,
including live ones. Unfortunately, such samples are severely
scarce, and related research is often restricted.

3.2.4.2 The Accessibility and Accuracy of ChatGPT in Sys-
tematically Summarizing and Inferring the Emerging
Trends in Pharmacology In the three repeated inquiries
to GPT-3.5 and GPT-4, 18 topics are identified as trends
in future pharmacological research. These topics include
‘Artificial intelligence and machine learning,* ‘drug repur-
posing,” ‘precision medicine,” ‘nanomedicine,” ‘gene ther-
apy and gene editing,” ‘digital health,” and others. Among
them, the ‘Artificial Intelligence and Machine Learning’
topic and the ‘Drug Repurposing’ topic are considered to
be hotspots for future pharmacology research, with each
being recommended by ChatGPT six times (three times
each by GPT-3.5 and GPT-4). However, based on the
perspectives of the three reviewers, ‘digital health’ and
‘immunotherapy’ are considered the most important sub-
jects for future research. Each topic receives a high impor-
tance score of 91.67 + 2.89, making them the highest-
scoring topics (Fig. 7b and Table S5).

‘Nanomedicine’ is the most controversial topic among
all the covered topics. One reviewer argues that this topic
remains a prominent issue in pharmacology, assigning it a
high score of 90. However, the other two reviewers assigned
importance scores below 80. Except for the ‘nanomedicine’
topic, all other topics received an importance score of more
than 85 (Fig. 7b and Table S5).

3.3 Evaluation of Lead Compound Structure
Optimization Tasks for LLMs Based on Specific
Text RAG Mode

We constructed a transient LLM named Pharmacolo-
gyGPT, using GPT-4 as the base LLM and Liu et al's litera-
ture records as the source for specific text RAG. For three
optimization tasks on 10 compounds, such as metabolic
stability, reduced toxicity, and enhanced water solubility,
the results showed that PharmacologyGPT improved the
predictive effectiveness compared to GPT-3.5 and GPT-4
without altering the prompt method. PharmacologyGPT
provided answers for the lead compound optimization
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Fig.6 Exploring ChatGPT's
potential in drug structure
optimization ‘Question-answer’
-based tasks. a The potential
of ChatGPT in drug structure
optimization is being explored
using buspirone, paroxetine,
and 8-chloro-4-(4-methylpip-
erazin-1-yl)benzofuro[3,2-d]
pyrimidine as compounds to be
optimized; b, ¢: Amodiaquine
and ibufenac are being utilized
as compounds to be opti-
mized in order to explore their
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strategies reported in the literature and explained specific
actionable plans (Fig. 8d). Additionally, basic attribute eval-
uations, such as context consistency (Fig. 8a) and semantic
relevance (Fig. 8b), indicated that PharmacologyGPT did
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not significantly affect the context consistency and seman-
tic relevance of LLM. Therefore, exploring LLMs based
on specific information, such as RAG or fine-tuning, will
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significantly improve the hallucination issues in general
LLMs when handling pharmacology tasks.

Furthermore, for the water solubility improvement opti-
mization task of paclitaxel, the specific text RAG-powered
PharmacologyGPT demonstrated exceptional capability.
PharmacologyGPT addressed the glycosylation prodrug and
poly(ethylene glycol) (PEG) prodrug strategies recorded in
the literature but also compared the effectiveness of both
optimization strategies and identified the PEG prodrug strat-
egy as the relatively more efficient optimization approach.

Our research results indicate that, under the RAG frame-
work, even GPT-4 based on non-English text can signifi-
cantly improve the accuracy of answering complex pharma-
cological questions (specifically, in this study, focusing on
lead compound optimization tasks). A tracking analysis of
the specific text RAG data flow revealed that when we use
a specific data source, such as the RAG resource, the LLMs
first segment the data and convert it into vector representa-
tions, which are then stored in a vector library. Subsequently,
during question-answering tasks, the LLMs retrieve relevant
information through information retrieval and enhance the
response accuracy with the added context.

4 Discussion

The emergence of LLMs, including ChatGPT, has opened
up new avenues for exploring Al-driven drug discovery in
the era of AI [51]. These models provide unprecedented
opportunities, particularly regarding information retrieval
and strategy discovery through human-machine interaction.
However, pharmacology, as an exceedingly complex appli-
cation field, presents challenges not only in the separation,
purification, and identification of chemical components but
also encompasses a wide range of complex research areas,

including the optimization of lead compound structures,
investigation into potential drug toxic mechanisms, analysis
of drug targets and their mechanisms of action, and drug-
drug interactions [19, 22, 52-54]. Leveraging machine learn-
ing strategies, including LLMs, can significantly enhance
information retrieval efficiency [55, 56], deepen and broaden
data analysis [57], and improve the accuracy of theoretical
predictions, thus offering numerous advantages in the drug
development process. A comprehensive and meticulously
designed artificial pharmacology evaluation task demon-
strates the potential of existing LLMs in pharmacology. It
establishes a strong foundation for evaluating and testing the
performance of these models in pharmacological research.
Through such evaluation tasks, we can assess the ability
of LLMs to address complex pharmacological challenges
and further inspire new research and application ideas,
advancing the deep integration of Al in drug discovery and
development.

Regarding the application potential of LLMs in pharma-
cology, although several researchers have previously con-
ducted evaluations [9, 19], the breadth and complexity of
pharmacology mean that evaluations based solely on these
attributes or characteristics are not sufficient to fully dem-
onstrate the potential of LLMs in handling complex phar-
macological tasks [19, 22, 52-54]. Additionally, most of
these evaluations have been published only in article form,
which limits the further application of these test data in
evaluating large pharmacology models. Therefore, to com-
prehensively evaluate the value and potential of LLMs in
pharmacology, we have designed a comprehensive test set
that includes comprehensive drug property query tasks
and lead compound optimization tasks and tasks for sum-
marizing research trends and limitations. Subsequently,
we evaluated the general LLM ChatGPT based on this test
set. ChatGPT effectively understood our pharmacological
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Fig.8 Evaluating the capability of ChatGPT in lead compound
optimization based on the RAG (Retrieval-Augmented Generation)
model. a The accessibility of ChatGPT RAG in lead compound opti-
mization based on contextual consistency; b The accessibility of
ChatGPT RAG in lead compound optimization based on semantic
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instructions and provided good responses in drug pharma-
cological properties, pharmacokinetics, mode of action, and
toxicity prediction. However, ChatGPT also exhibits limi-
tations when confronted with drug identifier queries, drug
interaction information queries, and drug structure simula-
tion optimization-based queries. It struggles to retrieve inter-
action information for a single or specific drug effectively
and cannot the ability to optimize specific drugs. The most
severe issue stems from the ‘knowledge hallucination’ prob-
lem inherent in ChatGPT, where the answers may appear
logical but contain entirely incorrect information. Research
on the mechanisms behind the ‘knowledge hallucination’
phenomenon in LLMs suggests that it may be related to
issues with data source noise, model flaws, and unclear user
tasks. As summarized by Huang et al in ‘A Survey on Hal-
lucination in LLMs: Principles, Taxonomy, Challenges, and
Open Questions,” when general-purpose LLMs like Chat-
GPT, LaMDA, PalLLM, and Gopher are directly applied to
fundamental pharmacological questions such as drug side
effects-based information retrieval, drug target queries, drug
structure optimization suggestions, and summarizing phar-
macological research trends, they exhibit knowledge hallu-
cination and randomness in their responses [58]. To address
this issue, several researchers have proposed solutions,
including the integration of external knowledge bases [59],
knowledge graphs [60], multi-agent interaction [61], human-
in-the-loop [62], and the Tree of Thoughts framework [63].
Among these, external knowledge bases offer a conveni-
ent and effective method to mitigate knowledge hallucina-
tion. For instance, GeneGPT [64] exemplifies overcoming
ChatGPT's ‘knowledge hallucination’ in gene or genomic
data by accessing the National Center for Biotechnology
Information (NCBI) web application programming interface
(API), demonstrating improved performance in gene nam-
ing, genomic location, gene function analysis, and sequence
alignment tasks over existing machine learning models.
Additional studies addressing the limitations of LLMs or
knowledge hallucinations of LL.Ms like ChatGPT in han-
dling specialized topics through external knowledge bases or
knowledge graphs, include Med-PaLM2, BioMedGPT [65],
CancerGPT, and scGPT [66].

Beyond addressing data quality to prevent or solve the
problem of insufficient capability or knowledge hallucination
in handling specialized topics, some scholars have explored
alleviating hallucinations through retrieval enhancement,
prompt engineering, and other methods. For instance, Meta
Al researchers proposed a model fine-tuning approach called
RAG [26], combining an information retrieval component
with a text-generation model. The information retrieval
component receives inputs and retrieves relevant/supporting
documents, indicating their sources. These are then com-
bined with the original prompt as context for the LLM text
generator to produce the final output. Therefore, exploring

the integration of external knowledge bases/knowledge
graphs and using RAG as a model optimization strategy
for large pharmacology models will be a future direction
for developing large pharmacology models. This approach
can effectively improve issues such as hallucinations and
random errors in general LLMs when answering pharma-
cological questions. This study also explored the potential
of LLMs in lead compound structure optimization using the
specific text RAG method. The results showed that GPT-4
significantly improved the predictive effectiveness of lead
compound structure optimization strategies when specific
text RAG was introduced. The LLMs prioritized the com-
pound optimization strategies reported in the literature and
summarized and compared multiple strategies and methods
from different studies.

5 Conclusion

Large language models, whether they are general-purpose
models, like ChatGPT, Llama2, and Claude, or specialized
models like DrugChat, DrugGPT, and Mol-Instructions,
are fundamentally transforming the knowledge query
methods and approaches in drug discovery for pharma-
cologists, drug researchers, clinical research scientists,
and Al researchers. They enable multi-round consultations
and queries of pharmacological questions in a ‘question-
answer’ format. However, pharmacology is an exception-
ally complex field of application. To better apply LLMs in
pharmacological practice, we propose a pharmacology test
set comprising three pharmacological tasks: drug property
queries, lead compound structure optimization, and sum-
maries of trends and limitations. This test set covers a vari-
ety of pharmacological application scenarios. The general
LLM ChatGPT evaluation also shows that general LLMs
can understand pharmacological task instructions such as
drug information queries, lead compound optimization,
and systematic summaries. However, they encounter issues
like ‘knowledge hallucination,” ‘randomness,” and ‘gen-
erality’ when dealing with compound structure optimiza-
tion and complex pharmacological property-based queries.
Therefore, exploring pharmacology-specific LLMs based
on external knowledge bases/knowledge graphs and RAG
will offer practical solutions to alleviate issues like knowl-
edge hallucinations and insufficient specialization faced by
general LLMs in the pharmacology domain. We anticipate
that this study will provide new frameworks and insights
for drug researchers, pharmacologists, clinical research
scientists, and Al researchers in developing and evaluating
pharmacology LLMs.
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