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Realizing Impact of Artificial
Intelligence in Real World
Enhances Public Health

Huixiao Hong1* and William Slikker Jr.2*
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Editorial on the Research Topic

Realizing Impact of Artificial Intelligence in Real World Enhances

Public Health

This thematic issue is a product of the 10th annual conference of the Arkansas

Bioinformatics Consortium (AR-BIC), which was held on February 26–27, 2024, in Little

Rock, Arkansas, with a theme “Real World Impact of AI”. This conference gathered more

than 200 scientists and trainees with diverse scientific interests discussing current research

works and future perspectives on realizing the impact of artificial intelligence (AI) in the real

world. The conference hosted three pre-conference workshops that provided the attendees

with state-of-art knowledge and tools on real world applications of AI, including imaging and

genomic data analysis. In the plenary presentations, distinguished scientists gave perspectives

on howAI transforms toxicology, drug discovery, and public health, calling attentions to both

emerging opportunities and practical applications. Four breakout sessions covered

presentations from front-line experts to share their cutting-edge research on application

of AI to various vital fields, such as natural language processing (NLP) for pharmacovigilance,

ethical frameworks for responsible AI, and novel models in spatial omics and computational

toxicology. Of special note is the high-profile dialogue with former US FDA chief scientist Dr.

Namandjé Bumpus and theNIEHS/NTP directorDr. RichardWoychik on applications of AI

in regulatory sciences. The conference exhibited real world impacts of AI, focusing on

transformative roles of AI in bioinformatics and public health. The papers included in this

thematic issue are from participants of this conference and demonstrate the scientific efforts

of AR-BIC to realize the impact of AI in the real world.

Compounds interacting with the endocrine system can lead to numerous adverse

outcomes. The androgen receptor is one important component in the endocrine system

and mediates male sex hormones. Chemicals binding to androgen receptor raise concerns

on reproductive health. Therefore, a high-quality data source of androgenic activity data is

urgently needed to fully utilize artificial intelligence techniques such as machine learning

and deep learning to develop reliable models for predicting androgenic activity of

compounds. [1] introduced the Molecules with Androgenic Activity Resource

OPEN ACCESS

*CORRESPONDENCE

Huixiao Hong,
huixiao.hong@fda.hhs.gov

William Slikker Jr.,
billslikkerjr@gmail.com

RECEIVED 09 June 2025
ACCEPTED 12 June 2025
PUBLISHED 27 June 2025

CITATION

Hong H, Slikker W Jr. (2025) Realizing
Impact of Artificial Intelligence in Real
World Enhances Public Health.
Exp. Biol. Med. 250:10700.
doi: 10.3389/ebm.2025.10700

COPYRIGHT

© 2025 Hong and Slikker. This is an
open-access article distributed under
the terms of the Creative Commons
Attribution License (CC BY). The use,
distribution or reproduction in other
forums is permitted, provided the
original author(s) and the copyright
owner(s) are credited and that the
original publication in this journal is
cited, in accordance with accepted
academic practice. No use, distribution
or reproduction is permittedwhich does
not comply with these terms.

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine01

TYPE Editorial
PUBLISHED 27 June 2025
DOI 10.3389/ebm.2025.10700

4

https://www.ebm-journal.org/research-topics/8
https://www.ebm-journal.org/research-topics/8
https://crossmark.crossref.org/dialog/?doi=10.3389/ebm.2025.10700&domain=pdf&date_stamp=2025-06-27
mailto:huixiao.hong@fda.hhs.gov
mailto:huixiao.hong@fda.hhs.gov
mailto:billslikkerjr@gmail.com
mailto:billslikkerjr@gmail.com
https://doi.org/10.3389/ebm.2025.10700
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3389/ebm.2025.10700


(MAAR) that was developed to facilitate utilization of androgenic

activity data for assessing chemical risk. MAAR is an open-access

data source designed to provide comprehensive data for

developing machine learning and deep learning models and

streamlining and improving the evaluation of androgenic

activity of compounds. This tool has a user-friendly interface,

providing for efficient navigation and download of the

androgenic activity data. The open-access nature of MAAR

facilitates the use of androgenic activity data in the

development of machine learning and deep learning models

for assessing chemical risk, supporting regulatory reviewers

and scientists in evaluating the endocrine-disrupting potential

of compounds.

Pharmacogenomics plays a vital role in precision medicine.

However, the available genomic data of drugs are distributed in

diverse data sources, making access to the pharmacogenomics

data time-consuming and thus hindering the implementation

of precision medicine. Therefore, tools are needed to enable

rapid and automatic identification of sources that contain high-

quality pharmacogenomics data. [2] explored the ability of large

language models in this role. They tested the feasibility of

Llama3.1–70B in extracting pharmacogenomics data from

the FDA Table of Pharmacogenomic Biomarkers in Drug

Labeling (https://www.fda.gov/drugs/science-and-research-

drugs/table-pharmacogenomic-biomarkers-drug-labeling) as

an alternative approach to the most used labor-intensive

methods. The results showed a high accuracy in identifying

genomic biomarkers of drugs from single labeling texts or mixed

texts, demonstrating the effectiveness Llama3.1–70B in analyzing

pharmacogenomics data. This study showcases the applicability

of large language models to extract pharmacogenomics data from

unstructured scientific and regulatory documents, paving the

way for promoting precision medicine.

Screening tests for disease is important for improving

diagnosis reliability. Performance of disease screening tests are

typically measured using metrics such as sensitivity, specificity,

and positive predictive value, quantifying the goodness of tests in

differentiating between those with and without a disease. It is well

known that these performance metrics, especially positive

predictive value, are not reliable for traditional screening tests

when the prevalence is very low.Machine learning algorithms are

gaining popularity in developing predictive models to serve as in

silico screening tests for disease. However, the screening and

diagnostic performance of in silico screening tests, particularly

for low prevalence cohorts, has not been fully investigated. [3]

used The Strong Heart Study (https://strongheartstudy.org/), a

study of cardiovascular disease and its risk factors among

American Indians, as a case study to evaluate screening test

diagnostics of in silico models, built with machine learning

algorithms logistic regression, artificial neural networks, and

random forest, at varying prevalence. Their results revealed

that although sensitivity was not greatly affected in these in

silico screening tests, specificity and positive predictive values

dramatically declined when the prevalence decreased. This study

demonstrates that machine learning models as disease screening

tests have the same limitations as traditional screening tests when

the disease prevalence is low in the testing cohort, calling for

further studies to explore reliable in silico models for disease

screening of low prevalence cohorts.

Natural language processing is an artificial intelligence

branch and plays an important role in pharmacovigilance

studies. Traditional topic modeling, such as Latent Dirichlet

Allocation (LDA), has been widely used in text mining.

However, LDA has limitations in capturing the semantic

relationships in textual data, which is crucial in natural

language processing. Bidirectional encoder representations

from transformers (BERT) model-based topic modeling,

BERTopic, can capture the contextual relationships. [4]

integrated artificial intelligence modules to LDA and

BERTopic and compared the two methods in evaluating

prescription opioid-related cardiovascular risks in women by

analyzing PubMed abstracts. Their results showed that that

artificial intelligence algorithms can improve the performance

of both LDA and BERTopic in identifying adverse events

associated with prescription opioid drugs. Their comparison

indicated while LDA remains useful for analyzing large-scale

text at low computational cost, BERTopic can enhance

interpretability and improve semantic coherence for extracting

information in textual data.

Opioids are powerful pain-relieving drugs that are widely

used in clinical practice. However, opioid addiction is a

serious concern and can lead to opioid use disorder. Opioid

drugs bind to opioid receptors, including the μ opioid receptor

(MOR), attaining analgesic effects. Therefore, to develop pain

treatment drugs that binding opioid receptors but are less

addictive is one of the approaches to combat the opioid crisis.

With the advancement of artificial intelligence and availability

of experimental data, machine learning and deep learning

have gained interest in new drug development. [5] developed

models for predicting MOR binding activity of compounds

using various machine learning and deep learning algorithms

for assisting the development of less addictive drugs that

target MOR. Their models have been assessed using both

internal and external validations and have demonstrated

robust predictive performance. The results suggest that the

developed models could be used to predict MOR binders,

potentially assisting in the development of less addictive

drugs. This study demonstrates that machine learning and

deep learning models can be used to guide the design of less

addictive analgesics and ultimately lead to enhanced

patient health.

Unstructured data such as textual documents in scientific

publications, social media platforms, and clinical reports are

often used for drug safety surveillance. One of the tasks in

pharmacovigilance studies is to identify adverse events

associated with drugs. Usually, different names can be used
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for the same drug in textual documents, making it challenging to

determining drugs associated with the identified adverse events in

drug safety surveillance. Therefore, a comprehensive, non-

redundant, and accurate list of drug names is crucial for

identification and analysis of adverse events associated with

drugs. RxNorm stands out from many sources of drug names

as the most popular source used in pharmacovigilance studies.

However, the effectiveness of drug names in RxNorm for drug

safety surveillance needs to be thoroughly assessed. [6] examined

the drug names in RxNorm and developed a refined set of drug

names for enhancing unstructured data analysis in drug safety

surveillance. They removed duplicates, false drug names, and drug

names likely causing inaccurate drug counts in drug safety

surveillance from RxNorm, yielding a refined set of drug

names. The efficiency and accuracy of the refined drug names

were evaluated and compared with the names of original RxNorm

using PubMed abstracts. The results demonstrated an increased

computational efficiency and decreased false drug names identified

for the refined set. Their findings indicate that the refined drug

names can improve identification and counting of drugs in

unstructured textual data, thereby improving pharmacovigilance.

Mass cytometry is widely used for high-throughput

characterization of cellular heterogeneity. Analyzing

experimental data from mass cytometry often employ manual

gating or clustering technique. [7] proposed quantized optimal

transport (QOT), a novel framework derived from optimal

transport theory, to analyze mass cytometry data. They used

QOT to measure distances between samples based on cellular

protein expression profiles by treating the cell-by-protein matrix

as a high-dimensional distribution. Their method enables a direct

distribution comparison to capture small variations in mass

cytometry data and does not need predefined gating strategies.

This method was evaluated using two time-series mass cytometry

datasets of Coronavirus Disease 2019 (COVID-19) samples.

Their leave-one-out analysis identified CD3 and CD45 as

immunologically unstable proteins which had the most

variation over time during the vaccine response. Their

hierarchical clustering based on pairwise Wasserstein distances

between samples resulted in the discovery of optimal

combinations of immunological markers for grouping samples

of different time points from the same patients. This study

demonstrates that QOT is a reliable and flexible method for

analysis of mass cytometry data of patients to capture immune

response heterogeneity, improving the identification of unstable

immunological markers and improving patient health.

Antiretroviral therapy (ART) is effective for mitigating

human immunodeficiency virus transmission from mother to

child. However, there are concerns on potential long-term

impacts of ART on offspring health. The gut microbiome

contains a huge number of microorganisms, including many

types of bacteria. The population of gut bacterial and the

produced short-chain fatty acids in the offspring of an ART

treated mother can be used to evaluate the health effects of the

offspring. [8] investigated the potential long-term effects of ART on

offspring health through analyzing gut microbiota populations and

short-chain fatty acids concentrations in aged rat offspring with

ART exposure in utero and during lactation. In this study, pregnant

rats received a combination of antiretroviral drugs at two different

doses during gestation and lactation, and their offspring’s fecal

bacterial abundance and short-chain fatty acid concentrations at

12 months of age were analyzed. They found that Firmicutes in

males were decreased, while Actinobacteria in both males and

females were increased. However, the metabolic products (short

chain fatty acids) and immune factors (IgA) remained stable. This

study suggests a need for further understanding of the long-term

effects of ART on offspring and points to future pathways for

monitoring offspring health.

Collectively, these articles highlight the advances

accomplished to demonstrate the impact of AI in the real

world, both to revolutionize biomedical research and enhance

public health.

This editorial reflects the views of the authors and does not

necessarily reflect those of the U.S. Food and Drug

Administration.
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Development of a
comprehensive open access
“molecules with androgenic
activity resource (MAAR)” to
facilitate risk assessment of
chemicals

Fan Dong1, Barry Hardy2*, Jie Liu1, Tomaz Mohoric2,
Wenjing Guo1, Thomas Exner2, Weida Tong1, Joh Dohler2,
Daniel Bachler2 and Huixiao Hong1*
1National Center for Toxicological Research, US Food and Drug Administration, Jefferson, AR,
United States, 2Edelweiss Connect Inc., Durham, NC, United States

Abstract

The increasing prevalence of endocrine-disrupting chemicals (EDCs) and

their potential adverse effects on human health underscore the necessity

for robust tools to assess andmanage associated risks. The androgen receptor

(AR) is a critical component of the endocrine system, playing a pivotal role in

mediating the biological effects of androgens, which are male sex hormones.

Exposure to androgen-disrupting chemicals during critical periods of

development, such as fetal development or puberty, may result in adverse

effects on reproductive health, including altered sexual differentiation,

impaired fertility, and an increased risk of reproductive disorders.

Therefore, androgenic activity data is critical for chemical risk assessment.

A large amount of androgenic data has been generated using various

experimental protocols. Moreover, the data are reported in different

formats and in diverse sources. To facilitate utilization of androgenic

activity data in chemical risk assessment, the Molecules with Androgenic

Activity Resource (MAAR) was developed. MAAR is the first open-access

platform designed to streamline and enhance the risk assessment of

chemicals with androgenic activity. MAAR’s development involved the

integration of diverse data sources, including data from public databases

and mining literature, to establish a reliable and versatile repository. The

platform employs a user-friendly interface, enabling efficient navigation

and extraction of pertinent information. MAAR is poised to advance

chemical risk assessment by offering unprecedented access to information

crucial for evaluating the androgenic potential of a wide array of chemicals.
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The open-access nature of MAAR promotes transparency and collaboration,

fostering a collective effort to address the challenges posed by

androgenic EDCs.

KEYWORDS

androgen receptor, risk assessment, chemicals, database, open access

Impact statement

The prevalence of endocrine-disrupting chemicals (EDCs) and

their potential health impacts necessitate robust tools for risk

assessment. The androgen receptor is crucial in mediating the

effects of male sex hormones, with disruption during critical

developmental periods leading to reproductive health issues. To

address this, the Molecules with Androgenic Activity Resource

(MAAR) was developed. MAAR integrates diverse data sources to

create an open-access platform facilitating chemical risk assessment.

By offering easy navigation and extraction of androgenic activity

data, MAAR enhances transparency and collaboration in addressing

the challenges posed by androgenic EDCs.

Introduction

Endocrine-active chemicals are exogenous compounds that

affect the endocrine system of humans and other vertebrates.

Endocrine activity of chemicals has the potential to cause

numerous adverse outcomes, including disrupting physiological

function of endogenous hormones and altering homeostasis [1, 2].

Evidence that certain man-made chemicals can disrupt the

endocrine system by mimicking endogenous hormones sparked

intense international scientific discussion and debate starting some

24 years ago [3]. These discussions culminated in issuance of

legislation that reauthorized the Safe Drinking Water Act1 and

authorization of the 1996 Food Quality Protection Act mandating

that the US Environmental Protection Agency (EPA) develop a

program for screening and testing chemicals with endocrine

disrupting potential2. In 2015, the US Food and Drug

Administration (FDA) published guidance to provide

recommendations to sponsors of investigational new drug

applications, new drug applications, and biologics license

applications regulated by the FDA’s Center for Drug Evaluation

and Research (CDER) regarding nonclinical studies intended to

identify the potential for a drug to cause endocrine-related

toxicity3. FDA’s National Center for Toxicological Research

(NCTR) developed a program to meet the need for information

systems focused on aggregating knowledge of chemicals with

experimental results relevant to endocrine activity. These efforts

resulted in the development of the endocrine disruptors knowledge

base (EDKB) [4] and estrogenic activity database (EADB) [5],

which have been used to help identify endocrine active chemicals,

develop predictive toxicology models, and prioritize chemicals for

laborious and expensive testing [6–22]. However, as of today,

androgenic activity data have not been comprehensively curated

into a database.

Androgen receptors (ARs) are ligand-dependent

transcription factors that belong to the nuclear receptor

superfamily [23]. ARs are widely expressed in various tissues

within the body [24]. They are the targets for drugs to treat

hormone-related diseases including cancers of prostate, breast,

ovary, pancreas, etc. [25]. On the other hand, chemicals can

interfere with the endocrine system by interacting with ARs,

which result in adverse effects [26]. Therefore, estimation of the

androgenic activity of drugs and other chemicals is critical for the

evaluation of drug safety and assessment of chemical risk.

Over the past decades, large numbers of chemicals have been

assayed for androgenic activity by government agencies,

industry, and academic research groups, with the results of

these studies reported in the public domain. However, the

data are distributed across different and diverse sources,

obtained in multiple diverse assays, and stored in different

formats, limiting the use of the data in research and

regulation. Therefore, a comprehensive and reliable resource

to provide open access to the data and enable modeling and

prediction of androgenic activity for untested chemicals could

facilitate advancement in developing strategies to mitigate the

AR-driven toxicity and risk. To enable and optimize the use of

the data generated by these studies, we have developed and are

maintaining a comprehensive open access resource called

Molecules with Androgenic Activity Resource (MAAR) to

provide the scientific and regulatory communities with an up-

to-date androgenic activity database for evaluating potential

endocrine activity of chemicals.

Materials and methods

Data collection

Androgenic activity data were collected from multiple

sources which encompass published literature and public

1 http://www.epa.gov/safewater/sdwa/index.html

2 http://www.epa.gov/scipoly/oscpendo/

3 https://www.fda.gov/media/86996/download
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databases including PubChem [27], ChEMBL [28], BindingDB

[29], EDKB [4], ToxCast [30], and the Comparative

Toxicogenomics Database (CTD) [31]. Java programs were

developed to automatically retrieve androgenic activity data

points and associated data such as chemical structures, assays,

species, and references from these public databases. In addition,

androgenic activity data in the literature were manually searched

and extracted. The collected androgenic activity data include

both quantitative measurements for active compounds and

qualitative descriptions for inactive chemicals. Figure 1 gives

the sources from which the androgenic activity and related data

were collected and the four types of data that were included in

this database.

Data curation

After data were collected from individual sources, data were

pre-processed and integrated before they were implemented

into the database. Given potential duplications in the data

collected from different sources, an automated pre-process

program was devised to check and remove duplicated data

records by comparing chemicals, activity data, assays, and

references. This program identified and removed duplicates

by comparing CID, ChEMBL ID, PubMed ID, endpoint values,

and assay descriptions across data sources. Geometric and

optical isomers are considered duplicates only if they have

the same CID or ChEMBL ID. This program also ensured

data uniformity by transforming all collected activity data into

standardized units. For different activity values of a compound

from different sources where inconsistencies were found, a

manual review was conducted to determine the most reliable

value by examining the assay details. Following a cleaning

procedure that removed duplicates to keep unique

androgenic activity data, the pre-processed data were

combined to make the final data that were included in the

database. This program was developed in Java. It processes text

file containing all activity information, specifies columns used

for comparison, and identifies both duplicate and unique

activity records to ensure that non-redundant data is

included in the final dataset.

Data model

The data implemented in the database were organized

into four categories: androgen activity data, references,

assays, and chemical information. Properties for each of

the four categories are summarized in Tables 1–4. The

four tables are interconnected through Chemical ID, Assay

ID and Reference ID as depicted in the database schema

in Figure 2.

FIGURE 1
Androgenic Activity Data Collection and Curation. Data
collection sources including ChemBL, PubChem, BindingDB,
EDKB, CTD, Toxcast. After data pre-processing steps, Androgenic
Activity Data are curated into four categories: Activity Data
information, Reference information, Assay information, Chemical
information.

TABLE 1 Reference data table.

Data field Description

Reference ID Internal ID for reference

PMID PubMed ID for reference

Journal_Name Reference journal name

Year Publication year

Volume Volume number

Issue Issue number

First_Page First page number

Author Author names

Title Publication title

TABLE 2 Assay data table.

Data field Description

Assay ID Internal ID for assay

Description Description of assay

Assay_Name Assay name

Assay_Group Assay group, e.g., HTS, Reporter gene

Assay_Format Assay format, e.g., cell-based, protein-based

Assay_Type Assay type, e.g., Agonist, Antagonist

Species Species assay based on, e.g., Homo sapiens

AID Bioassay AID in PubChem

ChEMBL Assay ID Assay ID in ChEMBL.
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Database design

The curated tables were put into a cloud-based database

based on EdelweissData that was developed by Edelweiss

Connect, GmbH to tackle data management issues in life

sciences. Some of the advantages offered by the EdelweissData

solution are:

- Each published dataset is assigned a unique URL and is

easily accessible through a web browser.

- Published datasets are automatically versioned.

- Published datasets are static, i.e., they cannot be changed

unless a newer version is published.

- Published datasets are immediately available through a web

service and can be consumed by numerous data analysis

tools (Python, R, Excel, KNIME, etc.) via REST API (see

also section Data model).

- Flexibility - there is no predefined schema for published

datasets. Instead, the schema is inferred from the data

during publishing. This allows for a quick and easy

consumption of datasets with various structures.

Database implementation - EdelweissData

TheMAARDatabase is built as a simple web application with

a back-end supported by EdelweissData and a front-end that lets

the user easily explore the database. The most common use cases

(such as search by compound or chemical similarity) are well

covered by the web application as is, while more advanced

queries or analyses could be made through the API

(Application Programming Interface) enabled by EdelweissData.

Results

Data collected and curated

In total, 125,519 androgenic activity data points for

13,648 chemicals were collected and curated from multiple sources

and included in the MAAR database. These data were obtained from

923 assays. Table 5 lists the statistics of the data collected.

The androgenic activity data are presented in two types. The

first type is quantitative value and 48,273 data points are in this

type. A quantitative activity value indicates the androgenic

TABLE 3 Androgen activity data table.

Data field Description

Activity ID Internal ID for activity data

Chemical ID Internal ID for chemicals

Assay ID Internal ID for assays

Reference ID Internal ID for references

Endpoint Activity endpoint, e.g., IC50, AC50, LogRBA

Relation Relation to describe activity value, e.g., >, =, <

Value Activity value from endpoint measurement

Units Activity data unit, e.g., nM, %

Download Database where data downloaded, e.g., PubChem,
ChEMBL

Curation/Data source Date source, e.g., literatures, US Patent, Tox21, Abbott
Labs

TABLE 4 Chemical data table.

Data field Description

Chemical ID Internal chemical ID of chemical

IUPAC_NAME IUPAC name of chemical

Name Chemical name used in the system

Synonyms Chemical synonyms (a string separated by “|”)

SMILES SMILES string of chemical

InChIKey A fixed-length format directly derived from InChI

InChI International Chemical Identifier

Molecular_weight Molecular weight

Molecular_formula Molecular formula

CAS Chemical CAS registry number

CID Compound ID in PubChem

CHEMBL_ID Compound ID in ChEMBL

BindingDB_ID Compound ID in BindingDB

FIGURE 2
Database schema.
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activity is numerically determined. Another type of data is

qualitative androgenic activity that is described using

qualitative terms: active or positive indicates a chemical was

tested using an assay and activity was observed but could not be

numerically determined; inactive or negative means a chemical

did not show androgenic activity in an assay; inconclusion or not

determined or unspecified implies activity of a chemical in an

assay was not able to be determined. There are 77,246 data that

are qualitative. The data were generated using 923 assays,

including 379 binding assays, 358 reporter gene assays, 86 cell

proliferation assays, 60 in vivo assays, 24 high-throughput

screening assays (HTS), and 16 other assays that could not be

clearly put into any type of assays. Species used in the activity

testing are also included in the database, including Bos taurus,

Chimpanzee, Chinese hamster, Homo sapiens, Mus musculus,

and Rattus norvegicus. Information on species for some assays

could not be determined in the sources, and thus they are missed

for the data generated using such assays.

A chemical could be tested in many laboratories using

multiple assays. All androgenic activity data for the same

chemicals were collected and presented in this database. The

distribution of androgenic activity data for the same chemicals is

given in Figure 3.

The same chemical is often tested by a variety of assays and

has multiple data records. Of the 13,648 chemicals in the

database, 2,504 have only one androgenic activity data and

the remaining 11,144 have more than one data. Many

chemicals have more than 10 androgenic activity data

reported and are included in this database. For example,

3,481 chemicals have 11 data records, and 54 chemicals even

have more than 40 data records. The androgenic activity data

obtained from the same type of assays in different laboratories

could be inconsistent. For example, 127 chemicals each have four

androgenic activity data generated using binding assays. As

shown in Figure 4, 79 chemicals are active for all four data

(100% active) and 11 chemicals consistently show inactive (0%

active), while the other (37 chemicals) have inconsistent

androgenic activity data: one active and three inactive for

15 chemicals, three active and one inactive for six chemicals,

and two active and two inactive for 16 chemicals. This database

presents all androgenic activity data reported in different sources.

Assessing data quality and selecting data for specific applications

such as QSAR (quantitative structure-activity relationship)

modelling are critically important. Users should make

decisions on how to use the data tailored to their applications.

Web resource

The MAAR database is made available through a web portal

as an open science resource based on open data provided

according to a Creative Commons license. We have

established the resource as part of the OpenTox open

knowledge infrastructure located at4. The main initial

functionality supported allows the user to search for

compounds or chemically similar compounds in the database

(Figure 5). The portal also supports the location of community-

generated notebooks providing additional analysis of the data,

starting with illustrative examples we have provided (see sections

Method and Application Programming Interface).

TABLE 5 Statistics of the data collected in the androgenic activity
database.

Chemicals 13,648

Activity data Quantitative data 48,273

Qualitative data Active 723

Inactive 71,630

Not determined 4,893

Total 125,519

Assays Binding 379

Reporter gene 358

Cell proliferation 86

In vivo 60

HTS 24

Other 16

Total 923

Species 6

FIGURE 3
Distribution of androgenic activity data for the same
chemical. Each bar represents the number of chemicals. X-axis
indicates the number of data records for the same chemicals. The
chemicals with 41–50 data records were grouped into the
bar with x-axis value 41 and the chemicals with more than 50 data
were grouped in the last bar with x-axis value 42.

4 https://opentox.net/MAAR/
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Application programming interface (API)

The MAAR database comes with a versatile API that

simplifies the consumption of the data into other applications.

Common data analysis tools that support Representational State

Transfer (REST) APIs can obtain data in the database through a

simple web request. In this way data can be easily transferred into

a Python or R script/notebook, KNIME, Microsoft Excel, etc. To

make it even easier for users, an example of an API call in Python

and curl5 is provided in the web application and could be copy-

pasted to the user’s script/notebook. API documentation is

available from the EdelweissData main website6.

For the purpose of demonstrating programmatic data

retrieval from the database, we show an example of how a

particular dataset could be accessed with a web request. Each

assay dataset in the database has its own unique ID and when the

URL pointing to that dataset is called the database returns the

dataset in the JSON format. For a dataset inside the database the

URL for dataset with ID “21b033c5-d048-41f5-b8a1-

d5d8492f7048” would be the following: 7. And the response

from the database is shown in Figure 6.

Notebooks

The REST API service mentioned above is very well suited for

different interactive notebooks that are nowadays a common tool

for data analysis and visualization. There are many different

notebooks available today that differ in the language,

interactivity, etc. To build an interactive notebook for

visualization of the MAAR data we decided to use Observable

HQ notebooks8 as they offer in our opinion a very good user

experience even for technically less skilled users. The

programming language in Observable notebooks is JavaScript,

which is typically not the language of first choice for data analysis,

however, it is very well suited for interactive visualizations that

work as a web page.

The Observable notebook9 for the MAAR database is

available through a URL and can be easily shared with

anyone. The notebook addresses a simple use case where a

user wants to search the database for a particular compound.

The notebook returns a list of chemically most similar

compounds (based on the Tanimoto chemical similarity – see

Figure 7, left) together with their activities in the assays. In the

next step, users can narrow down the set of activities by filtering

the assays based on format, group, type, species, or endpoint.

Finally, the subset of compounds (on x axis) and their activities

(colors) in various assays (y axis) is displayed as a heatmap

(Figure 7, right).

Discussion

Androgens are hormones that play a key role in the

development and maintenance of male characteristics.

Understanding the androgenic activity of chemicals is

important for assessing chemical risk through endocrine

disruption. Therefore, androgenic activity data are important

for comprehensive chemical risk assessments, providing insight

into the potential endocrine-disrupting effects of substances and

helping to establish guidelines and regulations to protect human

health and the environment.

Vast amounts of androgenic activity data have been generated

and reported in the public domain for many chemicals. However,

accessing and using androgenic activity data in the public domain

may pose several challenges. First, androgenic activity data are

contained in different and diverse sources in the public domain.

The lack of comprehensive datasets can hinder applications in

chemical risk assessment. Second, the importance of data quality

and reliability in scientific research cannot be overstated [32, 33].

Sound scientific conclusions rest on the foundation of accurate and

trustworthy data. The reliability and accuracy of available

androgenic activity data vary. Incomplete or poorly curated

datasets can compromise the validity of research findings.

Third, androgenic activity data are sourced from various

studies, experiments, or databases, leading to heterogeneity in

data formats and measurement techniques. Lack of

FIGURE 4
Ratio of active data among 4 binding assay data for
127 chemicals. Each bar represents the number of chemicals.
X-axis indicates the ratio of active data.

5 https://en.wikipedia.org/wiki/CURL

6 https://edelweissdata.com/docs/about

7 https://api.aadb.cloud.edelweissconnect.com/datasets/21b033c5-d048-
41f5-b8a1-d5d8492f7048/versions/latest

8 https://observablehq.com/

9 https://observablehq.com/@saferworldbydesign/aadb-notebook
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standardized protocols for androgenic activity assessment can

make it challenging to compare data from different sources.

Finally, without sufficient metadata or contextual information,

it may be challenging to interpret and utilize androgenic activity

data accurately. Inter-laboratory and species-specific variations in

androgenic responses can complicate the interpretation of

androgenic activity data. Therefore, to facilitate utilization of

the available androgenic data in chemical risk assessment, we

aim to develop an open resource of androgenic activity data of

molecules so that the huge amount of androgenic activity data

generated in the scientific community could be used to accelerate

and improve chemical risk assessment.

In this article we report the development of an open science

data resource for androgenic activity data. We followed

FIGURE 6
JSON response from the database.

FIGURE 5
User interface of the web resource.
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principles established in previous projects including OpenTox10,

OpenRiskNet11 and EU-ToxRisk12 [34–41]. The work includes

the careful collection and curation of data entering the database

and a data model which includes harmonized data to structure

the data in a database. Resource functionalities aligned to the

FAIR (findability, accessibility, interoperability, and reusability)

principles in the preparation and sharing of open science data

and supporting further initiatives and use of the project

knowledge. We also paid attention to data integrity principles

in the construction of the database and the provision of data

through harmonized application programming interfaces,

supporting the building of web applications making reliable

use of the data. This approach should support analysis and

modelling goals of the community in making use of the open

knowledge resource created by this work.

The MAAR database is an extensive compilation of

chemical compounds, systematically curated and annotated

for their androgenic properties, providing researchers,

regulators, and industry stakeholders with a comprehensive

resource for in-depth investigations. To evaluate the structural

coverage of chemicals in the MAAR, we computed chemical

spaces for both the MAAR and Tox21 [42] datasets using

Mold2 descriptors [43, 44]. Following the methodology

outlined in our previous studies [19, 45], we performed

principal component analysis to represent the chemical space

for each dataset. Figure 8 illustrates the first three principal

components of the compounds in MAAR and Tox21,

demonstrating that the structural coverage of MAAR closely

resembles that of Tox21. This comparison confirms that MAAR

includes structurally diverse set of compounds, making it

suitable for a wide range of applications. Development of the

FIGURE 7
Two sections of the AADBObservable notebook: user interface for entering the input parameters (left) and visualization of filtered results (right).

FIGURE 8
Chemical spaces of MAAR and Tox21. Compounds in MAAR
and Tox21 are plotted as blue and red circles, respectively. The x-,
y-, and z-axes give the first three principal components.

10 https://opentox.net/

11 https://openrisknet.org/

12 www.eu-toxrisk.eu
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MAAR database represents a significant stride towards a more

comprehensive and accessible approach to assessing the

androgenic activity of chemicals. By providing a centralized

platform for data integration and analysis, the MAAR database

is poised to enhance our understanding of androgenic

endocrine disruption and contribute to the development of

effective risk management strategies in the face of evolving

chemical landscapes.

Conclusions

We have reported here on a useful curated database for

androgenic activity provided as an open science resource to the

community, and available to enable searches for relevant

information on the presence or absence of evidence on

androgenic activity of compounds. We have also provided a

model and resource with interfaces supporting additional

community members to build additional analysis and modelling

applications that work with the database. We hope the resource

will prove useful and encourage additional development of the

resource including addition of new data and its analysis.
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Abstract

Screening tests for disease have their performance measured through sensitivity

and specificity, which inform how well the test can discriminate between those

with and without the condition. Typically, high values for sensitivity and specificity

are desired. These two measures of performance are unaffected by the outcome

prevalence of the disease in the population. Research projects into the health of

the American Indian frequently developMachine learning algorithms as predictors

of conditions in this population. In essence, these models serve as in silico

screening tests for disease. A screening test’s sensitivity and specificity values,

typically determined during the development of the test, inform on the

performance at the population level and are not affected by the prevalence of

disease. A screening test’s positive predictive value (PPV) is susceptible to the

prevalence of the outcome. As the number of artificial intelligence and machine

learning models flourish to predict disease outcomes, it is crucial to understand if

the PPV values for these in silicomethods suffer as traditional screening tests in a

low prevalence outcome environment. The Strong Heart Study (SHS) is an

epidemiological study of the American Indian and has been utilized in

predictive models for health outcomes. We used data from the SHS focusing

on the samples taken during Phases V and VI. Logistic Regression, Artificial Neural

Network, and Random Forest were utilized as in silico screening tests within the

SHS group. Their sensitivity, specificity, and PPV performance were assessed with

health outcomes of varying prevalence within the SHS subjects. Although

sensitivity and specificity remained high in these in silico screening tests, the

PPVs’ values declined as the outcome’s prevalence became rare.Machine learning

models used as in silico screening tests are subject to the same drawbacks as

traditional screening testswhen the outcome to be predicted is of low prevalence.

KEYWORDS

artificial intelligence, machine learning, screening test, American Indian, low
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Impact statement

Artificial Intelligence (AI) and Machine Learning (ML)

techniques are increasingly integrated into screening and

diagnostic models to pinpoint individuals at risk of specific

diseases or medical conditions. However, with the rise in

popularity of AI and ML, the literature (and internet) is

flooded with reports on computer-based prediction and

screening tests, often focusing more on showcasing the

technique rather than discussing their screening and

diagnostic performance. In particular, there is a proliferation

of algorithms created for minority groups, including the

American Indian. A motivating factor in creating an in silico

screening exam for American Indians is that this population, as a

whole, experiences a greater burden of comorbidities, including

diabetes mellitus, obesity, cancer, cardiovascular disease, and

other chronic health conditions, than the rest of the U.S.

population. This report evaluates these AI algorithms for the

American Indian like a screening test in terms of performance in

low prevalence situations.

Introduction

Artificial Intelligence (AI) and Machine Learning (ML)

techniques are increasingly integrated into screening and

diagnostic models to pinpoint individuals at risk for specific

diseases or medical conditions [1]. However, with AI’s and ML’s

rise in popularity, the literature (and the internet) is flooded with

reports on computer-based prediction and screening tests, often

focused more on showcasing techniques than discussing their

screening and diagnostic performance. Advances in computer

processing speed, increasing numbers of data scientists, low- to

no-cost programming libraries, and availability of larger

healthcare data sets have driven the proliferation of AI

algorithms [2]. Kumar et al. have listed a sampling of

prediction algorithms and data sets, including those for

outcomes in Alzheimer’s disease, cancer, diabetes, chronic

heart disease, tuberculosis, stroke, hypertension, skin disease,

and liver disease, among others [3]. Notwithstanding the

proliferation of algorithms, AI is positioned to considerably

enhance the accuracy and efficiency of screening tests.

Specifically, ML algorithms can be trained on extensive data

sets to discern patterns and make predictive analyses based on

those patterns. Rapid expansion of AI technology, coupled with

enhanced computing power in health screening, underscores the

necessity for evaluating the algorithm’s performance and quality

of these algorithms [4].

The U.S. Government Accountability Office conducted a

technology assessment noting that AI and ML offer

advantages in analyzing underserved populations [5].

However, one challenge of utilizing AI in epidemiology

pertains to the underrepresentation or absence of minority

groups within these algorithms’ training data sets [6]. Also,

screening test performance may vary in minority populations

due to their differences in disease prevalence from non-minority

populations.

Many AI and ML methods for predicting disease in non-

minority populations are recalibrated for minority groups. For

example, an ML algorithm for mortality prediction based on

chronic disease was recalibrated for the population of South

Korea; this adjusted index showed a greater mortality prediction

than the original algorithm [7]. Another effort adjusted this

mortality prediction algorithm using hospital discharge

abstracts from six countries [8].

In terms of minority status, American Indians are sometimes

referred to as the “minority of the minority” or the “invisible

minority,” given their small population, cultural identity,

languages, and histories that set them apart from other

groups. Focusing on AI and ML can offer advantages in

analyzing these underserved populations, who, like American

Indians, bear a greater burden of certain health conditions

[9–11]. This study focused on in silico AI and ML screening

tests explicitly designed for the American Indian population.

The number of in silico diagnostic and screening tests has

grown exponentially over the last decade, with many of these

utilizing data sets based on American Indians. Our study serves

as a reminder that in silico screening tests, even when classified as

AI or ML algorithms, are still subject to the same limitations

related to disease prevalence as those of their laboratory-based

counterparts.

Popularization of Pima Indian data

Several research articles in the public domain report on AI

and ML algorithms for diabetes classification in the Pima Indian

population. A contributing factor is the availability of numerous

Pima Indian data sets provided to the AI community through

platforms like Kaggle, a popular resource for AI and ML

algorithm developers [12]. However, these studies often

overlooked the differences in disease prevalence among

different populations and the potential consequences of

applying algorithms trained specifically on one population

to another.

Examples of ML algorithms for diabetes classification in

Pima Indians sampled from the literature include Support

Vector Machines, Radial Basis Function, Kernel Support

Vector Machines, K-Nearest Neighbor, Artificial Neural

Networks, Fuzzy Support Vector Machine, Naïve Bayes

Classifier, J48 Decision Tree, and a Random Forest Classifier

[13–15]. Some of the articles in this sample failed to recognize the

high prevalence of diabetes among the Pima Indians and the

impact of disease prevalence on screening test performance, and

tended to focus solely on the methods used to perform the

classifications [14].
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The Strong Heart Study models

The Strong Heart Study (SHS) has played a significant role in

identifying risk factors and patterns related to cardiovascular

disease (CVD) in American Indian communities. It included

12 tribes located in Oklahoma, Arizona and the Dakotas.

Statistical models developed using SHS data have informed

interventions and public health policies targeting CVD. SHS

data were also used in developing ML models and risk-based

calculators addressing hypertension, diabetes, and coronary

heart disease (CHD) [16–18].

AI and ML risks with American Indian
data sets

However, potential risks are also associated with using ML in

American Indian contexts. One notable concern involves the risk

of ML algorithms perpetuating biases and stereotypes about

American Indian communities. Specifically, algorithms trained

on data sets that reinforce biases and stereotypes about American

Indians could inadvertently foster further inequities against a

population group frequently underrepresented in AI/ML

training data sets for applications such as virtual screening

tests. A lack of training data can also result in inaccuracies; a

recent example involved an image recognition application

identifying an American Indian in native dress as a bird [19].

To mitigate such risks, ML researchers and developers need to

collaborate closely with American Indian communities to ensure

their technologies are developed ethically and respectfully.

Collaborations could entail establishing research partnerships

with American Indian communities, involving community

members in designing and developing ML models, and

ensuring that models are built using unbiased and culturally

sensitive data sets, like those of the SHS.

Traditional screening test performance

Traditional screening test performance is typically based on a

gold standard in which an individual’s true disease status is

known to establish the test’s sensitivity, specificity, positive

predictive value (PPV), and negative predictive value (NPV).

The test’s sensitivity and specificity inform its effectiveness in

identifying the proportion of people in the population with and

without the condition of interest [20]. Sensitivity is the ability of

the test to correctly identify those with the condition, while

specificity is the ability of the test to correctly identify those

without it. Sensitivity can be calculated from the column of those

truly positive for the condition, while specificity is derived from

the column of those truly negative for the condition in Figure 1.

Among these metrics, the PPV holds clinical significance for

both healthcare providers and patients. The PPV is a conditional

probability that the tested individual has the disease, given that

they tested positive. A high PPV indicates effective identification

of individuals with the tested condition, guiding further testing,

diagnosis, and treatment decisions. The PPV is calculated from

the row in Figure 1 that represents those subjects who tested

positive for disease.

As disease prevalence decreases, screening test performance

decreases, particularly concerning the PPV. This decline can lead

to situations where accuracy and sensitivity remain high, giving a

false impression of a well-performing test due to the increased

number of false positives (FP). For example, in a population of

1,000 people with a disease prevalence of 40%, a test with a

sensitivity of 90% and specificity of 80% will produce a PPV of

75%. If the disease prevalence is lowered to 10% in this same

population, the PPV drops to 33.33%; hence, the prevalence

dominates in screening for rare diseases [21]. Therefore,

healthcare providers should consider these factors when

interpreting the PPV for further testing and treatment decisions.

While sensitivity and specificity provide information about

test performance across populations, PPV is often more relevant

in clinical practice. It helps physicians assess the likelihood of

disease presence after a positive test result, especially in

populations with low disease prevalence. If the disease

outcome becomes increasingly rare, the algorithm will likely

always predict the absence of disease, leading to high accuracy

but poor PPV [22].

This study aimed to develop and evaluate three popular and

commonly used AI andML techniques as in silico screening tools

for predicting three chronic conditions with differing prevalences

in the SHS population: peripheral artery disease (PAD),

hypertension, and type 2 diabetes. Specifically, we predicted

the disease outcome using epidemiological data with methods

including artificial neural networks (ANNs), random forest (RF),

and logistic regression (LR). Unlike their traditional laboratory-

based counterparts, these in silico tests do not have pre-

determined sensitivity or specificity; rigorous testing has not

been performed using a gold standard to establish these values.

Our simulations provided a glimpse of the sensitivity, specificity,

and PPV of these in silico screening tests, as these values changed

in response to differing disease prevalences. We hypothesized

that these in silico screening tools tailored to the American Indian

population would show reduced performance as disease

prevalence declines, regardless of the AI or ML method.

This research serves as a reminder that the limitations of

screening tests regarding disease prevalence still apply, whether

those tests are in silico AI or ML algorithms or traditional

screening tools.

Materials and methods

LR, ANNs, and RFs are well-known methods for creating in

silico screening tests. While RFs operate as a nonlinear model, LR
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requires a linear relationship with the regression coefficients.

ANNs present a more intricate approach, often featuring

multiple layers commonly known as deep learning. AI and

ML can potentially enhance screening for various medical

conditions by illuminating linear and nonlinear data

relationships. Nonetheless, it is crucial to acknowledge that

the application of AI in medical research and screening exams

is still nascent, and concerns over AI algorithms’ accuracy and

reliability linger.

Longitudinal epidemiological SHS data set

The SHS began in 1988 as a multi-center, population-based

longitudinal study of cardiovascular disease (CVD) and its risk

factors among American Indians. The study had three phases: a

clinical examination, a personal interview, and an ongoing

mortality and morbidity survey [23]. Participants from

12 different American Indian tribes were recruited from

Arizona, Oklahoma, and the Dakotas, aided by volunteers

from each community who promoted participation [24].

Phase II of the SHS, examining changes in risk factors for CVD in

the original cohort, occurred between 1993 and 1995. The Strong

Heart Family Study (SHFS), launched in Phase III (1998–1999),

investigated genetic determinants of cardiovascular disease and

extended recruitment to the original cohort’s family members aged

18 years and older [25]. Phase IV (2001–2003) involved surveillance

of the original cohort plus 90 families to continue the study of genetic

markers for CVD [26]. The PhaseV exam (2006–2009) continued the

SHFS, which began in Phase III; all participants fromPhase III and IV

were invited to participate in examinations conducted at local Indian

Health Service hospitals, clinics, or tribal community facilities [27]. In

Phase VI (2014–2018), all surviving participants were invited to

complete a medical questionnaire, and continued the morbidity

and mortality surveillance continued.

Physicians on the SHS Morbidity and Mortality (M & M)

review committee examined the types of health-related events

requiring hospital treatment and subsequent causes of mortality,

when it occurred. Two of these physicians independently reviewed

fatal events for cause, with the results reconciled by a third

physician. In addition, one physician reviewed the medical

records regarding study participant’s non-fatal events to verify

specific diagnoses (i.e., stroke). This surveillance occurred yearly

for both the original cohort and family cohort participants.

The available 2,468 Phase V SHS participants were divided

into development and training cohorts (80%), while the

remaining sample (20%) was assigned to a testing cohort. The

training cohort generated the model weights, while the testing

cohort assessed the algorithm’s quality.

A 1-year time-to-event data set for this study was constructed

from the examination date in Phase V. The M &M results and all

Phases of SHS data will cumulatively provide information on the

subject’s medical conditions and mortality outcomes. Basic

descriptive demographic statistics by gender, age, and

comorbidity, including the numbers and percentages for

binary variables, are listed in Table 1.

Data labels for hypertension and diabetes already existed

within the SHS Phase V data set but did not include a specific

label for PAD. The data included the participants’ right and left

FIGURE 1
Calculations of sensitivity, specificity, PPV, and NPV for screening tests usually have their performance metrics determined via a gold standard.
The numbers of true positives and negatives are represented by TP and TN, respectively. Likewise, the numbers of false positives and negatives are
represented by FP and FN.

TABLE 1 Age, gender, and medical condition of SHS Phase V
participants.

Medical condition All Male Female

N (%) 2,468 977 (39.59) 1,491 (60.41)

Age (years)

Mean (SD) 45.55 (16.41) 43.74 (16.00) 46.73 (16.58)

Median 44.40 42.70 45.70

Hypertension (%) 948 (38.41) 402 (42.41) 546 (57.59)

Diabetes (%) 631 (25.56) 240 (38.03) 391 (61.97)

PAD (%) 94 (3.81) 32 (34.04) 62 (65.96)
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ankle-brachial indexes (ABIs), which were used to define the

presence or absence of PAD. This study used a resting ABI of less

than 0.90 on either the right, left, or both sides, similar to that in

Virane et al., to indicate a PAD diagnosis. Participants were

coded as either 1 or 0 for the presence or absence of PAD,

respectively [28, 29].

LR, ANN, and RF were then used to model the PAD,

hypertension, and diabetes target features. These models ran

100 unique iterations of splitting and training the data, and

producing metrics from the test set. Metrics tracked for the

models were accuracy, specificity, sensitivity, PPV, and

NPV, which were averaged over 100 iterations for

each model type.

SAS version 9.4 was used to assemble the Phases of the SHS

into a single data set, while Python version 3.9.7 was used to

script the LR, RF, and ANN models.

FIGURE 2
Screening test diagnostics for logistic regression. Accuracy Specificity Sensitivity PPV NPV.

FIGURE 3
Screening test diagnostics for artificial neural networks. Accuracy Specificity Sensitivity PPV NPV.
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Results

Numbers of SHS participants reporting hypertension,

diabetes, and positivity for PAD are reported in Table 1.

More females thanmales participated in Phase V, comprising

over 60% of the study participants. In addition, women reported

higher percentages of hypertension, diabetes, and PAD

than did men.

Figures 2–4 show each model’s accuracy, sensitivity,

specificity, NPV, and PPV and reflect similar performance

patterns among all models. The PPV and sensitivity

measures seem to suffer the most as the outcome prevalence

declines, which is what is typically observed for a traditional

laboratory-based screening test. PPV and sensitivity decline for

all models but remain parallel for LR and appear to converge

within the ANN and RF models. As PPV and sensitivity decline

for the RF model, they converge to zero at an outcome

prevalence of 4% (PAD). Specific numerical values for each

model metric are recorded in Table 2 for all three chronic

conditions.

All three models reported accuracy and specificity values that

increased as the condition’s prevalence declined. These two

measures are roughly 95% or higher for PAD, regardless of

the model selected. Conversely, sensitivity and PPV decreased

as the prevalence declined, largely due to the increased number of

false positives. Although poor, the LRmodel reported the greatest

PPV of 18% for PAD, as compared to the ANN and RF, which

were at 9% and 0%, respectively.

The formulas for sensitivity and PPV in Figure 1 give insight

to the effect of false and true positives on these two metrics.

Traditional laboratory screening tests’ performance metrics are

usually determined via a gold standard. As the prevalence of the

TABLE 2 Summary of screening test diagnostics by method: logistic regression, artificial neural network, and random forest are represented by LR,
ANN, and RF.

Metric Model and chronic condition

Hypertension Diabetes PAD

LR ANN RF LR ANN RF LR ANN RF

Accuracy 78.99 76.00 79.35 81.49 77.66 82.18 95.57 94.56 95.99

Specificity 87.52 84.21 89.24 92.28 89.92 95.31 99.47 98.44 100.00

Sensitivity 64.79 62.41 62.88 44.59 36.06 37.26 2.40 2.07 0.00

PPV 75.61 73.62 77.75 62.88 61.77 70.13 18.06 9.04 0.00

NPV 80.63 79.87 80.12 85.08 83.52 83.88 96.06 96.00 95.99

FIGURE 4
Screening test diagnostics for random forest. Accuracy Specificity Sensitivity PPV NPV.
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condition declined, so did the number of true positives, while that

of false positives increased, driving down both the sensitivity and

PPV. Accuracy remained high as the true negatives grew,

inflating these metrics.

Discussion

LR, ANNs, and RFs are popular methods in the

burgeoning world of AI and ML. Although these methods

are quite different from one another, we can see that their

performance metric trends are similar in screening for disease

outcomes with varying prevalences. These performance

metrics give the developers of these methods an idea of

how a specific in silico screening method will perform in

the population it was designed to serve based on the

prevalence of the outcome.

Although these algorithms may have high predictive power,

as measured in terms of predictive accuracy, some are criticized

for lacking any causal reasoning [30]. For example, ANNs may

give reliable predictions for the end users; however, these end

users do not know how the algorithm came to a particular

conclusion. Thus, they are “black boxes” contributing little to

understanding a condition’s cause.

Regardless of the method used, the PPV declined in parallel

with the overall prevalence of the condition. The type of in silico

modeling approach is still subject to the same limitations as

those of traditional lab-based screening tests, an important

factor to remember as online screening tests become more

widespread. This study reminds us that regardless of the

approach used, in silico AI and ML screening tests are not

“magic bullets.” Their performance is still limited by the

prevalence of the disease in the populations they are

intended to serve.
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Abstract

Opioids exert their analgesic effect by binding to the µ opioid receptor (MOR),

which initiates a downstream signaling pathway, eventually inhibiting pain

transmission in the spinal cord. However, current opioids are addictive, often

leading to overdose contributing to the opioid crisis in the United States.

Therefore, understanding the structure-activity relationship between MOR

and its ligands is essential for predicting MOR binding of chemicals, which

could assist in the development of non-addictive or less-addictive opioid

analgesics. This study aimed to develop machine learning and deep learning

models for predicting MOR binding activity of chemicals. Chemicals with MOR

binding activity data were first curated from public databases and the literature.

Molecular descriptors of the curated chemicals were calculated using software

Mold2. The chemicals were then split into training and external validation

datasets. Random forest, k-nearest neighbors, support vector machine,

multi-layer perceptron, and long short-term memory models were

developed and evaluated using 5-fold cross-validations and external

validations, resulting in Matthews correlation coefficients of

0.528–0.654 and 0.408, respectively. Furthermore, prediction confidence

and applicability domain analyses highlighted their importance to the

models’ applicability. Our results suggest that the developed models could

be useful for identifying MOR binders, potentially aiding in the development of

non-addictive or less-addictive drugs targeting MOR.
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Impact statement

This work is crucial in addressing the opioid crisis by

focusing on the development of non-addictive or less-

addictive opioid analgesics. Current opioids, while effective for

pain relief, pose significant risks of addiction and accidental

overdose. By elucidating the structure-activity relationship

between the µ opioid receptor (MOR) and its ligands, this

study advances the field through the development of machine

learning and deep learning models to predict MOR binding

activity. Evaluated via rigorous cross-validation, the models

showed robust predictive capabilities. This research imparts

new insights into the prediction of MOR binding,

emphasizing the importance of prediction confidence and

applicability domain analyses. The developed models have the

potential to identify new MOR binders, significantly impacting

the field by guiding the design of analgesics that mitigate the risk

of addiction and overdose, ultimately improving patient safety

and public health outcomes.

Introduction

The opioid epidemic refers to the widespread misuse,

addiction, and overdose deaths associated with prescription

opioids and illicit drugs like heroin and synthetic opioids such

as fentanyl. For many years this crisis has been a significant

public health issue in the United States [1–3]. As reported by the

CDC, over 105,000 drug overdose deaths were recorded in the US

in 2022 [4]. Notably, between 2020 and 2021, the mortality rate

from drug overdoses involving synthetic opioids excluding

methadone rose by 22%, whereas deaths involving heroin

decreased by 32% [5]. Until recently, the predominant cause

of synthetic opioid-related deaths was attributed to fentanyl and

its analogs [5, 6]. Therefore, opioid use disorder (OUD) poses a

significant public health challenge, contributing to illness and

mortality through addiction, overdose, and associated medical

complications [7, 8]. Besides the public health issue, the opioid

crisis has also caused a severe economic burden. For example,

Florence et al. [9] projected the economic toll of the opioid crisis

at $1.02 trillion in 2017. This encompasses the staggering costs

attributed to lives lost from opioid overdose ($480.8 billion) and

the diminished quality of life resulting from OUD

($390.0 billion), collectively representing more than 85% of

the overall economic impact.

Numerous efforts have been dedicated to addressing the

opioid crisis, encompassing enhanced regulation of opioid

prescription practices [10–12], broadened accessibility to

addiction treatment and harm reduction services [13–15],

public awareness campaigns to highlight opioid risks [16, 17],

and steps aimed at decreasing the availability of illicit opioids [9,

18]. The profound addictiveness of opioids is closely linked to the

overdose fatalities caused by prescription opioids, heroin, and

illicit fentanyl. However, given the important role of prescription

opioids as powerful analgesics, outright prohibition of these

medications is not feasible [19, 20].

Opioid drugs achieve their analgesic effects by binding to

opioid receptors, including the μ opioid receptor (MOR) [21].

MOR is a primary target for analgesics. Since the discovery of

MOR in the 1970s, significant efforts have beenmade to elucidate

the relationship between the receptor and its ligands in the hopes

of guiding the development of new drugs with high analgesic

efficacy, fewer side effects, and a lower risk of tolerance,

dependence, and addiction [22, 23]. Numerous morphine-

based semi-synthetic opioids (such as oxycodone, heroin) and

fully synthesized opioids (such as fentanyl) have been developed;

nevertheless, none of these opioids have demonstrated both

safety and efficacy as analgesics [24]. Moreover, bringing a

new drug to market typically requires an investment of nearly

$2.6 billion and over a decade of time [25–27]. With the

increasing computational power and data sources,

computational modeling using machine learning and deep

learning has become a promising approach to reduce the time

and cost of new drug development [21, 28–36]. Multiple

computational models have been constructed for the binding

activity prediction of compounds to diverse opioid receptors

[37–42]. Floresta et al. [37] established three quantitative

structure-activity relationship models (one field-based 3D

model and two molecular fingerprint based 2D k-nearest

neighbors (kNN) models) based on a dataset of 115 fentanyl-

like compounds. Sakamuru et al. [38] generated models to

predict both agonistic and antagonistic activity of multiple

opioid receptors, including MOR, based on quantitative high-

throughput screening (qHTS) assay data. Pan et al. [39]

established a 3D-QSAR model to predict δ opioid receptors

binding activity. The training set included 46 compounds

collected from five publications. Feng et al. [40] developed

machine learning and deep learning models for predicting the

inhibitory activity of 75 proteins involved in opioid receptor

networks, including models for MOR trained on

4,667 compounds collected from the ChEMBL database, to

assess the screening and repurposing potential of more than

120,000 drug candidates targeting four opioid receptors.

Leveraging transfer learning, Provasi and Filizola [41]

constructed deep learning models for predicting the

bioactivity of opioid receptors using ligand-based and

structure-based molecular descriptors. Their MOR binding

activity predictive model was trained on 87 active compounds

from the IUPHAR/BPS Guide to Pharmacology database and

1,058 inactive chemicals from ChEMBL database, with inactivity

determined by a -log10 of Ki, IC50, or EC50 less than 5. However,

this approach raises concerns about model reliability, as many

compounds defined as inactive exhibited some agonistic or

antagonistic activity, increasing the potential for false

negatives. Instead of predicting MOR binding activity, Oh

et al. [42] developed machine learning and deep learning
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models for differentiating MOR agonists from antagonists. These

models were trained on a small dataset (755 agonists and

228 antagonists) and evaluated with an even smaller dataset

(15 agonists and 11 antagonists). The small size of the datasets

and the narrow chemical space of the compounds in training

these models limit the applicability of the developed models.

To enhance performance, robustness, and generalization

capability of MOR binding activity prediction models, large

sizes of diverse chemicals are needed in training the models.

Therefore, this study collected a large size of diverse chemicals

to construct machine learning and deep learning models for

MOR binding activity prediction. Moreover, multiple

machine learning and deep learning algorithms were

adopted. We first curated MOR binding activity data of

chemicals from public databases and publications. Machine

learning and deep learning models were then built using

multiple algorithms and validated by cross-validation and

external validation. Moreover, prediction confidence and

applicability domain (AD) derived from our models offer

additional metrics for more appropriate applications of our

models. Validation results demonstrate that the developed

models could help in identifying compounds that bind to

MOR, potentially facilitating the development of opioid drugs

with reduced addictive properties.

Materials and methods

Study design

Study design is illustrated in Figure 1. First, chemicals with

MOR binding activity data were curated from public databases as

the training dataset. Chemicals with qHTS assay data reported in

the literature were also curated. After removing chemicals that

are contained in the training dataset, some of the inactive

chemicals in qHTS assays were added to the training dataset

and the rest, including active and inactive chemicals, were used as

an external validation set. Molecular descriptors for the

chemicals in both training and external validation datasets

were then calculated using Mold2 [43, 44]. Five machine

learning and deep learning algorithms, including random

forest (RF) [45], kNN [46], support vector machine (SVM)

[47], multi-layer perceptron (MLP) [48], and long short-term

memory (LSTM) network [49], were applied in construct models.

FIGURE 1
Study overview. The data on chemicals and their MOR binding activity were curated from public databases and the literature. The dataset from
these databases was augmented with 1,727 non-binding chemicals sourced from the literature, forming the training dataset. The remaining
chemicals from the literature constituted the external validation dataset. Molecular descriptors were calculated using Mold2 and subsequently
filtered. Five algorithms—random forest, k-nearest neighbors, support vector machine, multi-layer perceptron, and long short-term
memory—were used to build predictive models. The training dataset underwent 50 iterations of 5-fold cross-validation. Models constructed using
the entire training dataset were then used to predict MOR binding on the external validation dataset. The performance of the models was evaluated
based on their cross-validation and external validation predictions, with an additional focus on analyzing prediction confidence and
applicability domain.
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In addition, a consensus model was generated by combining the

models built with each of these algorithms. Fifty iterations of 5-

fold cross-validations were conducted on the training dataset for

estimating the performance of the developed models. Models

were constructed on the entire training dataset using these

algorithms, and their generalizing capability in predicting

MOR binding activity of unseen chemicals was evaluated

using the external dataset. Multiple metrics were calculated for

measuring model performance. At last, prediction confidence

and AD were analyzed based on the predictions from both cross-

validations and external validations.

Data sources

Compounds with experimental MOR binding activity data

were curated from PubChem1, BindingDB2, and ChEMBL3

databases. Compounds having quantitative MOR binding

activity data such as IC50, Ki, and Kd values were designated

as binders. For compounds without quantitative binding activity

data, the qualitative binding activity description field was used to

determine if a compound is MOR binder or non-binder.

Compounds marked as “not determined” or “inconclusive”

were excluded. Compounds marked as “active” or “positive”

were assigned as binders, while chemicals marked as

“inactive” or “negative” were treated as non-binders.

Compounds with qHTS assay data on MOR used in

Sakamuru et al. [38] were downloaded from4. The data from

columns “OPRM agonist outcome” and “OPRM antagonist

outcome” in both the training and validation datasets were

used. A compound is inactive in both agonist and antagonist

assays was termed as a non-binder, while a compound is active in

one of both assays was designated as a binder. The simplified

molecular input line entry system (SMILES) strings of

compounds in both the public databases and the datasets

from the publication were collected for representing their

chemical structures.

Data processing

The SMILES strings of the compounds obtained from the

public databases (PubChem, BindingDB, and ChEMBL) and the

publication (Sakamuru et al. [38]) were first converted to unique

SMILES strings using the Online SMILES Translator and

Structure File Generator [50]. For compounds with the same

unique SMILES strings and the same activity class (binder or

non-binder), only one compound was kept. Compounds with the

same unique SMILES strings and different activity classes were

excluded. Consequently, 10,149 compounds (9,958 binders and

191 non-binders) from the public databases and

2,527 compounds (509 binders and 2,018 non-binders) from

Sakamuru et al. [38] remained. Of the 2,527 compounds,

192 non-binders are contained in the 10,149 compounds from

the public databases (Supplementary Table S1) and were further

removed. Finally, 509 binders and 1,826 non-binders from

Sakamuru et al. were used. The binder/non-binder ratios of

these two datasets (52.14 and 0.28) are dramatically different.

Therefore, we randomly took 1,727 non-binders from the qHTS

dataset and added them to the dataset from the public databases,

resulting in a dataset of 9,958 binders and 1,918 non-binders as

the training dataset (Supplementary Table S2). The remaining

509 binders and 99 non-binders from the qHTS assays were used

as the external validation dataset (Supplementary Table S3). The

used training and external validation datasets have similar

binder/non-binder ratios. The SMILES strings of both training

and external validation datasets were used to generate two-

dimensional (2D) structures of the compounds using the

Online SMILES Translator and Structure File Generator [50].

The SDF files obtained were used for subsequent molecular

descriptors calculation.

Descriptors calculation and filtering

Converting chemical structures into machine-readable

formats is essential for developing machine learning and deep

learning models [51]. In this study we utilized software tool

Mold2 for calculating molecular descriptors for the compounds

in the training and external validation datasets. Mold2 only

accepts SDF (structure data file) representation of chemical

structures [43, 44]. Therefore, the unique SMILES strings of

compounds were first converted to SDF files for the training and

external validation datasets using the Online SMILES Translator

and Structure File Generator [50]. The generated SDF files were

then input into Mold2 software for calculating molecular

descriptors. Mold2 calculated 777 molecular descriptors for

each compound.

Molecular descriptors with no or very low information for a

dataset can significantly influence the performance of models

developed using the dataset. To identify and remove such low

informative descriptors, we first excluded 263 descriptors with a

constant value for more than 90% of the compounds in the

training dataset. Subsequently, we performed Shannon entropy

analysis [43, 52–54] on the remaining 514 descriptors of the

training dataset. In brief, for each molecular descriptor, the range

of descriptor values of the compounds in the training dataset

were first divided into 20 groups with equal value intervals. The

compounds in the training dataset were then put into these

1 https://pubchem.ncbi.nlm.nih.gov/

2 https://www.bindingdb.org/rwd/bind/index.jsp

3 https://www.ebi.ac.uk/chembl/

4 https://tripod.nih.gov/tox/oprpred/codes.zip
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20 groups based their descriptor values. The distribution in the

20 groups, probabilities of compounds in the 20 groups, were

calculated by dividing compound counts by the total compounds

of the training dataset. At last, Shannon entropy values were

computed for each descriptor using Equation 1.

Hn p1, p2, · · ·, pn( ) � −∑n
i�1
pi log2pi (1)

Where pi is the probability of group i. 226 descriptors with

Shannon entropy less than 2.0 were considered as low

informative and removed. The remaining 288 molecular

descriptors have Shannon entropy values greater than or equal

to 2.0 and were used in subsequent model development. The

288 molecular descriptors are listed in Supplementary Table S4.

For the external validation dataset, the same 288 molecular

descriptors were kept, and other descriptors were removed.

Scaling descriptor values

The values of different molecular descriptors usually are in

quite different scales in a dataset. Using unscaled molecular

descriptor values to construct machine learning and deep

learning models often result in low performance for most

algorithms, depending on their mathematical principles.

Therefore, scaling is generally needed before model

development. We scaled the values of each molecular

descriptor in training and external validation datasets using

Equation 2.

V � Vo −Mintrain
Max train −Mintrain

(2)

Where V is scaled value, Vo is original value, Mintrain is the

minimum value of the descriptor in the training set, andMaxtrain
is the maximum value in the training set.

Model development

MOR binding activity prediction models were built using

three machine learning algorithms (RF, kNN, and SVM) and two

deep learning algorithms (MLP and LSTM). Numerous machine

learning and deep learning algorithms have been developed, each

grounded in distinct mathematical principles. kNN is a widely

used, simple, and interpretable algorithm. In contrast, RF and

SVM are more complex but have demonstrated good

performance in various applications. However, the complexity

of RF and SVM makes them challenging to interpret. We chose

these three to explore the performance difference between simple

and complicate machine learning models. Furthermore, MLP

and LSTM represent two fundamentally different deep learning

architectures: MLP is a feedforward neural network, whereas

LSTM is a recurrent neural network. These two were selected to

evaluate the performance of deep learning models constructed

using algorithms with distinct structural designs.

When building a model using an algorithm, related

algorithmic parameters were tuned through inner 5-fold cross

validations. Briefly, to optimize algorithmic parameters the

training set was randomly split into five folds. Four folds were

used to build a model to predict the remaining fold. This process

was repeated five times so that each of the five folds was used once

and only once as a testing set. The prediction results on all five

folds were then used to calculate a Matthews correlation

coefficient (MCC) value. This inner 5-fold cross-validation

was repeated five times with different random divisions of the

training set into five folds. At last, the five MCC values from five

iterations of inner 5-fold cross-validations were averaged to

estimate performance of models built with a set of

parameters. The set of hyperparameters resulting in the

highest average MCC value was determined as the optimized

parameters for the algorithm and were used to construct a model

on the training set.

The hyperparameters tuned in our study are given below.

For RF, n_estimators (100 and 200 trees), min_samples_leaf

(10 and 20), and max_chemical (1,000 and 2,000) were tuned.

For kNN, the parameters n_neighbors (k = 3, 5, and 7) and

weights (“uniform,” “distance”) were optimized. For SVM, a

linear kernel was employed and the regularization parameter

C (0.1, 1, and 10) was optimized. For MLP, alpha (0.0001, 0.1)

and hidden_layer_sizes (100, 300) were optimized. For LSTM,

the number of epochs was tuned to 500 with running

5,000 epochs based on the training loss value and accuracy.

Other parameters used for LSTM include recurrent layers = 4,

features = 200, batch size = 32, and learning rate = 0.0001. For

these five algorithms, except the parameters aforementioned,

default values were adopted for other algorithmic parameters.

The RF, kNN, SVM, andMLPmodels were constructed using

the packages in Scikit-learn (0.23.2) [55] in Python (3.8.5) [56],

while the LSTMmodels were developed using a PyTorch package

(2.0.1) [57] in Python (3.8.5).

In addition to models developed using the five algorithms,

a consensus model was constructed for a training set using the

five individual models. Each of these models was built using

distinct algorithms, potentially utilizing different features

from the same training dataset. Consensus modeling

capitalizes on the strengths of each model, aggregating

their predictions to deliver more reliable, robust, and

accurate results. This approach enhances the overall

performance by minimizing the weaknesses inherent in any

single model. The consensus model combines outcomes from

its five individual models using a majority voting strategy: if

three or more individual models predict a compound as MOR

binder, the compound is determined as a binder, otherwise, it

is predicted as non-binder.
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Model evaluation

Model performance was evaluated using two strategies: 5-

fold cross-validation and external validation. In a 5-fold

cross-validation, the entire training set was first randomly

divided into five equal or close to equal folds. Four of the five

folds were then used to tune algorithmic parameters using the

inner 5-fold cross-validations for each of the machine

learning and deep learning algorithms. The tuned

parameters were then used to train models on the four

folds, and the trained models were used to predict the

remaining fold. This process was repeated five times so

that each of the five folds was used as a testing set only

once. At last, performance metrics values were calculated

using prediction results from all five testing sets to estimate

model performance. The 5-fold cross-validation was repeated

50 times to reach statistically robust estimations on model

performance.

The training dataset was randomly split into five subsets, four

subsets for training and one subset for testing. This random

splitting was repeated five times to ensure all compounds were

used for both training and testing.

External validation was employed to evaluate

the generalization of the constructed models using the

entire training set. The same parameter tuning process

was applied to the whole training set. The optimized

parameters were then used to develop models using the

entire training set. Finally, the developed models were

used to predict MOR binding activity for compounds in

the testing set.

Performance metrics

Five metrics were used to measure model performance,

including accuracy, sensitivity, specificity, balanced accuracy,

and MCC. These metrics were derived by comparing model

predictions with actual binding activity data. They were

calculated using Equations 3–7.

Accuracy � TP + TN

TP + TN + FP + FN
(3)

Sensitivity � TP

TP + FN
(4)

Specificity � TN

TN + FP
(5)

BalancedAccuracy � Sensitivity + Specificity
2

(6)

MCC � TP*TN − FP*FN���������������������������������������
TP + FP( )* TP + FN( )* TN + FP( )* TN + FN( )√

(7)
Where TP, TN, FP, and FN represent true positives, true

negatives, false positives, and false negatives, respectively.

Prediction confidence analysis

Predictions produced by our machine learning or deep

learning models provide not only class assignments but also

probabilities that quantify the likelihoods of these class

assignments. The prediction probability of a prediction not

only classifies the compounds as MOR binder or non-binder,

but also measures the confidence of the prediction. Prediction

confidence analysis is conducted to evaluate if prediction

confidence can be used as an additional valuable parameter to

inform better utilization of a model in applications, such as

decision-making and safety assessment. The prediction

confidence of a prediction is derived from the prediction

probability using Equation 8 [43, 53, 54, 58].

Prediction confidence � prob − 0.5
∣∣∣∣ ∣∣∣∣

0.5
(8)

where prob is the probability of a compound predicted as a MOR

binder from a machine learning and deep learning model.

Prediction confidence values are between 0 and 1. The larger

the value the more confidence in the prediction.

To examine the relationship between prediction confidence

and prediction performance for predictions of a model in 5-fold

cross-validations or external validation, the prediction

confidence value range (between 0 and 1) was divided into

10 even bins with the interval of 0.1. Next, the predictions

were allocated to the 10 bins according to their prediction

confidence values. Lastly, performance metrics were separately

calculated for predictions in each the 10 bins.

Applicability domain (AD) analysis

AD of a model represents the structural space of chemicals

utilized to train the model. Chemicals falling within the AD of a

model exhibit structural similarities to the training chemicals,

thus yielding more accurate predictions. Therefore, AD analysis

plays a crucial role in evaluating the predictions made by

computational models [59–61]. In this study, the AD of a

model was defined by the boundaries of all descriptors

ranging from the minimum to the maximum values of

chemicals used in training the model. More specifically, we

first computed the AD of a model using the training

chemicals. Next, the distance of a chemical to the AD was

calculated using Equation 9.

Distance �
�����������������
d1

2 + d2
2 + . . . + dn

2

√
(9)

Where di (i = 1, 2, . . ., n) is the distance of the chemical to the

AD for molecular descriptor i. If the value of molecular

descriptor i falling in the value range of the same molecular

descriptors of the training chemicals, di was set to zero.

Therefore, when all molecular descriptor values of a chemical
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fall within the molecular descriptor value ranges of training

chemicals, the Distance value is calculated to be zero

according to Equation 9 and the chemical is considered inside

the model’s AD. If the value of any molecular descriptor is

outside the descriptor value boundary of the training set, the

Distance value is greater than zero and the chemical is considered

outside the model’s AD. At last, performance of predictions

inside and outside AD was compared for the models constructed

in the 5-fold cross-validations and the model built in the external

validation.

FIGURE 2
Performance of cross-validations. Performance of 50 iterations of 5-fold cross-validations was measured using sensitivity (A), specificity (B),
balanced accuracy (C), accuracy (D), and MCC (E). The average values of these metrics across the 50 iterations are represented by color bars,
corresponding to different algorithms indicated by the x-axis labels (RF, random forest; kNN, k-nearest neighbors; SVM, support vector machine;
MLP, multi-layer perceptron; LSTM, long short-term memory; and CONS, consensus model). The standard deviations are displayed as error
bars on top of the color bars.
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Results

Model performance

The prediction performances of the machine learning (RF,

kNN, and SVM), deep learning (MLP and LSTM), and

consensus models from the 50 iterations of 5-fold cross-

validations were summarized in Figure 2 in sensitivity

(Figure 2A), specificity (Figure 2B), balanced accuracy

(Figure 2C), accuracy (Figure 2D), and MCC (Figure 2E).

Overall, all models performed well, as indicated by the

averaged performance metrics values (the bars in Figure 2).

FIGURE 3
Performance of external validations. The performancewas assessed using sensitivity (A), specificity (B), balanced accuracy (C), accuracy (D), and
MCC (E). The values of these metrics are represented by color bars for models developed using different algorithms, as indicated by the x-axis labels
(RF, random forest; kNN, k-nearest neighbors; SVM, support vector machine; MLP, multi-layer perceptron; LSTM, long short-term memory, and
CONS, consensus model).
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More specifically, performance metrics accuracy (0.89 – 0.91),

balanced accuracy (0.71 – 0.82), and MCC (0.53 – 0.65) are high

for all models, indicating good overall performance. Not

surprisingly, all models performed much better on MOR

binders than non-binders, with much higher averaged

sensitivity (0.95 – 0.98) than specificity (0.44 – 0.69) because

the training dataset has a greater number of MOR binders

(9,958) than non-binders (1,918). Notably, all performance

metrics exhibit small standard deviations among the

50 iterations of cross-validations (the sticks atop the bars in

Figure 2), suggesting that the machine learning, deep learning,

and consensus models were relatively unaffected by the random

partitioning of the whole training dataset into five folds.

Interestingly, the two deep learning models (the cyan and

blue bars in Figure 2) outperformed the three machine

learning models (the green, light brown, and magenta bars in

Figure 2), especially in specificity (Figure 2B). These results

demonstrate that a large dataset, such as the one training

dataset in this study with 11,876 chemicals, is needed for

deep learning algorithms to show superiority over

conventional machine learning algorithms, especially for the

minority class of an imbalanced dataset. Surprisingly, the

consensus models did not surpass all member models. They

performed better than the three machine learning models but

worse than the two deep learning models. Our results indicate

that though consensus modeling remains as an effective

approach to combine models constructed using conventional

machine learning algorithms, it deserves further investigation on

if and how a consensus approach can be applied to models built

with deep learning algorithms as we only used one consensus

strategy, majority voting.

The external validation performances on the models trained

with the whole training set are summarized in Figure 3. The

external validation results indicate that the models performed

well, with good performance metrics values; sensitivity of

0.71–0.79, specificity of 0.70–0.76, balanced accuracy of

0.70–0.74, accuracy of 0.71–0.78, and MCC of 0.32–0.40. As

expected, they slightly underperformed the models in the cross-

validations. Strikingly, specificity and sensitivity are very close in

the external validations, in contrast to the cross-validation results

where sensitivity is expectedly higher than specificity. This

difference may attribute to the nature of data in the training

and external validation datasets. The MOR binders in the

training dataset are determined by conventional low-put

assays, resulting in models that perform well in predicting

chemicals tested with the same assays. In contrast, most of the

MOR non-binders in the training dataset are results from qHTS

assays, and thus the trained models performed better on the

external MOR non-binders determined by the same qHTS

assays. Our results suggest that caution should be exercised in

the validation and application of machine learning and deep

learning models.

Surprisingly, not like in the cross-validations, the two deep

learning models did not consistently outperform all three

machine learning models in the external validations.

Prediction confidence analysis

The prediction confidence analysis was performed on the

results of cross-validations and external validation. The accuracy

values of the predictions at 10 confidence levels from the cross-

validations are shown in Figure 4A for all models. The accuracy

of predictions is improved when their prediction confidence level

is increased, for all models. Similar trends were observed for

sensitivity, specificity, balanced accuracy, and MCC as depicted

in Supplementary Figures S1–S4, respectively. Moreover, more

predictions fall in higher confidence levels for all models except

SVM as shown in Figure 4B.

The prediction confidence analysis was also conducted on the

results of external validation. The accuracy values of the

predictions at 10 confidence levels from the external

validations are shown in Figure 4C for all models. The trends

are similar to those observed in the cross-validations: higher

prediction confidence levels correspond to greater prediction

accuracy. However, the trend lines are less smooth than those in

the cross-validations, due to the significantly fewer predictions at

each confidence level. The sensitivity, specificity, balanced

accuracy, and MCC values of the predictions at 10 confidence

levels from the external validations exhibit similar trends as

shown in Supplementary Figures S5–S8, respectively. Notably,

the SVM model had very few predictions at high confidence

levels, 3, 1, and 3 at confidence levels 0.7–0.8, 0.8–0.9, and

0.9–1.0, respectively. Therefore, performance metrics at these

confidence levels were not calculated because they would not be

statistically meaningful. The number of predictions is plotted

against prediction confidence level in Figure 4D. In general, the

number of predictions does not differ much in confidence levels

except the SVM model which had fewer predictions at higher

confidence levels.

Applicability domain analysis

The distances to the AD of the compounds predicted in the

cross-validations and external validations were computed.

Prediction accuracy values inside and outside the AD were

calculated separately and are illustrated in Figure 5A for the

cross-validations and Figure 5B for the external validation. It was

clear that the compounds inside the AD were predicted more

accurately than those outside the AD by all models, in both cross-

validations and external validations. The sensitivity, specificity,

balanced accuracy, and MCC values of predictions inside and

outside AD for all models are presented in Supplementary
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Figures S9–S12, respectively, for the cross-validations, and in

Supplementary Figures S13–S16 for the external validations.

In terms of overall performance metrics (accuracy, balanced

accuracy, and MCC), all models performed better inside the AD

than outside it. However, examining performance on binders and

non-binders, it was found that the compounds outside the AD

had higher specificity than those inside the AD for all models in

both cross-validations and external validations. This indicates

that all models performed better on MOR binders than on non-

binders. Moreover, the deep learning models achieved higher

MCC and balanced accuracy than the machine learning models,

both inside and outside the AD, in both cross-validations and

external validation.

The results demonstrated that AD analysis is beneficial for

evaluating the reliability of predictions from both machine

learning and deep learning models. It is worth noting that the

MCC values for predictions outside the AD in the external

validations are zeros for SVM, MLP, and LSTM models

FIGURE 4
Prediction confidence analysis results. The analysis of prediction confidence is depicted by plotting prediction accuracy values and the number
of predictions at various confidence levels. (A, B) show the results for cross-validations, while (C, D) display the results for external validations. The
x-axis tick labels represent the different confidence levels. The models developed using different algorithms are distinguished by various colors, as
indicated in the color legend (RF, random forest; kNN, k-nearest neighbors; SVM, support vector machine; MLP, multi-layer perceptron; LSTM,
long short-term memory, and CONS, consensus model).
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(Supplementary Figure S16). This might not be statistically

robust due to the small number (8) of compounds.

Discussion

The opioid epidemic is a severe public health crisis in the

United States, leading to an increasing number of deaths and

imposing a substantial economic burden. Opioids are potent

analgesics, but many are addictive and prone to cause an

overdose. Hence, the non- or less-addictive drugs that target

MOR are needed. Developing new drugs is a lengthy and

costly process, often taking about a decade and billions of

dollars. Therefore, computational approaches provide a

promising and efficient way to aid drug development. In

this study, we collected chemicals with MOR binding

activity data from multiple databases and the literature. We

then constructed and evaluated machine learning and deep

learning models using the curated data for MOR binding

activity prediction.

The curated data are imbalanced, which is common in the

real world. The data collected from databases have a greater

number of MOR binders than non-binders. Conversely, the

qHTS data acquired from the literature have more MOR non-

binders than binders. Hence, to maintain a consistent ratio of

binders to non-binders in both the training and testing datasets,

1,727 non-binders were randomly taken from the qHTS data and

added to the data collected from databases to form the training

dataset. The remaining qHTS data were used as the external

validation dataset. The same prevalence of MOR binders in both

the training and external validation datasets can reduce the

impact of difference in prevalence on external validation

results, enhancing the reliability of extrapolation assessment

for the developed models.

Both the training and external validation datasets are biased

toward MOR binders. In two-class classification models,

accuracy tends to favor the majority class, which, in this

study, is the MOR binders. This bias affects the evaluation of

prediction performance, especially in imbalanced datasets.

Therefore, we also employed balance accuracy and MCC to

measure overall performance.

Interestingly, all models had higher sensitivity than

specificity, especially in the cross-validations (Figures 2A, B).

This discrepancy arises because the training dataset contains a

greater number of MOR binders than non-binders, enabling the

models to learn the structures of MOR binders better than those

of non-binders. Consequently, this results in more accurate

predictions for binders (higher sensitivity) compared to non-

binders (lower specificity). These findings suggest that

incorporating more non-binders into the training dataset

would likely improve the prediction performance of machine

learning and deep learning models. To address this issue, future

efforts should focus on incorporating a more balanced

representation of non-binders in the training dataset. This

would help reduce the imbalance and, in turn, enhance the

robustness and reliability of the models. Additionally, we

recommend that the scientific community place equal value

on the publication of inactive results, alongside active

findings. Acknowledging and appreciating inactive data will

not only contribute to a more balanced dataset but also foster

greater transparency and scientific rigor in the field.

It is worth noting that the prediction performance of all

models in the external validations is worse than in the cross-

validations. This discrepancy is not surprising because the MOR

binding activity data in the training and external validation

datasets are obtained from different types of assays. The

training dataset, except for 1,727 non-binders, consists of

results from traditional assays, whereas the external validation

dataset is generated using the qHTS assay. Hence, the poorer

performance of the machine learning and deep learning models

in the external validations compared to the cross-validations

FIGURE 5
Applicability domain (AD) analysis results. The AD analysis is
presented for cross-validations (A) and external validations (B).
Accuracy for predictions within the AD is shown in cyan bars, while
accuracy for predictions outside the AD is displayed in orange
bars. The models developed using different algorithms are
represented by the x-axis labels (RF, random forest; kNN,
k-nearest neighbors; SVM, support vector machine; MLP, multi-
layer perceptron; LSTM, long short-term memory, and CONS,
consensus model).
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cannot be fully attribute to the models extrapolating to different

chemicals. The difference in experimental methods that

produced the MOR binding activity data in the two datasets

likely contribute to this performance discrepancy.

To confirm this hypothesis, we examined the concordance

between the two types of data. There are 192 compounds in the

training dataset with qHTS assay data that were excluded from

the external validation dataset. Of these 192 compounds, 186 are

binders and only 6 are non-binders according to traditional

assays, while the qHTS assay results show 42 binders and

150 non-binders. Comparison revealed that 41 binders and

five non-binders are common in the two methods. Hence,

most binders from the qHTS assay (41 out of 42) can be

predicted using traditional assay results, whereas only a few

non-binders (5 out of 150) can be predicted. This low

concordance between the qHTS assay data and traditional

assay data confirms our hypothesis.

Various consensus strategies can be employed to combine

multiple individual models into a unified consensus model. In

this study, consensus models were generated using a majority

voting strategy based on the predictions of five individual models.

To further investigate the potential impact of different consensus

strategies, we also applied an average prediction probability

approach. In this method, the mean of the MOR binder

prediction probabilities from the five individual models was

calculated and used as the binder probability for the

consensus model. If the consensus probability of a compound

was greater than or equal to 0.5, it was predicted as a binder;

otherwise, it was classified as a non-binder. The consensus

models derived from both the majority voting and average

prediction probability strategies exhibited similar performance,

as shown in Supplementary Figure S17.

A machine learning and deep learning model not only

predicts the classes of a sample but also quantifies the

likelihood of the sample belonging to the predicted class. In

this study, the models output a probability indicating the

likelihood of a compound being a binder. This probability is

used not only to predict the compound as a MOR binder or non-

binder, but also to measure the confidence of the prediction. To

evaluate the usefulness of this probability, prediction confidence

analysis was conducted on predictions in both cross-validations

and external validations. The results (Figure 4) suggest that

prediction confidence derived from the developed models

offers an additional valuable metric for their applications.

The interpretability of deep learning models remains a key

challenge, particularly in complex domains such as predicting

binding activity for MOR. While the two deep learning models

achieved higher predictive performance than the three machine

learning models, the black-box nature makes deep learning

models difficult to directly understand how individual

molecular descriptors influence MOR binding. To enhance

interpretability, techniques such as feature importance

analysis, SHAP (Shapley Additive Explanations), and LIME

(Local Interpretable Model-agnostic Explanations) can be used

to identify the most influential molecular descriptors. However,

achieving a fully transparent understanding of deep learning

model behavior remains an ongoing research challenge. In the

context of this study, we focus on predictive accuracy but

acknowledge the need for further work on improving model

interpretability for better insight into the underlying mechanisms

of MOR binding.

AD serves as a critical metric for evaluating the uncertainty of

predictions from machine learning or deep learning models.

Compounds within the chemical space of the training

compounds, or within the AD of a model, are expected to be

predicted more accurately than those outside the AD [60, 61].

Our AD analysis of the predictions in the 5-fold cross-validations

(Figure 5A) and external validations (Figure 5B) revealed that

predictions within the AD are more accurate than those outside

the AD for all models. Therefore, developing a model based on a

training dataset with a broader chemical space can improve its

applicability to a wider range of chemicals.

The scope of application of a predictive model is determined

by its training dataset. The models developed in this study are

based on a large dataset derived from traditional low-throughput

experiments. In these models, any compound that exhibits

binding activity—regardless of how weak—is classified as a

MOR binder. As a result, the cross-validation results reflect

the accuracy of predictions for chemicals in these binding

assays, while the external validation results assess the models’

ability to generalize and predict the binding activity of

compounds in qHTS assays. To improve the reliability of

predictions for MOR binding activity in either traditional or

qHTS assays, stratified sampling should be employed to generate

training and testing datasets. To demonstrate this, we applied this

strategy. The details of the process are provided in the

Supplementary Material, and the results are summarized in

Supplementary Figures S18–S19.

In conclusion, machine learning (RF, kNN, and SVM) and

deep learning (MLP and LSTM) models were constructed for

MOR binding activity prediction. These models were evaluated

using 5-fold cross-validations and external validations. The

models achieved good performance in both evaluation

methods. Results from prediction confidence analysis and AD

analysis demonstrated the importance of prediction confidence

and AD in evaluating the reliability of the models’ predictions.

Our findings suggest that the developed models have the

potential to identify MOR binders, which could assist in the

development of non-addictive or less-addictive drugs

targeting MOR.
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Abstract

Adverse drug events are harms associated with drug use, whether the drug is

used correctly or incorrectly. Identifying adverse drug events is vital in

pharmacovigilance to safeguard public health. Drug safety surveillance can

be performed using unstructured data. A comprehensive and accurate list of

drug names is essential for effective identification of adverse drug events. While

there are numerous sources for drug names, RxNorm is widely recognized as a

leading resource. However, its effectiveness for unstructured data analysis in

drug safety surveillance has not been thoroughly assessed. To address this, we

evaluated the drug names in RxNorm for their suitability in unstructured data

analysis and developed a refined set of drug names. Initially, we removed

duplicates, the names exceeding 199 characters, and those that only

describe administrative details. Drug names with four or fewer characters

were analyzed using 18,000 drug-related PubMed abstracts to remove

names which rarely appear in unstructured data. The remaining names,

which ranged from five to 199 characters, were further refined to exclude

those that could lead to inaccurate drug counts in unstructured data analysis.

We compared the efficiency and accuracy of the refined set with the original

RxNorm set by testing both on the 18,000 drug-related PubMed abstracts. The

results showed a decrease in both computational cost and the number of false

drug names identified. Further analysis of the removed names revealed that

most originated from only one of the 14 sources. Our findings suggest that the

refined set can enhance drug identification in unstructured data analysis,

thereby improving pharmacovigilance.
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Impact statement

Adverse drug events are a significant concern for public

health, necessitating accurate detection in drug safety

surveillance. While unstructured data is a valuable source for

identifying adverse drug events, effective analysis depends on a

comprehensive and accurate list of drug names. Although

RxNorm is recognized for providing standardized drug names,

its effectiveness in unstructured data analysis remains

unassessed. Our research refined the list of RxNorm drug

names to improve its suitability for unstructured data analysis.

By removing duplicates, excessively long names, false names, and

replaceable names, we created a more accurate and efficient list of

drug names. Testing this refined set on drug-related PubMed

abstracts revealed improved accuracy and reduced

computational costs compared to the original RxNorm list.

This refined list of drug names enables more accurate

monitoring of adverse drug events, providing a valuable tool

for improving drug safety surveillance and protecting

public health.

Introduction

Adverse drug events (ADEs) are harmful responses to

medications that pose significant risks to patients with

millions of deaths and hospitalization annually [1]. Effective

monitoring of ADEs through drug safety surveillance is crucial

for protecting public health. Drug safety surveillance begins in

clinical trials, where new drugs are rigorously tested for safety

and efficacy. However, clinical trials are limited by short exposure

periods and the size and diversity of the tested population [2].

Therefore, post-market drug safety surveillance is crucial to

identify potential ADEs in a large population, particularly for

drugs repurposed to treat COVID-19. For example, originally

developed for the treatment of hepatitis C, Remdesivir was later

evaluated for antiviral activity against other viruses and, in 2020,

received FDA approval for the treatment of COVID-19.

Traditionally, post-market surveillance relies on spontaneous

adverse event reporting systems [3, 4]. In the United States,

the Food and Drug Administration’s Adverse Event Reporting

System (FAERS) [5] collects adverse event reports, medication

error reports, and product quality complaints from various

sources, including the MedWatch program. FAERS has been

widely used to investigate drug safety issues [6–9]. However,

FAERS relies on voluntary reporting, which can result in

underreporting and delays in identifying ADEs. In recent

years, unstructured text data has become valuable sources for

investigating ADEs.

To effectively analyze unstructured data for drug safety

surveillance, it is important to identify drugs and associated

ADEs. One challenge for identifying drugs in unstructured data is

different names used for the same drugs. The active ingredient,

generic names, trade names, brand names, and even street names

can be used to indicate the same drug in unstructured text. Using

acetaminophen, a commonly used analgesic, as an example,

Tylenol, Paracetamol, Panadol, Anacin, Feverall, Mapap,

Ofirmev, Tempra, and APAP (the abbreviation for its

chemical name, N-acetyl-para-aminophenol) are names used

for the same drug in unstructured documents. The use of

various names for the same drugs in unstructured data

complicates accurate identification of drugs, making the

standardization and normalization of drug names essential.

Various methods have been used in the standardization and

normalization of drug names, including dictionary-based

methods [10], rule-based systems [11–16], advanced machine

learning models [17–20], and hybrid approaches [19].

Dictionary-based methods use comprehensive drug

dictionaries built from various sources to identify drug names

[10]. In these methods, a comprehensive dictionary like RxNorm

is essential to ensure accurate recognition of complex or less

common drug names [21].

Rule-based systems, on the other hand, rely on predefined

patterns or contextual rules to identify drug names. These rules

can be either composition-based, focusing on systematic naming

conventions, or context-based, extracting names based on

surrounding text features [22, 23]. Despite the rigidity and

extensive manual effort required to develop and maintain

these rules and dictionaries—especially given the evolving

nature of language and the introduction of new

terminology—both dictionary and rule-based methods remain

crucial for establishing a baseline of accurate drug identification.

To enhance the matching and normalization processes,

similarity algorithms such as Levenshtein distance [24], cosine

similarity [25], and Jaccard index [25] can be used. These

techniques measure the similarity between drug names and

help link various names of the same drug to a standard drug

name [26, 27], further improving the accuracy of drug name

standardization.

With the increasing availability of annotated datasets,

machine learning-based models have gained significant

popularity in this field [10, 17–20, 28]. Notable techniques

such as Conditional Random Forest (CRF) [29], Hidden

Markov Models (HMM), Recurrent Neural Networks (RNN)

[30], and Bi-directional Long Short-Term Memory CRF (BI-

LSTM-CRF) [31–33], and Bidirectional Encoder Representations

from Transformers (BERT) [15] have been employed for drug

name identification and normalization. These models leverage

various features, including domain-specific attributes and word

representation features, to improve accuracy.

Hybrid approaches have also emerged, integrating multiple

methods to capitalize on the strengths of different models while

mitigating their weaknesses [19]. For example, a semi-supervised

machine learning technique known as feature coupling

generalization was applied to refine a drug name dictionary,

which was constructed from sources such as DrugBank and
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PubMed, to enhance drug name recognition in unstructured

textual data [19].

To create a drug name dictionary, different names for the

same drug are linked to a standardized name. A comprehensive

dictionary is essential for accurate drug identification and

normalization. RxNorm [34], a standardized vocabulary

developed by the National Library of Medicine (NLM), plays

a key role in these processes. RxNorm compiles drug names from

13 different sources and further standardizes them under its own

unique terminology, RxNorm, bringing the total to 14 distinct

sources, enabling consistent linkage of various drug names across

different databases. The integration of RxNorm with both rule-

based and machine learning approaches enhances the

identification and normalization of drug names.

Although RxNorm is widely used in clinical settings, such as

electronic health records and clinical decision support systems

[35], it faces several limitations when analyzing unstructured

data. One significant issue is the extensive variability in the length

of drug names within RxNorm, which can range from one to over

2000 characters. These extremely short or long names are seldom

found in unstructured text. Moreover, RxNorm includes distinct

entries, various drug formats, and dosages, which are typically

omitted when discussing experience with drugs in unstructured

text. Even when such details are mentioned, they are often

inconsistent and incomplete.

Additionally, RxNorm’s approach of combining drug names

with specific dosages as separate entries can lead to multiple hits

for the same drug in a single text. For example, “Acetaminophen”

and “Acetaminophen 325 mg” are distinct entries in RxNorm. If

both terms are included in a drug name dictionary, a sentence

like “Acetaminophen 325 mg caused my mom’s liver injury”

could lead to two matches—one for “Acetaminophen” and

another for “Acetaminophen 325 mg”— resulting in

redundant counts of the adverse event. These complexities

stress the need for a refined set of drug names to improve the

accuracy and efficiency of drug identification in

unstructured data.

The purpose of this study is to develop an enhanced set of

drug names from RxNorm, specifically tailored for

identifying drug names in unstructured data for drug

safety surveillance. By refining the existing drug names in

RxNorm, this study aims to address current limitations and

FIGURE 1
Study overview. The flowchart illustrates the procedures used to generate and evaluate a refined set of drug names from RxNorm, including
extraction of drug names from the RxNorm website, removal of duplicates, filtering false names, discarding names that likely lead to redundant
occurrence counts in unstructured data analysis, and evaluating accuracy and efficiency of the refined set.
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improve the accuracy and efficiency of drug identification in

unstructured data.

Materials and methods

Study design

The workflow for generating this refined set and assessing its

accuracy and efficiency is depicted in Figure 1. Initially, a

comprehensive list of drug names was downloaded from the

RxNorm database. This was followed by a systematic process of

removing duplicates, incorrect names, and names that could

potentially cause inaccurate counts in unstructured data analysis.

Drug names were classified into three categories and filtered out

by those with fewer than 4 characters, those with between 5 and

199 characters, and those with 200 or more characters.

Data sources

RxNorm file released on July 3, 2023 (RxNorm_full_

07032023.zip) was downloaded from RxNorm repository [36].

The “RXNCONSO.RRF” file within this package was used to

extract drug names. Specifically, drug names were obtained from

the “STR” (string) column, while their corresponding types were

identified from the “TTY” (type of terms) column, which

includes categories such as brand name, synonyms, and others.

To ensure relevance, name types not associated with specific

drugs were excluded based on the guidelines provided in the

RxNorm technical documentation [37]. For instance, terms like

dose form, dose form group, and special category—which

describe routes of administration rather than specific

drugs—were removed. The source of each drug name is

indicated in the “SAB” (source abbreviation) column: ATC

(Anatomical Therapeutic Chemical Classification System),

CVX (Vaccines Administered), DB (DrugBank), GS (Gold

Standard Drug Database), MMSL (Micromedex RED BOOK),

MMX (Micromedex), MSH (Medical Subject Headings),

MTHCMS (CMS Formulary Reference File), MTHSPL (FDA

Structured Product Labeling), NDDF (First Databank),

RXNORM (RxNorm itself), SNOMED (SNOMED Clinical

Terms), USP (United States Pharmacopeia), and VANDF

(Veterans Health Administration National Drug File).

To evaluate the extracted drug names, a dataset of

18,000 drug-related PubMed abstracts was prepared. These

abstracts were retrieved by searching PubMed using the

keyword “drug” via the Entrez Programming Utilities [38]

(E-Utlilities) developed by the National Center for

Biotechnology Information (NCBI). To comply with NCBI

guidelines, we designated an email address for Entrez queries.

On 22 May 2024, we generated a search query using the keyword

“drug” without imposing any timeframe restrictions, ensuring

the retrieval of all available abstracts up to that date. Entrez was

used to retrieve 20,000 PubMed abstract IDsmatching this query.

Due to the limitation on the number of abstracts that can be

fetched in a single request, we retrieved the IDs in two batches,

with each batch containing 10,000 IDs. Abstracts were fetched

and output for each batch. Although 20,000 IDs were obtained,

18,520 abstracts were successfully retrieved due to some missing

entries. Ultimately, we used the first 18,000 abstracts, choosing

this round number to simplify subsequent calculations.

Refinement of RxNorm drug names

The first step is to remove duplicates and exclude drug names

that are not associated with specific drugs. This includes

eliminating terms that describe dose form, dose form group,

and special category—such as “oral tablet,” “chewable product,”

and “medical supplies”—since these are not linked to particular

drugs and should, therefore, be excluded. Brand and generic drug

names were retained to ensure comprehensive drug

identification. For example, both Daytrana (patch) and Ritalin

(oral tablet) were included as brand names for methylphenidate.

This approach ensures that drug identification focuses on the

medication itself while preventing redundant counts based on

formulation differences. However, we recognize that ADEs can

sometimes be associated with the delivery method rather than the

active ingredient. For instance, systemic methylphenidate may be

linked to behavioral effects like aggression, while transdermal

formulations such as Daytrana may cause localized

reactions like rash.

For drug names with four or fewer characters such as APAP

(Acetaminophen), ASA (Aspirin), and HCTZ

(Hydrochlorothiazide), their use frequency in unstructured

data were tested in 18,000 drug-related PubMed abstracts to

remove those that would rarely appear in drug-related

documents. Drug names that were not found in these

abstracts were considered rare and removed. We used the

“en_core_web_sm” model from the spaCy [39] natural

language processing (NLP) library to identify and count

occurrences of these drug names within the abstracts. Each

abstract was tokenized, and both tokens and drug names were

converted to lowercase for consistency. We then compared each

token against the list of drug names, recording an occurrence

whenever a match was found. Drug names with zero occurrences

were excluded from the final list.

For drug names with five to 199 characters, we examined

their potential redundant occurrences in unstructured data

analysis. If a drug name contains another drug name, leading

to redundant counts, it was discarded. To identify distinct drug

names that overlap with discarded names but not with other

distinct names, we split each drug name into words using the

Python’s “re.split” function (version 3.11.7 in Anaconda). The

names were then sorted by word count. We checked if the words
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in a drug name contained all words of another name. If a drug

name that does contain all the words of any other names, it was

removed. Drug names with 199 or more characters were removed

entirely, as they are unlikely to appear in real-world

unstructured texts.

Assessment of the refined set

To evaluate the efficiency and accuracy of the refined set of

drug names in unstructured data analysis, we conducted drug

identification on the 18,000 drug-related PubMed abstracts. The

refined and original drug names were converted to lowercase and

tokenized using the “en_core_web_sm” in spaCy. These

tokenized drug names were used to create matching patterns,

which were added to spaCy’s PhraseMatcher. Each abstract was

tokenized, and the PhraseMatcher compared each sequence of

tokens against the created matching patterns. When a match was

found, the drug name was recorded.

Efficiency was measured by comparing the computational

time required for both the refined and original RxNorm drug

name sets. Accuracy was calculated as the ratio of drug names

identified within the abstracts to the total number of drug names,

for both the refined and original sets.

Results

Refinement of drug names

Table 1 provides a summary of the percentages of words

removed at each stage of the refinement process, offering a

clearer overview of the impact of our filtering criteria.

Download and processing of drug names

To refine the drug names in RxNorm, we downloaded the

RxNorm file released on July 3, 2023, from the RxNorm website

[40]. The “RXNCONSO” file in the downloaded zipped files was

used to obtain drug names and other related information, with

drug names stored in the “STR” column. A total of

1,143,201 drug names were retrieved from which

269,931 duplicates were identified and removed. Then, we

examined the types of the retained drug names to remove

those not containing specific drug information. According to

the RxNorm technical documentation [41], three term types (DF,

DFG, SC) pertain to administrative details rather than specific

drugs. We removed 1,009 drug names belonging to these

categories.

Drug names with four or fewer characters

We used 18,000 drug-related PubMed abstracts to evaluate

the occurrence of drug names with four or fewer characters. Out

of 1260 drug names, 687 had zero occurrences and were

discarded. The occurrences of the remaining drug names with

the abstracts are provided in Supplementary Table S1.

We further analyzed the sources of the 687 discarded names.

Our analysis showed that the majority originated from a single

source among the 14 in RxNorm, indicating that drug names

from a single source are unlikely to appear in unstructured drug-

related texts. This result is not surprising, as these names lack

corroboration from other sources. We also examined the source

distribution of these 557 names. As shown in Figure 2A,

DrugBank had the highest number (289), followed by

SNOMEDCT_US (84) and MSH (84). In total, DrugBank,

SNOMEDCT_US, and MSH, contained 628, 250, and

233 drug names with four or fewer characters, respectively.

This indicates that approximately 46%, 34%, and 36% of such

names from DrugBank, SNOMEDCT_US, and MSH were

excluded. In contrast, sources like NDDF and MTHSPL had

fewer names of this length and a lower removal rate, with only

1 out of 60 from NDDF and 6 out of 62 from MTHSPL

being removed.

Drug names with five to 199 characters

For drug names with five to 199 characters, we excluded

those that could lead to redundant occurrence counts in

unstructured data analysis. For example, using both original

drug names “Acetaminophen” and “Acetaminophen 325 MG

Oral Tablet” to identify adverse events for drugs in the text “my

brother had headache after take acetaminophen 325 MG tablet”,

might lead to two counts for the adverse event “headache” when

only one should be recorded. Therefore, drug names that contain

other names were removed, while distinct names without

overlaps were retained. Out of 853,472 names with five to

199 characters, 101,491 are distinct names and were retained,

whereas 751,981 names, which contain other names,

were removed.

TABLE 1 Summary of removed words for each drug name type.

Name type Percentage of removed
words

Duplicates 23.61

Non-drug Names 0.09

Drug Names with less than 5 characters 0.06

Drug Names with 5-199 characters 65.78

Drug Names with >200 characters 1.53
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FIGURE 2
Source distribution of the removed drug names that only originate from a single source for names with four or fewer characters (A), names with
five to 199 characters (B), and names with 200 or more characters (C). The y-axes give number of names and x-axes depict name sources.
Abbreviations: ATC (Anatomical Therapeutic Chemical Classification System), CVX (Vaccines Administered), DB (DrugBank), GS (Gold Standard Drug
Database), MMSL (Micromedex RED BOOK), MMX (Micromedex), MSH (Medical Subject Headings), MTHCMS (CMS Formulary Reference File),
MTHSPL (FDA Structured Product Labeling), NDDF (First Databank), RXNORM (RxNorm itself), SNOMED (SNOMEDClinical Terms), USP (United States
Pharmacopeia), and VANDF (Veterans Health Administration National Drug File).
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A significant portion of the removed names (730,113 out

of 751,981) originate from only one of the 14 sources in

RxNorm. The source distribution of these removed single-

sourced names is shown in Figure 2B. Most of these drug

names came from RxNorm, followed by MTHSPL,

SNOMEDCT_US, NDDF, and MSSL. Specifically, RxNorm,

MTHSPL, SNOMEDCT_US, NDDF, and MMSL provided

279,465, 121,035, 108,421, 99,054, and 91,270 drug names

with five to 199 characters, respectively. The removal rates for

these names are notably high: 87.8% for RxNorm, 85.7% for

MTHSPL, 80.4% for SNOMEDCT_US, 71.9% for MMSL, and

69.7% for NDDF. In contrast, only 16.4% (5,098 out of 31,041)

of the names with five to 199 characters from DrugBank

were removed.

Drug names with 200 or more characters

Drug names with 200 or more characters are rarely used in

unstructured data and, therefore, were excluded. A total of

17,529 such drug names were found in RxNorm and

excluded. All these names originated from a single source,

with the source distribution depicted in Figure 2C.

Evaluation of the refined drug names set

The refined set of drug names include 573 names with four or

fewer characters and 101,491 names with five to 199 characters.

We analyzed the distribution of drug name lengths between the

refined set and the original RxNorm set. As shown in Figure 3,

longer drug names were less likely to be retained in the refined

set. This suggests that longer drug names are more prone to

generating redundant occurrence counts in unstructured data

analysis compared to shorter drug names and were

thus discarded.

To evaluate the efficiency and accuracy of the refined set of

drug names, we used 18,000 drug-related PubMed abstracts. Our

results revealed that 3,065 names were identified in the abstracts,

with lengths ranging from 1 to 46 characters. When we evaluated

the original RxNorm set using the same abstracts, we found

4,471 names with lengths ranging from 1 to 66 characters. The

additional 1,046 names that RxNorm identified in the abstracts

were either false drug names or names likely leading to redundant

occurrence counts in unstructured data analysis. These names

were excluded from the refined set, with the majority originating

from DrugBank and SNOMEDCT_US, as shown in Figure 4.

Our results reveal that the refined set of drug names improved

FIGURE 3
Comparison of name length between the refined set and the original RxNorm set. The y-axis shows the number of drug names, and the x-axis
indicates name length. Name lengths were color coded in red for the refined sets and in blue for the original RxNorm set.
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drug identification accuracy in analyzing unstructured texts

compared to the original RxNorm set.

The efficiency of the refined set of drug names was measured

using the computational time required to analyze the abstracts.

The analysis using the refined set took 1,910 s, while using the

original RxNorm set took 6,301 seconds—over three times

longer. Our results demonstrate a significant improvement in

efficiency when analyzing unstructured data, making the refined

set more suitable for real-time drug safety surveillance.

Discussion

Artificial intelligence is increasingly playing a critical role in

evaluating drug safety and chemical toxicity. By harnessing

machine learning algorithms and computational models,

artificial intelligence can predict adverse effects, identify toxic

compounds, and improve pharmacovigilance efforts. There are

two main types of data involved: structured and unstructured.

Due to their distinct formats and organization, machine learning

techniques are applied differently to each. Structured data is well-

organized and easily interpretable by machines, making it a

natural fit for a wide range of safety assessments and toxicity

endpoints [40–53]. In contrast, unstructured data lacks a

predefined format, which makes it more challenging to

process and analyze. To effectively apply machine learning

techniques, such as natural language processing and recurrent

neural networks, to unstructured data in pharmacovigilance, a

reliable and comprehensive set of drug names is essential.

In this study, we generated a refined set of drug names from

RxNorm to improve the accuracy and efficiency of drug

identification in unstructured data. The original RxNorm set

contained duplicates, non-specific drug names, and names that

were either too long or too short, which hindered effective drug

identification in unstructured data. Our objective was to exclude

such names from analysis of unstructured texts. The refined set

was evaluated using 18,000 drug-related PubMed abstracts,

demonstrating enhanced accuracy and efficiency in drug

identification, thereby potentially improving drug safety

surveillance through unstructured data analysis.

Single-sourced drug names, originated from only one of the

14 sources in RxNorm, are generally less reliable than names

corroborated by multiple sources. These single-sourced names

tend to cause incorrect identification or generate redundant

FIGURE 4
Source of original RxNorm drug names that were excluded from the refined set but identified in the PubMed abstracts. The y-axis represents
number of drug names and the x-axis depicts sources. Abbreviations: ATC (Anatomical Therapeutic Chemical Classification System), CVX (Vaccines
Administered), DB (DrugBank), GS (Gold Standard Drug Database), MMSL (Micromedex RED BOOK), MMX (Micromedex), MSH (Medical Subject
Headings), MTHCMS (CMS Formulary Reference File), MTHSPL (FDA Structured Product Labeling), NDDF (First Databank), RXNORM (RxNorm
itself), SNOMED (SNOMED Clinical Terms), USP (United States Pharmacopeia), and VANDF (Veterans Health Administration National Drug File).
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occurrence counts when analyzing unstructured data, affecting

both the accuracy and efficiency of drug identification. Our

results revealed that the majority of the removed names were

single-sourced, highlighting the importance of utilizing drug

names validated by multiple sources.

Furthermore, most of the removed single-sourced names

originated from FDA Structured Label, RxNorm, and

SNOMEDCT_US. These sources serve distinct roles in drug

information management. The FDA Structured Product Label

provides comprehensive regulatory drug details, including

dosage, formulation, and safety information, to ensure clarity

and reduce medication errors. RxNorm standardizes drug names

by linking ingredients, strengths, and dosage forms, facilitating

interoperability across electronic health systems. SNOMED CT,

on the other hand, is primarily used for clinical documentation

and coding within electronic health records.

RxNorm integrates drug names from multiple external

sources; however, not all names from contributing databases

are necessarily included. Furthermore, many drug names appear

in multiple sources within RxNorm, potentially leading to

redundant listings. To mitigate this, our analysis systematically

identified and removed duplicate drug names contributed by

multiple sources, ensuring that each unique drug name was

counted only once. While these structured resources are

essential for clinical and regulatory use, their detailed naming

conventions can complicate drug identification in unstructured

data. Refining these names is crucial to enhance their

applicability in text-based analyses.

On the other hand, sources like DrugBank and MSH showed

varying levels of reliability across different lengths of drug names.

For drug names with four or fewer characters, DrugBank had a

relatively high removal rate of 46%, indicating that many of these

names are unlikely to appear in unstructured data. However, the

removal rate for DrugBank drug names with five to

199 characters significantly reduced to 16.4%, suggesting that

these names are more reliable in unstructured data analysis.

Similarly, MSH had a high removal rate of 36% for names with

four or fewer characters and a lower rate of 24% for names with

five to 199 characters. Our results suggest that more caution is

needed when using short names from DrugBank and MSH in

unstructured data analysis for drug safety surveillance compared

to their longer names.

Despite the improvements in accuracy and efficiency

demonstrated by the refined set, some limitations should be

noted. First, our refined set of drug names is not error-free for

unstructured data analysis, and some unsuitable names may

persist. For example, short drug names in the refined set

might include common words that, depending on the context,

do not refer to drugs. Second, as RxNorm is primarily composed

of professionally used names, it may not capture the variations

found in street names or slang used in non-professional

documents. Third, because RxNorm is updated monthly,

regular updates are necessary to maintain the accuracy and

relevance of the refined set. Finally, our evaluation was limited

to 18,000 drug-related PubMed abstracts. Although we focused

on abstracts containing the keyword “drug” to increase the

likelihood of identifying drug names, these abstracts may not

represent other unstructured real-world data. We selected the

keyword “drug” to maximize the inclusion of abstracts that

explicitly mention specific drug names. Alternative terms such

as “medications” or “pharmacologic” were not used, as they are

often associated with broader discussions on treatment strategies,

pharmacological mechanisms, or drug classes rather than

individual drug names. Additionally, a composite search

incorporating all relevant MeSH terms was not conducted to

ensure consistency with prior studies that employed keyword-

based retrieval for drug-related text analysis. This approach

maintains methodological alignment while optimizing the

extraction of relevant drug name mentions.

Further efforts are needed to enhance the refined set. One

such effort involves evaluating the set more comprehensively

using diverse unstructured data. Additionally, the refined set

could be improved by integrating advanced algorithms and

machine learning techniques. Machine learning algorithms,

particularly those involving similarity measurements, could be

trained to recognize and link synonymous drug names, thereby

improving accuracy. Natural language processing techniques like

BERT could also be employed to better understand the context in

which drug names appear, further enhancing accuracy. Finally,

developing automated processes for updating the drug names in

the dataset is crucial. As RxNorm updates its dataset monthly,

maintaining the refined set through an automated update process

will ensure its continued reliability for unstructured data mining

in drug safety surveillance.

Conclusion

The development of the refined set of drug names from

RxNorm has shown significant improvements in the accuracy

and efficiency of drug identification in unstructured data. This

refined dataset could be valuable for extracting drug-related

information from unstructured data, thereby supporting more

effective monitoring and management of drug safety through

unstructured data analysis. Our study also highlights the

importance of addressing the limitations of existing drug

names when used for unstructured data mining, particularly

in the context of drug safety surveillance.
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Abstract

Topic modeling is a crucial technique in natural language processing (NLP),

enabling the extraction of latent themes from large text corpora. Traditional

topic modeling, such as Latent Dirichlet Allocation (LDA), faces limitations in

capturing the semantic relationships in the text document although it has been

widely applied in text mining. BERTopic, created in 2022, leveraged advances in

deep learning and can capture the contextual relationships between words. In

this work, we integrated Artificial Intelligence (AI) modules to LDA and BERTopic

and provided a comprehensive comparison on the analysis of prescription

opioid-related cardiovascular risks in women. Opioid use can increase the risk

of cardiovascular problems in women such as arrhythmia, hypotension etc.

1,837 abstracts were retrieved and downloaded from PubMed as of April

2024 using three Medical Subject Headings (MeSH) words: “opioid,”

“cardiovascular,” and “women.” Machine Learning of Language Toolkit

(MALLET) was employed for the implementation of LDA. BioBERT was used

for document embedding in BERTopic. Eighteen was selected as the optimal

topic number for MALLET and 23 for BERTopic. ChatGPT-4-Turbo was

integrated to interpret and compare the results. The short descriptions

created by ChatGPT for each topic from LDA and BERTopic were highly

correlated, and the performance accuracies of LDA and BERTopic were

similar as determined by expert manual reviews of the abstracts grouped by

their predominant topics. The results of the t-SNE (t-distributed Stochastic

Neighbor Embedding) plots showed that the clusters created from BERTopic

were more compact and well-separated, representing improved coherence

and distinctiveness between the topics. Our findings indicated that AI

algorithms could augment both traditional and contemporary topic

modeling techniques. In addition, BERTopic has the connection port for

ChatGPT-4-Turbo or other large language models in its algorithm for

automatic interpretation, while with LDA interpretation must be manually,
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and needs special procedures for data pre-processing and stop words

exclusion. Therefore, while LDA remains valuable for large-scale text analysis

with resource constraints, AI-assisted BERTopic offers significant advantages in

providing the enhanced interpretability and the improved semantic coherence

for extracting valuable insights from textual data.

KEYWORDS

AI, BERTopic, topic modeling, opioid, cardiovascular risks

Impact statement

This study provides a comparative analysis of LDA and

BERTopic in the context of AI-driven topic modeling to

analyze opioid-related cardiovascular risks in women. While

both methods were capable of effectively identifying topics

within text corpora, our findings reveal that BERTopic offers

obvious advantage due to its seamless integration with AI

techniques and improved semantic coherence in text

documents. In addition, it uncovered themes related to

opioid-associated health risks and outcomes in specialized

patient groups, including pregnant patients and those

undergoing coronary surgery. BERTopic’s ability to

automatically incorporate contextual information through

transformer-based models makes it particularly well-suited for

AI generation tasks, where adaptability and precision are critical.

In comparison, LDA, although performing well, requires data

pre-processing and manual adjustments to achieve similar levels

of AI integration. These results underscore the potential

importance of AI integration into topic modeling techniques

in the analysis of large-scale biomedical text data to achieve more

accurate and meaningful insights. This integration not only

enhances the precision of topic modeling but also accelerates

the modeling and output interpretation, potentially empowering

researchers and practitioners with varying levels of expertise to

derive valuable insights from unstructured text data.

Introduction

The opioid epidemic has become a serious national crisis in

the United States, with far-reaching consequences across various

populations [1]. In 2023, nearly 8.6 million Americans 12 years

and older reported misusing prescription opioids and over

5 million reported a prescription use disorder in the past year

[2]. It was reported that approximately 294,000 people died from

overdoses involving prescription opioids from 1999 to 2022 [3].

Healthcare systems bear substantial costs due to increased

hospitalizations and emergency department visits associated

with opioid overdoses [4]. Women have seen a marked rise in

opioid-related issues, for example, since 1999 deaths from

prescription opioid overdoses increased 642% among women

compared with a 439% increase among men [5]. Among these,

women face unique cardiovascular risks associated with opioid

use, necessitating targeted research to understand these complex

relationships [6].

Natural language processing (NLP) has become an essential

tool for extracting meaningful insights from vast amounts of

biomedical literature, such as PubMed abstracts. Topic modeling

has emerged as a foundational technique within the domain of

NLP and text mining, providing an essential methodology for

extracting insightful patterns from extensive and intricate text

datasets. As an unsupervised machine learning approach, topic

modeling discerns latent themes or topics within a corpus of

documents, thereby facilitating the systematic organization,

comprehension, and extraction of meaningful patterns from

vast amounts of unstructured text data, where manual analysis

is both impractical and infeasible [7–10].

The utilization of topic modeling extends across various

fields and applications. It is broadly implemented in

document classification and organization, text summarization,

customer feedback analysis, sentiment analysis, trend analysis,

bioinformatics analysis, and even biological and biomedical

research [11–18]. Traditional topic modeling methods such as

Latent Dirichlet Allocation (LDA) have established a robust

framework for understanding and organizing unstructured

text data. While these conventional techniques have proven

effective across various contexts, they face evident limitations

in capturing the intricate semantic relationships within

increasingly complex and voluminous datasets [19], such as

medical literature. Additionally, the outputs produced by these

traditional methods often pose interpretability challenges,

particularly for individuals who lack domain-specific expertise

[11, 13, 20, 21].

BERTopic was developed by Grootendorst in 2022 by

leveraging advances in deep learning, especially those in

transformer-based models such as Bidirectional Encoder

Representations from Transformers (BERT) which excels in

generating deep contextualized word embeddings by

considering the full context of words in a sentence, as read

from both the left and the right [22]. While LDA (which employs

the “bag-of-words” method) and TF-IDF etc. ignore the order

and context of words [23], BERTopic uses BERT embeddings

which can capture the contextual relationships between words

[24]. BERTopic consists of four major modularized steps:

document embedding, dimensionality reduction, clustering,
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and topic representation [22]. These steps are independent from

each other. Each of these steps can be modified or replaced

without affecting the others. This allows users to customize and

tailor the topic modeling processing by integrating different

algorithms or techniques at different stages of the pipeline.

[25]. Therefore, BERTopic has an important advantage in its

modularity. This flexibility is able to extend integrating an

Artificial Intelligence (AI) module for enhancing result

interpretability.

Multiple studies have applied topic modeling to analyze text

data from social media platforms, electronic health records, and

adverse event reporting systems to understand patterns of opioid

misuse and its societal impact. For instance, we have applied LDA

to perform text mining on prescription opioids-related literatures

in PubMed to capture the research themes and to explore the

prevalent topic dynamics in the literatures [6]. LDA has also been

utilized to examine X (previously Twitter data) for trends in

public sentiment and discourse around opioid use, highlighting a

range of topics including how opioids are administered, opioid

use affecting life and withdrawal symptoms due to trying to quit

opioids [26]. Although BERTopic modeling is a relatively new

algorithm, it has been applied in the text mining in many fields

[27, 28]. These approaches underscore the potential of topic

modeling to inform policy, improve surveillance systems, and

enhance targeted interventions addressing the opioid crisis.

AI has significantly evolved over the past few years and has

found applications in an increasing number of fields. This study

delves into the innovative integration of AI to aid in the

interpretation of results derived from traditional topic

modeling approaches like LDA and contemporary methods

such as BERTopic. To comprehensively compare the

performance of AI-integrated LDA and BERTopic, we used a

curated dataset of biomedical abstracts retrieved from PubMed

for prescription opioids-related cardiovascular issues in women.

By applying these two AI-integrated models to this specific

dataset, we aimed to evaluate their effectiveness and

accuracies in uncovering the intricate themes within the

literature and their ability to handle the complexities inherent

in biomedical texts. The comparison focused on the coherence,

contextual relevance, and ease of use of each model, providing

insights into their respective strengths and limitations.

Materials and methods

Data collection and preprocessing

The PubMed abstract collection was pursued in April 2024 by

utilizing the PubMed file retrieval tool easyPubMed v2.13. All the

available abstracts which were published before April 15th, 2024,

were obtained by searching PubMed with three mesh words:

“opioid”, “cardiovascular”, and “women” based on the following

criteria: a). language: only English-language abstracts were included;

b). availability: abstracts that are freely accessible and available in full

text; and c). species: the search scope was restricted to human related

research. The search query was set up as “cardiovascular AND

opioid AND humans [mh] AND english [la] AND [(women) OR

(female)] NOT exclude preprints [Publication Type]”.

Datasets collected directly from PubMed may contain noisy

information that can compromise the relevance of the results [18].

The curated abstract dataset was preprocessed firstly by removing

numbers, punctuations, special characters, html tags andURLs from

the dataset using sed (stream editor in Linux). Next, the Stanford

NLP tool Stanza [29] was employed to lemmatize the pre-processed

text data to remove inflectional endings and to convert a word back

to its root form (e.g., running to run). Stop words were excluded by

the remove-stopwords function in MALLET (Machine Learning for

Language Toolkit) [30].

Unlike LDA, BERTopic does not need data preprocessing

and uses the original sentences in the curated dataset as the

original structures of the texts play vital roles for BERTopic’s

transformer models.

FIGURE 1
Customized BERTopic pipeline used for this study. The
abstracts were first embedded using BioBERT. Then UMAP was
employed for dimensionality reduction, followed by HDBSCAN for
clustering. CountVectorizer was then used for tokenization
and handling the stopwords. c -TF-IDFwas applied for aweighting
scheme. Lastly, fine-tuning representations was achieved with
ChatGPT, enhancing the interpretability and quality of the topic
modeling outputs.
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Implementation of topic models

Model 1: ChatGPT powered LDA
The latest version, MALLET v2.0.8, was installed and used

under openJDK 11.0.22. to implement LDA. MALLET is a Java-

based package designed for statistical natural language

processing, document classification, topic modeling,

information extraction, and other machine learning

applications regarding textual data [30].

As a crucial step in topic modeling, determining the optimal

number of topics for a LDA model can significantly influence the

quality and interpretability of the results [31]. It is often done

through time-consuming trial-and-error or using perplexity-based

methods which may not always yield stable results. In this study, the

Rate of Perplexity Change (RPC)-based approach [32] was adopted

to determine the optimal number of topics in LDA. This method

aims to find the first change point in the RPC which implies the

most appropriate number of topics for a given dataset.

MALLET was then re-run on the same dataset with all the

same settings except changing the parameter for topic number to

the most fitting one. The top 100 words of each topic along with

their corresponding probabilities and the abstracts clustered in

the topic were uploaded to ChatGPT-4-Turbo to generate a one-

sentence description for each topic.

Model 2: BERTopic
As shown in Figure 1, BioBERT was selected for the document

embedding as the first step [33]. For dimensionality reduction and

clustering, the default algorithms of Uniform Manifold

Approximation & Projection (UMAP) [34] and Hierarchical

Density-Based Spatial Clustering of Applications with Noise

(HDBSCAN) [35] were used, respectively. Although not

necessary to remove stop words from the data, CountVectorizer

from the sklearn package [36] was utilized to handle the stop words.

ChatGPT-4-Turbo was employed as the last step.

Performance comparison

Accuracy of relevance by manual expert review
To validate the accuracies of the outcomes from the two AI-

integrated topic modeling approaches, we randomly picked one

topic from each group of topics generated by the two approaches.

The abstracts which were clustered into the two topics were read

by domain experts to manually evaluate if the abstracts properly

aligned with the respective topics.

Abstract clusters by visualization analysis
Each abstract was labeledwith the topics and their corresponding

probabilities, derived from LDA and BERTopic, respectively. t-SNE

(t-distributed Stochastic Neighbor Embedding) [37] was utilized to

reduce the 18-dimensional (LDA MALLET)/21-dimensional

(BERTopic) topic probabilities to 3 dimensions prior to clustering

the abstracts. Each cluster was then evaluated to see if the abstracts in

a cluster had the same topic number.

Coherence comparison
In addition to comparing the topic results manually, UMass

coherence score [38] was utilized to evaluate the performance of

the two methods, BERTopic and LDA (MALLET). UMass

coherence scores for each topic were calculated by using the

Python package gensim v3.8.3 [39]. An acceptable coherence

score should be a value between −14 and 14 according to the

genism documentation [40].

FIGURE 2
Research workflow.
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Results and discussion

Currently, the development of AI has raised an interesting

question on how to integrate the AI/large language models with

the traditional NLP to enhance the capabilities of language

processing systems, enabling more accurate, context-aware,

and sophisticated analysis of text data. Traditional NLP

methods often rely on rule-based approaches and statistical

models, while AI, particularly through machine learning and

deep learning, brings a more dynamic and context-aware

understanding of language. In this study, we integrated

ChatGPT4-Turbo to traditional MALLET-based LDA and

BioBERT-embedded BERTopic and underscore the

transformative potential of AI in enhancing topic modeling

techniques. A dataset of PubMed abstracts focused on opioid-

related cardiovascular risks in women was used as a case study.

The objective was to compare and evaluate the performance of

these two topic modeling techniques leveraged by the advances of

AI algorithms in uncovering meaningful themes within a

specialized biomedical dataset. The proposed approach can be

applied to any topic modeling algorithm coupled with an AI

system in the downstream pipeline through either manually

implementation or automatic connection with programming

language interface. Figure 2 illustrates the workflow for this

study. 1,837 abstracts were retrieved and downloaded from

PubMed through April 2024 using three MeSH words:

“opioid,” “cardiovascular,” and “women,” followed by

processing by MALLET topic modeling or BERTopic. The

outputs of the two topic modeling approaches were compared

from several aspects following integration with ChatGPT-4-

Turbo manually or automatically.

Ease of large language model integration
and use

As shown in Figure 2, the integration of ChatGPT-4-Turbo

or other large languages with LDA required additional steps,

including data pre-processing, tuning hyperparameters and

manually uploading the LDA outputs to ChatGPT-4-Turbo

for refining the generated topics. The RPC-based method was

applied to calculate the rate of change in statistical perplexity, and

using this approach, 18 was identified as the optimal topic

number for the LDA topic modeling (Figure 3). These

additional data processing steps were time-consuming and

labor-intensive, and required a deep understanding of both

the model and the dataset to achieve optimal results,

especially when dealing with a large and complicated dataset.

BERTopic provided a simpler and streamlined experience.

Since BERTopic technically determines the optimal topic

number and the other parameters by the algorithm itself, it is

not necessary to spend extra time tuning parameters.

Consequently, BERTopic generated 21 topics from this

dataset. The integration of ChatGPT-4-Turbo is an inherent

part of the BERTopic, therefore, the ease of use and automatic

FIGURE 3
The Rate of Perplexity Change (RPC) Plot. Illustration of the
RPC as a function of the number of topics (topic_num) for LDA
modeling. The y-axis represents the RPC, while the x-axis indicates
the number of topics.

FIGURE 4
A 3D scatter plot visualization of the distribution of abstracts
based on the topics identified by the BERTopic model. Each point
represents an abstract and the color represents the abstracts
assigned topic (Table 1). The axes represent the reduced
dimensions obtained through t-SNE, which projects the high-
dimensional topic space into three dimensions for better
visualization.
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TABLE 1 The topics generated by ChatGPT-integrated BERTopic and LDA.

BERTopic

Topic Topic Labels by ChatGPT-4-Turbo

1 Effects of Remifentanil on Cardiovascular Response during Anesthesia Induction and Intubation

2 Cardiovascular Effects of Various Anesthetics in Coronary Surgery

3 Anesthesia Management in Pregnant Patients with Cardiac and Pulmonary Complications

4 Opioid Use and Associated Health Aspects in Various Patient Populations

5 Opioid Use and Associated Health Aspects in Various Patient Populations

6 Postoperative Pain Management in Cardiovascular Surgeries

7 Comparative Analyses of Opioid and Sedative Efficacy in Postoperative and Intensive Care Settings

8 Methadone Use and Associated Cardiovascular Risks

9 Opioid and Drug Use Disorders in Hospitalized Patients

10 Opioid-Associated Risks and Mortality in Medical Settings

11 Opioids and Health Outcomes in Specific Patient Populations

12 Cardiovascular Effects and Analgesia in Anesthesia Procedures

13 Opioid Use, Migraine Management, and Associated Health Outcomes

14 Opioid Effects and Management in Postoperative and Cardiac Care

15 Opioid and Opium Use Impact on Health and Mortality in Iran

16 Cardiovascular Effects of Anesthesia in Surgical Patients

17 Opioid and Anesthetic Effects on Cardiovascular and Hemostatic Responses in Clinical Settings

18 Management of Pain and Opioid Use in Clinical Settings

19 Effects of Salvinorin and Related Compounds on Opioid Receptors and Vascular Responses in Humans and Animal Models

20 Opioid Receptor Activation and Its Effects on Cellular and Physiological Responses

21 Drug Use and Health Outcomes in Special Populations

MALLET

Topic Topic Labels by ChatGPT-4-Turbo

1 Topic_1 primarily explores the interactions and effects of opioids on cardiovascular and autonomic nervous system responses, particularly
focusing on changes in blood pressure, heart rate, and sympathetic activity during various medical procedures and conditions

2 The topic primarily focuses on the association between opioid use and various health outcomes, particularly cardiovascular diseases, in different
populations

3 This topic primarily focuses on the medical complications and management associated with intravenous drug use, particularly in relation to
infective endocarditis, vascular injuries, and the administration of anesthesia and analgesia in surgical settings

4 The topic primarily focuses on the clinical efficacy, safety, and comparative analysis of various pharmacological treatments, including opioids,
NSAIDs, and other analgesics, in managing pain and related symptoms across different medical conditions and patient populations

5 The topic focuses on the effects and management of analgesia and anesthesia during labor and delivery, examining their impact on maternal and
neonatal outcomes, including fetal heart rate patterns and drug exposure

6 The topic focuses on the comparison and evaluation of various sedative and analgesic drugs, their combinations, and administration techniques
in managing pain and sedation during medical procedures, emphasizing their effects on cardiovascular and respiratory systems, efficacy, safety,
and patient recovery outcomes

7 This topic focuses on the clinical outcomes, interventions, and trials related to acute myocardial infarction (AMI), including the use of various
medications and their effects on patient recovery and complications

(Continued on following page)
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handling of context made BERTopic more accessible and

efficient, reducing the need for extensive manual intervention.

Topic coherence and interpretability

Table 1 shows the output topics from AI-integrated LDA

model (18 topics) and BERTopic model (21 topics), that were

subsequently interpreted by ChatGPT-4-Turbo. The MALLET-

based LDA model generated 18 topics across the dataset

(Table 1). The topics generated by LDA were coherent and

interpretable, for example, Topic 1, explored the “interactions

and effects of opioids on cardiovascular and autonomic nervous

system responses,” with a broad focus on “blood pressure, heart

rate, and sympathetic activity.” The manual integration of AI

techniques improved coherence to an extent and lowered

dependency on expertise. While relevant themes were

captured, the interpretations from ChatGPT-4-Turbo seemed

to lack contextual specificity, potentially due to the indirect

manual integration of the LDA outputs into ChatGPT-4-Turbo.

Comparatively, the abstracts in the same dataset were first

embedded using BioBERT (Figure 2). The use of transformer-

based contextual embeddings enabled BERTopic to distinguish

between closely related concepts, such as different cardiovascular

effects of various anesthetic agents and opioid use during specific

medical procedures. Consequently, BERTopic generated 21 distinct

topics, with clear, contextually rich labels (Table 1). For instance,

Topic 1 focused on the “Effects of Remifentanil on Cardiovascular

Response during Anesthesia Induction and Intubation,”while Topic

12 highlighted “Cardiovascular Effects and Analgesia in Anesthesia

Procedures.” These topics demonstrated BERTopic’s ability to

generate specific and clinically relevant themes directly tied to the

nuances of medical procedures and conditions. In addition,

BERTopic excelled in maintaining contextual relevance. For

instance, BERTopic differentiated between opioid-induced

complications in various medical settings, such as postoperative

care and labor (Topic 6, 7, 14), without the need for extensive

manual adjustments.

We also calculated the UMass coherence scores to evaluate

the performance of the topic modeling (Table 2). The calculation

of the UMass coherence score provided a quantitative measure of

topic quality based on word co-occurrence patterns within the

dataset. More negative values represent that the words rarely co-

occur, while values closer to zero indicate a higher tendency for

words to co-occur [38, 41]. The UMass coherence scores of the

18 topics generated by LDA MALLET fall within the interval

of −3.1 and −1 (Table 2a); and the coherence scores of the

21 topics from BERTtopic fall within the interval of −1.1 and 0

TABLE 1 (Continued) The topics generated by ChatGPT-integrated BERTopic and LDA.

MALLET

Topic Topic Labels by ChatGPT-4-Turbo

8 Topic 8 focuses on the comparison and evaluation of different surgical and anesthetic techniques in managing postoperative outcomes, pain, and
complications in various medical procedures, emphasizing the effectiveness, safety, and impact on recovery times and hospital stays

9 This topic focuses on the study of opioid effects and interactions, particularly in relation to pain, stress responses, and various physiological and
behavioral outcomes

10 The effects of various anesthetic agents and techniques on cardiovascular and hemodynamic responses during surgical procedures

11 Topic_11 focuses on the comparison and evaluation of different analgesic techniques and medications for postoperative pain management,
particularly in relation to their efficacy, side effects, and impact on recovery in various surgical settings

12 The topic primarily focuses on the health impacts, particularly cardiovascular and pulmonary issues, associated with substance abuse and
overdose, including the effects of various drugs like opioids, cocaine, and methadone on the human body

13 Topic 13 focuses on the effects and management of anesthesia, particularly in relation to cardiovascular stability, respiratory effects, and recovery
times, with a specific emphasis on various anesthetic agents and techniques used during surgical procedures

14 Pharmacokinetics and pharmacodynamics of opioids and other drugs, focusing on their distribution, clearance, and effects within the body,
particularly in relation to the blood-brain barrier and various bodily fluids

15 Polypharmacy and drug interactions in elderly patients, focusing on adverse drug reactions, prescribing patterns, and the impact of specific
medications on health outcomes

16 Topic_16 focuses on the management and outcomes of opioid use in various medical settings, including treatment programs and emergency
interventions, with an emphasis on the impact of opioid-related complications and mortality rates

17 Topic 17 primarily explores the cardiovascular effects and electrophysiological properties of various substances, including opioids and
anesthetics, on the human heart, particularly focusing on QT interval prolongation, heart rate, and blood pressure responses

18 This topic involves the study of opioid receptors and their interactions with various peptides and antagonists, focusing on their effects on
cardiovascular and neuroendocrine responses, as well as their potential therapeutic applications in conditions like pain management, shock, and
cardiac function
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(Table 2b). All the coherence scores were between −14 and 14,

and therefore considered as reasonable according to the genism

documentation [40]. Comparatively, higher coherence scores for

the topics from BERTopic (Table 2b) indicated that the words

within a topic are more semantically related, reflecting better

topic interpretability for the dataset.

Relative accuracy

Topic 7 generated by MALLET-based LDA, and Topic

10 generated by BERTopic were randomly selected and expert

reviews were conducted to assess the accuracy of topic

relevancies of the clustered abstracts. Supplementary Figure S1A,

S1B are the word clouds generated from Topic 7 using LDA and

from Topic 10 using BERTopic, respectively. Topic 7 generated

using LDA is interpreted as “focuses on the clinical outcomes,

interventions, and trials related to acute myocardial infarction

(AMI), including the use of various medications and their effects

on patient recovery and complications” (Table 1). Results from two

experts’ reviews revealed that 44 out of 49 (89.8%) abstracts were

relevant to this topic (Supplementary Table S1A). Comparatively,

Topic 10 from BERTopic was interpreted as “Opioid-Associated

Risks and Mortality in Medical Settings” (Table 1), and the experts’

reviews revealed that 45 out of 53 (84.9%) abstracts were relevant to

the topic (Supplementary Table S1B). The reviews also revealed that

bothmodels produced topics with similar levels of accuracy in terms

of relevance to the opioid-related cardiovascular issues present in the

dataset. The overall alignment with expert-identified themes was

consistent across both approaches.

Although the two topics were randomly selected for both

topic modeling approaches, the relatively lower level of accuracy

of relevance from the BERTopic-generated topic might be due to

the insufficient tuning of the parameters after embedding with

BioBERT. In this study, we adopted the default setting provided

by the developer, and ignored the fact that the hyperparameters,

TABLE 2 Coherence scores of the topics generated by LDA (MALLET)
(a) and BERTopic (b).

(a)

Topic UMass coherence score

1 −1.5384

2 −2.0769

3 −1.4679

4 −1.9958

5 −2.1126

6 −1.8969

7 −2.1451

8 −1.9566

9 −2.0757

10 −1.7339

11 −3.0060

12 −2.2331

13 −1.3128

14 −1.9189

15 −1.5609

16 −1.7165

17 −1.8042

18 −1.3799

(b)

Topic UMass coherence score

1 −0.1023

2 −0.0798

3 −0.0593

4 −0.0531

5 −0.2831

6 −0.4271

7 −0.1564

8 −0.2707

9 −0.0783

10 −0.1169

11 −0.2800

12 −0.0983

13 −0.1544

14 −0.4083

(Continued in next column)

TABLE 2 (Continued) Coherence scores of the topics generated by LDA
(MALLET) (a) and BERTopic (b).

(b)

Topic UMass coherence score

15 −0.1719

16 −1.0587

17 −0.6269

18 −0.6592

19 −0.7001

20 −0.9951

21 −0.1447
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such as n_components, n_neighbors of UMAP, and the

parameter min_cluster_size of HDBSCAN, may directly affect

the decision for the number of topics after embedding, thereby

affecting the topic outputs.

Specificity by visualization analysis

Hypothetically, each abstract is represented as a point in an 18-

dimensional (LDA)/21-dimensional (BERTopic) space where each

coordinate represents the probability that a corresponding topic

occurring in the document. The high dimensionality of the data

usually poses challenges for visualization. As such, t-SNE [37] was

used to reduce the 18-dimensional/21-dimensional topic

probabilities to 3 dimensions, respectively. This transformation

provided an intuitive visualization of abstract distribution by

plotting the data in 3-dimensional space. Figures 4, 5 show the

distributions of abstracts labeled by BERTopic and Mallet,

respectively. Each point represents an abstract, and each color

represents a different topic to which the abstract was clustered.

The 3D scatter plot provides a powerful tool for visually assessing the

performance of the LDA and BERTopic models and understanding

the structure of the topics within the dataset. Comparing the

separation of clusters in both plots, BERTopic (Figure 4) shows a

larger distance between the clusters and more distinct separation

between the clusters as compared to LDA (Figure 5), which suggests

better topic coherence and differentiation. Meanwhile, the LDA

scatter plot (Figure 5) reveals more overlapping clusters than the

BERTopic scatter plot (Figure 4), indicating that LDA topics are less

distinct or more generalized, which is in agreement with the results

in Table 1. Moreover, since the outliers may represent abstracts that

don’t fit well into any of the topics, fewer outliers in Figure 4

generally suggests that BERTopic is better at capturing the

underlying structure of the dataset. In summary, for biomedical

applications, particularly those involving detailed and context-

sensitive information like opioid-related cardiovascular risks in

women, BERTopic offers some advantages over traditional LDA

models, and better captures the structure and themes of this dataset,

especially when using AI-enhancement.

The results of the case study: opioids-
related cardiovascular risks in women

Both AI-integrated LDA and BERTopic models generated

meaningful topics from the case study on opioid-related

cardiovascular risks in women, highlighting key areas of concern

and clinical relevance. The BERTopic model identified 21 distinct

topics, emphasizing specific clinical contexts such as the effects of

remifentanil on cardiovascular response during anesthesia, opioid

use in different patient populations, and postoperative pain

management following cardiovascular surgeries. This model also

uncovered themes related to opioid-associated health risks and

outcomes in specialized patient groups, including pregnant

patients and those undergoing coronary surgery.

In comparison, the LDA model generated 18 topics with a

broader focus on the interactions between opioids with

cardiovascular and autonomic nervous system responses. This

analysis highlighted the association between opioid use and

cardiovascular diseases across different populations and detailed

the medical complications related to intravenous drug use, such as

infective endocarditis and vascular injuries. The LDA model also

explored the efficacy and safety of various pharmacological

treatments, including opioids, in managing pain and related

symptoms, particularly in surgical and postoperative settings.

We will apply the results obtained from the two topic

modeling approaches and explore the detailed information for

opioid-related cardiovascular risks in women in a future study.

In conclusion, this study demonstrated the effectiveness of both

AI-integrated LDA and BERTopic in the text mining of opioid-related

cardiovascular risks in women, with BERTopic offeringmore granular

insights, context-specific topics, and a user-friendly working stream

FIGURE 5
A 3D scatter plot visualization of the distribution of abstracts
based on the topics identified by the MALLET-based LDA model.
Each point represents an abstract and the color represents the
abstracts assigned topic. The axes represent the reduced
dimensions obtained through t-SNE, which projects the high-
dimensional topic space into three dimensions for better
visualization.
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through its AI integration. In this study, we did not try to change the

traditional/advanced topic modeling algorithms, but to integrate AI

tools to enhance or empower the performance of the models. The

findings highlighted the importance of AI integration with traditional

NLP techniques, which reveal potentially promising directions for

future research advancements. By combining the strengths of

traditional methods with the advanced pattern recognition and

contextual understanding of AI, researchers and developers can

build more powerful tools for applications in many fields. As AI

continues to evolve, its integration with NLP will likely drive further

innovations in how we understand and interact with language. It is

reasonable to expect that integrating AI into currently available

computational algorithms is a highly promising approach that

enhances efficiency, adaptability, and accuracy across various

domains. Meanwhile, there exist some challenges to consider. Based

on our limited experiences, thoughtful design and validation (such as

domain expertise integration) are essential to maximize its benefits.
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Abstract

Pharmacogenomics (PGx) holds the promise of personalizing medical

treatments based on individual genetic profiles, thereby enhancing drug

efficacy and safety. However, the current landscape of PGx research is

hindered by fragmented data sources, time-consuming manual data

extraction processes, and the need for comprehensive and up-to-date

information. This study aims to address these challenges by evaluating

the ability of Large Language Models (LLMs), specifically Llama3.1-70B, to

automate and improve the accuracy of PGx information extraction from the

FDA Table of Pharmacogenomic Biomarkers in Drug Labeling (FDA PGx

Biomarker table), which is well-structured with drug names, biomarkers,

therapeutic area, and related labeling texts. Our primary goal was to test the

feasibility of LLMs in streamlining PGx data extraction, as an alternative to

traditional, labor-intensive approaches. Llama3.1-70B achieved 91.4%

accuracy in identifying drug-biomarker pairs from single labeling texts

and 82% from mixed texts, with over 85% consistency in aligning

extracted PGx categories from FDA PGx Biomarker table and relevant

scientific abstracts, demonstrating its effectiveness for PGx data

extraction. By integrating data from diverse sources, including scientific

abstracts, this approach can support pharmacologists, regulatory bodies,

and healthcare researchers in updating PGx resources more efficiently,

making critical information more accessible for applications in

personalized medicine. In addition, this approach shows potential of

discovering novel PGx information, particularly of underrepresented

minority ethnic groups. This study highlights the ability of LLMs to
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enhance the efficiency and completeness of PGx research, thus laying a

foundation for advancements in personalized medicine by ensuring that

drug therapies are tailored to the genetic profiles of diverse populations.

KEYWORDS

pharmacogenomics, large language models, LLMs, biomarker, minority ethnic groups

Impact statement

This study demonstrates the utility of Large Language

Models (LLMs), specifically Llama3.1-70B, in automating

pharmacogenomic (PGx) data extraction, addressing the

limitations of traditional manual methods that are labor-

intensive and slow to update. By achieving high accuracy in

identifying drug-biomarker pairs and integrating diverse data

sources, this work offers a practical solution for pharmacologists,

regulatory agencies, and healthcare professionals to streamline

PGx database updates. With automated extraction processes,

LLMs reduce the time and effort required to incorporate new

PGx insights, potentially enabling updates at a frequency and

scale that were previously unfeasible. This capability is critical for

translating PGx research into actionable, personalized treatment

guidelines that reflect the genetic diversity of patient populations,

ultimately advancing equity in personalized medicine.

Introduction

Pharmacogenomics (PGx) represents a pivotal advancement

in personalized medicine, tailoring drug therapies based on an

individual’s genetic profile [1, 2]. By understanding how genetic

variations influence drug response, PGx enables healthcare

providers to optimize treatment efficacy and minimize adverse

drug reactions [3, 4]. This personalized approach holds the

potential to significantly enhance patient outcomes, especially

in the management of complex diseases such as cancer,

cardiovascular disorders, and mental health conditions [5].

The importance of PGx lies in its ability to provide more

precise and effective treatments. For instance, variations in

genes encoding drug-metabolizing enzymes, drug transporters,

and drug targets can greatly influence a patient’s response to

certain medications. These genetic differences can determine

whether a patient will benefit from a particular drug,

experience no effect, or suffer from adverse reactions [6, 7].

Despite its promise, the clinical implementation of PGx has

been slower than anticipated, partly due to the complexity of

drug-gene interactions and the need for extensive empirical

evidence [8]. As our understanding of genetic factors in drug

response continues to grow, PGx is poised to become a standard

component of healthcare, revolutionizing the way treatments are

tailored to individual patients. Various databases and resources

for PGx information have been established to improve the

accessibility and utility of this data. Key resources include the

Pharmacogenomics Knowledgebase (PharmGKB), which curates

information about how genetic variations affect drug response

[9]. The pharmacogenomics database (PGxDB) database offers a

comprehensive platform for integrating PGx data, allowing

researchers to explore drug, target, and disease relationships

[10]. Additionally, the FDA has released the Table of

Pharmacogenomic Biomarkers in Drug Labeling (Table of

Pharmacogenomic Biomarkers in Drug Labeling | FDA),

providing drug and PGx biomarker pairs found in given drug

labeling sections which serves as the primary data source for this

study. Meanwhile, PGx-related research articles containing new

findings and conclusions are crucial for timely updating of

current PGx information. For instance, relevant abstracts can

be retrieved from PubMed or other resources. These resources

are essential for advancing the field of PGx and ensuring that

clinicians have the necessary tools to apply genetic insights to

patient care.

Large Language Models (LLMs) like Llama3.1 represent a

significant advancement in natural language processing, offering

powerful capabilities for extracting and analyzing complex data

from diverse sources. These models, trained on vast amounts of

text, can understand and generate human-like language, making

them highly effective for tasks such as data extraction,

summarization, and information synthesis [11, 12]. Recent

studies have demonstrated the potential of LLMs in various

fields, including PGx. For instance, LLMs have been shown to

significantly improve the efficiency and accuracy of data extraction

processes, and AI assistant showed improved efficacy in answering

user questions [13]. By leveraging these models, researchers can

automate the extraction of PGx information, overcoming

challenges related to the time-consuming and labor-intensive

nature of manual data processing.

In this study, we focused on evaluating the capabilities of

LLMs, particularly Llama3.1-70B [14, 15], for PGx information

extraction from various data sources. Our goal was to enhance

the current PGx information collection by improving its accuracy

and incorporating recent studies to fill in gaps and ensure the

data is comprehensive. It was essential to ensure that the model

could reliably identify and extract key PGx data, such as drugs

and related biomarkers, from diverse sources with a remarkable

degree of precision. The model demonstrated a high accuracy

rate of 91.4% when extracting information from structured texts

in the FDA PGx Biomarker table and 82% from the mixed texts,

underscoring its effectiveness in handling different types of data.

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine02

Li et al. 10.3389/ebm.2024.10393

63

https://www.fda.gov/drugs/science-and-research-drugs/table-pharmacogenomic-biomarkers-drug-labeling
https://www.fda.gov/drugs/science-and-research-drugs/table-pharmacogenomic-biomarkers-drug-labeling
https://doi.org/10.3389/ebm.2024.10393


A key aspect of our study was the integration of diverse

resources, including well-structured databases like the FDA PGx

Biomarker table, alongside relevant scientific abstracts. By

combining these sources, we were able to cross-validate and

enrich the PGx data, ensuring a more comprehensive, accurate,

and up-to-date dataset, particularly with insights related to

underrepresented populations and novel drug-biomarker

interactions. The results can better support personalized

medicine initiatives and enhance the overall effectiveness of

pharmacogenomic applications.

Materials and methods

Data processing for the FDA PGx
biomarker table

The FDA PGx Biomarker table (06/2023 version) was

downloaded in PDF format and converted into one Excel

table. All the special characters were then removed from the

texts. Biomarkers with multiple gene names or aliases were

further processed to ensure all the entries were retained. For

instance, for the listed biomarker ERBB2 (HER2), either

ERBB2 or HER2 identified by the model was considered a

correct identification. To ensure there was sufficient content

from which the model could extract information, labeling

texts in the FDA PGx Biomarker table with fewer than

300 words were removed from the analysis.

Prompt and model settings

The Llama3.1-70B-Instruct model [14, 15] was employed in this

study for the PGx information extraction and summarization. The

model was run using its default settings. We utilized the

“client.chat.completions.create” function to interact with the

model and obtain the responses. To guide the model effectively,

we set the system context as: “You are an expert in pharmacogenetics

and assistme in extracting information from texts.”This context was

designed to align the model’s responses with the specialized nature

of the task. The PGx texts from the PGx Biomarker table that

required information extraction, along with specific questions, were

provided in the prompt as user content. For example, a typical

prompt would be: “Please review this labeling text and identify the

pairs of drug and biomarker clearly mentioned. Output the pairs in

‘drug-biomarker’ format. Please try to give me both the generic name

and brand name of the drug.” As a result, the model may identify

multiple drug-biomarker pairs from the query texts, andwe consider

the extraction correct if the listed pair is included in the results.

The prompt we used to extract PGx information from the

label texts was “Based on this content [texts for information

extraction], answer the following questions step-by-step in short

answers, only about the drug [drug name] and biomarker

[biomarker name] as a pair. Then please generate a horizontal

form table with the following items: Phenotypes/Genotypes:

Identify the phenotypes (drug response influenced) or genotypes

(genetic variants) associated with the biomarker. Frequency by

Ethnicity: Provide the frequencies of the identified phenotypes or

genotypes by ethnicity. Reason for PGx Labeling: State the reason

for pharmacogenomic labeling of the biomarker. ADRs Associated

with Biomarker: Identify adverse drug reactions related to the

biomarker. Gender Differences: Indicate whether the biomarker is

influenced by gender (Yes/No). Ethnicity Differences: Indicate

whether drug response differs by ethnicity (Yes/No). Asian

Stats: Provide the phenotype or genotype frequency of the

biomarker in the Asian population. If no data is available,

write ‘No data.’ Black/AA Stats: Provide the phenotype or

genotype frequency of the biomarker in the Black population. If

no data is available, write ‘No data.’ Hispanic Stats: Provide the

phenotype or genotype frequency of the biomarker in the Hispanic

population. If no data is available, write ‘No data.’ Polymorphism:

Identify the genotype of the biomarker that influences drug

response. Summary: Categorize the information using one or

more keywords from ‘Therapeutic Use,’ ‘Dosing,’ ‘Drug

Response,’ ‘Metabolism,’ and ‘Ethnicity-Specific’.”

Generation of mixed texts

To mimic the real-world scientific texts, which often discuss

multiple drugs and biomarkers, we generated mixed texts by

combining the labeling texts associated with two different drug-

biomarker pairs from the FDA PGx Biomarker table. Each labeling

text record was divided into five groups by randomly determining

where to break the text, always ensuring the breaks occurred at the

end of a sentence. This approach preserved the original sequence

of sentences within each group. To create a mixed text, we selected

these ten groups, five from each of two different segmented

records, and merged them. This process allowed us to generate

new, coherent mixed texts while blending information from two

distinct drug-biomarker pairs (Supplementary Figure 1).

PubMed abstracts query

The PubMed API and Entrez library [16] were used to

retrieve relevant abstracts based on a given drug-biomarker

pair. We requested the title or abstract of one publication to

contain both the drug and biomarker. To further narrow down

the candidates to ensure the relevance of the collected abstracts,

we also required that one of the keyworks, including PGx,

pharmacogenomics, minority, variants, mutations, and

population, be presented in either the title or abstract.

Additionally, if no abstract could be found based on the initial

query, we then searched for those abstracts that mentioned only

the drug and biomarker. Considering the limitation of prompt
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length of the Llama3.1-70Bmodel, we collected up to five abstracts

for each PGx labeling record. The same prompt was used to extract

PGx information from abstracts and from labeling texts.

Calculation of concordance rate

In this study, we used the concordance rate to measure the

extent to which PGx categories (Therapeutic Use, Dosing, Drug

Response, Metabolism, and Ethnicity-Specific) identified from

the PGx labeling texts were also represented in the relevant

abstracts for the same drug-biomarker pair. The concordance

rate was calculated using the following formula:

Concordance rate

� #of PGx categories common to both PGx labeling texts and relevant abstracts
#of PGx categories identified in PGx labeling texts

This metric provided a clear and quantitative assessment of

the overlap between the information in the PGx labeling texts and

the scientific abstracts, allowing us to evaluate the consistency and

completeness of the extracted data across different sources.

Results

High accuracy achieved with structured
labeling texts in the FDA PGx
biomarker table

We first evaluated the model’s ability to identify drug and

biomarker pairs from the labelling texts in the FDA PGx

Biomarker table. Each entry contains the drug name, associated

biomarker, therapeutic area, and labeling texts. Our analysis

focused on the therapeutic area of Oncology, which had the

largest number of records in the table (Figure 1A). We excluded

records with non-gene biomarkers such as chromosome alterations

or hormone receptors. As a result, out of 210 drug-biomarker pairs,

the model successfully identified 192 pairs, achieving an

identification accuracy of 91.4% (Figure 1B). Among these,

36 pairs required manual review and confirmation due to

discrepancies arising from variations in nomenclature, such as

the use of generic versus brand names of drugs or biomarker

aliases. For example, the model identified the biomarker MKI67 as

Ki-67, where MKI67 refers to the gene encoding the Ki-67 protein,

indicating both terms represent the same entity. After manual

validation, these 36 pairs missed by exact name matching were

confirmed as correctly identified, contributing to the overall count

of 192 accurate predictions (Figure 1C).

By manually reviewing the 18 records where the model failed

to identify the drug-biomarker pairs, we found that most of them

had short labeling texts in the FDA PGx Biomarker table,

sometimes without the drug or biomarker even mentioned,

leaving no way for the model to extract them. Another

example was the drug brand name LONSURF, which was

mentioned in the labeling text column of the PGx Biomarker

table, but the listed drug names were tipiracil and trifluridine, the

generic names of this drug. For this particular record, the model

failed to identify either the brand or generic names.

Challenges with mixed texts

As Llama3.1-70B demonstrated high accuracy in identifying

drug-biomarker pairs from a section of labeling text, we further

challenged the model with mixed texts from two records. This

FIGURE 1
(A) The frequency of the Therapeutic Area in the FDA PGx Biomarker table. Majority of the records were related toOncology. (B) The percentage
of listed drug-biomarker pairs identified correctly by themodel in structured andmixed texts, respectively. (C) The number and partition of the drug-
biomarker identification results in structured texts.
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approach aimed to mimic the complex content often

encountered in scientific studies, where discussions typically

involve multiple drugs and biomarkers. To create a mixture

testing set, we selected two records, each related to different

drugs, and split them by sentences. These sentences were then

merged to form a single paragraph, which was subsequently fed

to the model (Methods, Supplementary Figure 1). This setup was

designed to evaluate the model’s ability to accurately extract

relevant drug-biomarker pairs from a less structured and more

intricate text, closely resembling real-world scientific

documentation.

From the 156 records where the model correctly identified

the drug-biomarker pairs without manual confirmation, we

generated 50 mixture texts for testing (Methods). Using the

same prompt and manual validation, we observed that the

model could accurately identify at least one drug-biomarker

pair for the testing records in 41 out of 50 (82%) cases

(Figure 1B). Specifically, the model identified all the two drug-

biomarker pairs in 32 records (64%), indicating a relatively high

level of accuracy even with mixed and more complex text inputs.

However, some cases posed significant challenges for the model.

For instance, fusion names like BCR-ABL1 were occasionally

difficult for the model to identify correctly. Additionally, there

were instances where the model misidentified drugs due to the

complexity of the text. In one particular case, a record included

two drugs: ALIMTA (the brand name for pemetrexed) and

pembrolizumab, which was mentioned as a comparator drug

in the study. The primary drug for this record was pemetrexed,

but the model incorrectly identified pembrolizumab as the paired

drug. Notably, the drug-biomarker pair for this challenging case

had been correctly identified in previous assessments without the

interference of another record.

We further evaluated the mis-identified drug-biomarker

pairs in the mixture texts by examining cases where the

model incorrectly linked the drug and biomarker from two

different records. As a result, ten mis-linked drug-biomarker

pairs were identified from nine records. The results suggest that

the presence of unrelated content may confuse the model,

highlighting the need for careful consideration when handling

complex and mixed information in texts.

Extraction of PGx information related to
minority groups

Pharmacogenomics information is crucial for understanding

how genetic variations influence drug responses across different

population groups. Many PGx studies highlight the role that

ethnic differences may play in drug efficacy and safety, with some

of these findings reflected in labeling documents. Unique genetic

profiles that may significantly impact responses to medications

have been observed among minority groups, though these

profiles remain underexplored. Despite growing awareness of

genetic diversity, many minority populations continue to be

underrepresented in PGx research, contributing to gaps in

personalized medicine.

In this study, we collected 178 records from the FDA PGx

Biomarker table containing terms such as “American,” “Asian,”

“Caucasian.” For each labeling text, we tasked the model to extract

PGx information related to race or ethnicity. Key information

extracted included the presence of ethnicity differences, frequency

of genetic variants by ethnicity, reasons for PGx labeling, and

adverse drug reactions (ADRs) associated with biomarkers (as

detailed in Table 1). The model demonstrated its effectiveness by

accurately identifying crucial details, such as the phenotypes of Poor

Metabolizers (PM) and Extensive Metabolizers (EM) for the

tolterodine-CYP2D6 pair. It correctly highlighted that the

tolterodine labeling indicates approximately 7% of Caucasians

and 2% of African Americans were poor metabolizers in that

study. It is important to acknowledge that this labeling uses

outdated terminology. The terms “White” and “Black/African

American” are now preferred. This differentiation is vital for

understanding the potential risks of adverse reactions, like QT

prolongation, in specific populations (Table 1).

We assessed the model’s accuracy in determining whether

there were “ethnicity differences” in the labeling text column.

The model was asked to answer a Yes/No question (Table 1)

based on whether any information on ethnicity difference was

found in the texts (Methods). Of the 178 records analyzed,

94 contained information explicitly stating ethnicity

differences. However, some records mentioned the inclusion

of diverse minority groups in studies but did not discuss or

conclude any differences among these groups. For example, a

labeling might state “56 of the subjects were male, 61 were White,

20 were Black or African American, 8 were Hispanic or Latino”

but if no comparisons or outcomes were discussed, it should be

marked as having no ethnicity difference.

We then manually reviewed the records classified by the model

as having no ethnicity difference, identifying any false negatives.

Impressively, the model achieved 100% accuracy in correctly

identifying records that explicitly stated ethnicity differences. This

finding underscores the model’s reliability in detecting ethnicity-

related PGx information and highlights the importance of ensuring

accurate representation and consideration of minority groups in

PGx research. This work illustrates the value of using LLMs to

systematically and accurately identify PGx information across

diverse populations. With appropriate data, LLMs have the

potential to retrieve important PGx insights for minority groups

from diverse published sources, contributing to more inclusive and

equitable healthcare practices.

Validation of extracted PGx information

The extracted data, encompassing details about drug-

biomarker pairs, genetic variations, and ethnicity-specific
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information, plays a vital role in personalized medicine, which

requires high accuracy. While verifying straightforward

elements identified by the model, such as the presence or

absence of ethnicity differences, is relatively easy, evaluating

the detailed PGx information extracted from the texts is

challenging due to its complexity. The intricacies involved in

interpreting genetic data and its clinical implications require

careful consideration. Manually verifying the extracted

information would be impractical given the large volume

and complexity of the data. Therefore, we implemented a

systematic validation process using predefined PGx

categories to evaluate the accuracy and consistency of the

extracted information. This approach ensured a thorough

and efficient assessment, allowing us to confirm the

reliability of the model’s outputs.

Particularly, when we tasked the model with extracting

PGx information from the labeling texts in the FDA PGx

Biomarker table, we also required a summary of each record

using predefined keywords, including Therapeutic Use,

Dosing, Drug Response, Metabolism, and Ethnicity-Specific

(Table 1). For each ethnic PGx record, we collected up to five

PubMed abstracts that contained the drug-biomarker pair in

the title or abstract. To address concerns that abstracts might

focus on different aspects and to narrow down the search to

more relevant studies, we included additional keywords such as

pharmacogenomics, PGx, and minority, in the PubMed query

(Methods). This approach increased the chances of retrieving

abstracts that provided the necessary PGx details, ensuring a

thorough and focused validation process.

As a result, 137 out of 178 ethnic records had at least one

abstract found in PubMed that contained the drug-

biomarker pairs. The Llama3.1-70B model was then tasked

again to tag each individual abstract with the predefined PGx

information categories. By comparing the categories from

the FDA PGx Biomarker table with those from the relevant

abstracts, we evaluated the accuracy and consistency of the

extracted information, ensuring alignment with external

authoritative sources. A matched PGx category indicates

that the particular drug-biomarker pair was studied by

different research groups and that similar findings were

concluded in the PGx field.

Among the 178 ethnic records in the FDA PGx Biomarker

table, 125 discussed Drug Response, making it the most

frequently mentioned category (Figure 2A). Additionally, we

found a high consistency in that 78 out of 94 records (83%)

identified with Ethnicity Differences were categorized as

Ethnicity-Specific. In contrast, only 29 records were related to

Dosing. However, the abstracts we collected, which involved the

same drugs and biomarkers, exhibited different frequency

patterns for these PGx categories (Figure 2A). The lower

frequency of ethnicity-specific data in the abstracts suggests

that this aspect may not be a major focus in the studies

we collected.

We then calculated the PGx categories concordance rate,

defined as the percentage of the categories identified in PGx

labeling that were also covered by those from relevant

abstracts. To assess the consistency of the extracted

information, we compared the highest concordance rate

based on a single abstract and the rate based on the

aggregated abstract set. The median consistency was over

85% (Figure 2B), indicating high accuracy of the PGx

information extracted by the LLM. This cross-validation

not only confirms the reliability of the model’s extraction

capabilities but also highlights the robustness of our

methodology in integrating and validating pharmacogenomic

data across diverse sources.

TABLE 1 An example of the PGx information extracted from the FDA PGx Biomarker table related to the give drug-biomarker pair of Tolterodine-
CYP2D6.

Pair Tolterodine-CYP2D6

Phenotypes/Genotypes Poor metabolizers (PM), Extensive metabolizers (EM)

Frequency by Ethnicity Approximately 7% of Caucasians, approximately 2% of African Americans

Reason for PGx Labeling Increased risk of QT prolongation and higher serum concentrations of tolterodine in poor metabolizers

ADRs Associated with Biomarker QT prolongation, increased risk of cardiac arrhythmias

Gender Differences No

Ethnicity Differences Yes

Asian Stats No data

Black/AA Stats Approximately 2%

Hispanic Stats No data

Polymorphism CYP2D6 poor metabolizers have a slower rate of tolterodine metabolism, resulting in higher serum concentrations

Summary Metabolism, Dosing, Drug Response, Ethnicity-Specific
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No big difference was observed between the highest and

aggregated concordance rates (Figure 2C), suggesting that

individual abstracts are sufficiently comprehensive in covering

the relevant PGx categories. The approach we used successfully

retrieved abstracts that were well-aligned with the information

we were interested in from the FDA PGx Biomarker table,

FIGURE 2
PGx categories summarized from the FDA PGx Biomarker table and relevant scientific abstracts. (A) The frequency of predefined PGx categories
summarized by Llama3.1-70B for the 178 ethnic records from the FDA PGx Biomarker table. (B) The concordance rate of PGx categories between the
FDA PGx Biomarker table and abstracts. The highest rate based on a single abstract and the rate based on an aggregated abstract set were compared.
(C) A comparison of the highest and the aggregated concordance rate for each individual record.

TABLE 2 An example of the PGx information extracted from the FDA PGx Biomarker table and relevant abstracts collected from PubMed for
Tolterodine-CYP2D6.

Pair Tolterodine-CYP2D6

Phenotypes/Genotypes Extensive metabolizers (EM), Poor metabolizers (PM), Intermediate metabolizers (IM), Ultra-rapid metabolizers (UM), Variants:
CYP2D6*2, CYP2D6*10, CYP2D6*92, CYP2D6*93, CYP2D6*94, CYP2D6*95, CYP2D6*96, F164L, F219S, D336N, E215K

Frequency by Ethnicity CYP2D6 poor metabolizers: 5-10% in Caucasians, 1-2% in Asians, No data for other ethnicities

Reason for PGx Labeling Variability in metabolism leading to differences in drug response and adverse reactions

ADRs Associated with Biomarker Increased risk of adverse reactions in PMs due to higher plasma concentrations. Decreased efficacy in UMs due to lower plasma
concentrations

Gender Differences No

Ethnicity Differences Yes, CYP2D6 allele frequencies vary among ethnicities

Asian Stats CYP2D6*10: 51.4% (Japanese), 40.9% (Chinese) * CYP2D6 poor metabolizers: 1-2%

Black/AA Stats No data

Hispanic Stats No data

Polymorphism Variants: CYP2D6*2, CYP2D6*10, CYP2D6*92, CYP2D6*93, CYP2D6*94, CYP2D6*95, CYP2D6*96, F164L, F219S, D336N,
E215K

Summary Metabolism, Drug Response, Ethnicity-Specific
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ensuring that the abstracts are relevant and valuable for

validating the PGx information.

The findings indicate that we can use these abstracts

complementarily with the labeling texts to potentially

extract additional PGx information for certain drug-

biomarker pairs. As shown in Table 2, we asked the model

the same questions based on the integrated texts of the four

relevant abstracts (PMIDs: 28087463, 24619889, 22277677,

14606931). Additional PGx information associated with

ethnic groups of Japanese and Chinese were found in

these abstracts.

Discussions

While it is relatively straightforward to validate the

extraction of certain PGx items from structured texts, such

as drug and biomarker names from labeling sections,

assessing the overall quality and completeness of the

extracted information from more variable sources poses

significant challenges. Unlike structured data, where

predefined formats facilitate comparison and validation,

publications and reports vary widely in focus and detail,

complicating direct comparison of PGx information across

different sources. To address this challenge, we employed a

strategy where the model was instructed to tag the extracted

texts with predefined categories, enabling a more systematic

comparison. This tagging approach offers an initial method

for aligning information across sources; however, we

recognize that these categories may require further

refinement or customization based on the specific content

and objectives of different studies. Our results demonstrated

that Llama3.1-70B achieved high accuracy in extracting drug

and biomarker pairs from structured labeling texts,

particularly when biomarkers were listed as gene or protein

names. However, the model encountered difficulties when

extracting less common biomarker names, such as “hormone

receptors,” which were excluded from the main analysis due

to lower extraction accuracy. This limitation highlights the

importance of prompt engineering and model tuning for

specific use cases. Tailoring prompts to explicitly account

for uncommon biomarkers or providing additional context

within the prompt could improve the model’s ability to

accurately identify and extract these entities, an approach

that warrants further exploration.

Identifying drug-biomarker pairs in mixed texts, where

multiple records are combined, presents a more complex

challenge for LLMs. Our study found that while Llama3.1-70B

performed well with structured labeling texts, its accuracy

decreased when processing mixed texts, likely due to the

increased ambiguity and variety of content. This challenge

would likely increase further with full-text publications, where

drug-biomarker relationships are not always clearly delineated.

To address these complexities, future studies could be benefit

from a targeted approach, such as instructing the model to focus

on specific drug-biomarker pairs to enhance extraction accuracy.

In preliminary tests, the model was able to accurately identify

relevant information from mixed texts when a specific drug-

biomarker pair was targeted, suggesting that targeted prompts

could improve accuracy in more complex texts.

Our findings demonstrate that LLMs like Llama3.1-70B can

efficiently support the extraction of PGx information from

structured sources, such as the FDA PGx Biomarker table,

providing a foundation for integrating valuable data from

scientific abstracts and potentially, with further refinement,

from more complex sources like full-text publications. This

automated approach can reduce the time and effort required

for initial data extraction, improving the completeness of PGx

databases by streamlining the process. However, we recognize

that integrating LLM-extracted data directly into regulatory or

clinical decision-making frameworks would require extensive

validation and quality control, including human oversight, to

ensure accuracy and relevance.

Implementing a structured workflow that leverages LLMs

for routine extraction of PGx data could support the initial

stages of database updates. Such a process would involve

combining LLM-extracted insights with manual review and

verification steps, enhancing the accessibility and usability of

PGx data for non-regulatory applications, such as research and

exploratory analyses in pharmacogenomics. This framework

can be refined to incorporate more sophisticated validation

methods, advancing the field of personalized medicine

incrementally through a combination of automated and

manual processes. Future work will focus on evaluating and

refining this workflow to ensure reliability and utility in various

PGx contexts.

While our study utilizes the Llama3.1-70B model, the

primary focus of this work is the development of a

generalizable framework for pharmacogenomic (PGx) data

extraction. Our approach, which involves structured prompts,

data integration techniques, and strategies for handling

complex, mixed-text data, is designed to be adaptable to future

advancements in LLM technology. As LLMs continue to improve,

this framework can be applied to newer models, enabling

consistent, automated PGx data extraction and updating

without reliance on a specific LLM version. This flexibility

makes the framework suitable for various applications in PGx

research, supporting the evolving needs of pharmacologists,

regulatory bodies, and healthcare researchers.
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Abstract

Mass cytometry enables high-throughput characterization of heterogeneous cell

populations at single-cell resolution, usingmetal isotopes to capture cellular signals

and avoiding the spectral overlap common in flow cytometry. Despite

advancements, conventional data analysis often focuses on manual gating or

clustering within specific samples, overlooking disparities across subjects or

biological samples. To address this gap, we propose a novel framework that

treats the cell-by-protein matrix as a high-dimensional distribution, using

Quantized Optimal Transport (QOT) to quantify distances between samples

based on their cellular protein expression profiles. This approach allows for a

direct comparison of distributions without relying on predefined gating strategies,

capturing subtle variations in the data. We validated our method through two

experiments using real-world time-series Coronavirus Disease 2019 (COVID-19)

cytometry data. First, we conducted a leave-one-out analysis to identify

immunologically unstable proteins over time, revealing CD3 and CD45 as the

proteins changing the most during the vaccine response. Second, we aimed to

capture individual immune fingerprints over time by calculating pairwise

Wasserstein distances between samples and applying hierarchical clustering.

Using silhouette scores to evaluate clustering effectiveness, we identified

optimal combinations of immunological markers that effectively grouped

samples from the same participant across different time points. Our findings

demonstrate that the QOT framework provides a robust and flexible tool for

cohort-level analysis ofmass cytometry data, enabling the identificationof unstable

immunological markers and capturing immune response heterogeneity among

vaccinated cohorts.
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Impact statement

Mass cytometry enables high-throughput characterization of

cellular heterogeneity, but conventional analysis often focuses on

manual gating or clustering within specific samples. We propose

a novel quantitative framework that directly compares the high-

dimensional protein expression distributions between samples

using Quantized Optimal Transport. This approach captures

subtle differences without relying on predefined gating

strategies. Experiments on real-world COVID-19 cytometry

data identified CD3 and CD45 as the most unstable proteins

during the vaccine response. Furthermore, by calculating

pairwise distances and applying hierarchical clustering, we

determined optimal protein combinations that effectively

grouped samples from the same individual over time,

reflecting unique immune fingerprints. Our findings showcase

the power of this framework for cohort-level mass cytometry

analysis, enabling the discovery of key immunological changes

and individual response patterns.

Introduction

Mass Cytometry (Cytometry by Time-Of-Flight) is a high-

throughput technology to characterize heterogeneous cell

populations in a single cell resolution [1]. As an advancement

over traditional flow cytometry, mass cytometry utilizes isotopes

instead of fluorophores to capture cellular signals, making a

broader range of features available and avoiding the experimental

difficulties related to spectral overlap [2]. In comparison with

conventional single-cell RNA-seq experiments, mass cytometry

also provides a higher throughput, which is capable of handling

millions of cells along with a lower dimension of the cellular

features derived from surface antigens, thus allowing more

accurate capture of precise cell subpopulations [3]. Moreover,

mass cytometry uses antibodies labeled with elemental heavy

metal ions via chelating polymers to measure target proteins on

single cells directly. In this method, stained cells are nebulized,

vaporized, and ionized; the resulting ion cloud is mass-filtered to

remove low-mass ions and then analyzed by time-of-flight mass

spectrometry, precisely quantifying bound antibodies and

revealing the expression of markers of interest, making it an

ideal technique for monitoring the human immune system [4, 5].

The primary data analysis of mass cytometry experiments usually

involves either manually separating cell subpopulations on a

bivariate setting where the process is referred to as “manual

gating” [6], supervised cell annotation trained by manual label

[7–9], or via unsupervised clustering algorithms to group cells

together [10–12]. However, these approaches often do not learn

the disparities across subjects or biological samples, but they try

to interpret the relationships of cells within a specific sample.

Comparing the mass cytometry profile in a systematic resolution

will also provide benefits in investigating global variation and

differences [13, 14]. Characterizing and tracing the entire cell

population would not only enable a more comprehensive

understanding of how immune response varies systematically

but also differentiate between samples and various cell subtypes

in different diseases [15–18].

Optimal Transport (OT) is a mathematical framework

originally proposed by Monge [19] and later reformulated by

Kantorovich into a computationally tractable form [20]. OT

addresses the challenge of comparing empirical distributions by

finding the most efficient way to transform one distribution into

another, ensuringmass preservation while minimizing an associated

cost function. Recently, OT has been applied tomass cytometry data

for automatic gating [21, 22].

Despite numerous algorithms developed for manual gating,

practical methods for downstream analysis are still lacking.

Traditional studies often compare disease states by focusing on

the proportions of gated cell populations among cohorts to

infer protein importance and disease-related protein expression

[5, 23]. This approach may overlook differences in protein

expression levels within cell populations. This work proposes a

novel framework that treats the cell-by-protein matrix as a

high-dimensional distribution, with each protein representing a

dimension. By representing each sample as a distribution of

cells across these protein dimensions, we can directly compare

the distributions between cohorts using Optimal Transport.

This allows us to quantify differences in protein expression

profiles without relying on predefined gating strategies,

capturing more nuanced variations in the data. Our main

contributions are:

1. Quantifying Subject Differences via Quantized Optimal

Transport: We introduce a method that utilizes Quantized

Optimal Transport (QOT) to quantify the distance between

subjects, viewing each cohort as a distribution of cells in high-

dimensional protein expression space. This strategy can be

applied with or without prior gating, providing flexibility

in analysis.

2. Demonstrating Effectiveness on Coronavirus Disease 2019

(COVID-19) Cytometry Data: We validate our method

through two experiments using real-world time-series

COVID-19 cytometry data (Figure 1A). Specifically, we

focus on (i) identifying immunologically unstable proteins

over time (Figure 1B) and (ii) identifying informative proteins

that contribute to fingerprint differentiation (Figure 1C).

These case studies highlight the utility of our approach in

revealing immune stability and heterogeneity of immune

responses among vaccinated cohort.

Materials and methods

We evaluated our approach on a synthetic dataset—with

three cohorts, each sampled at three-time points—and a real-
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world mass cytometry dataset of single-cell protein expression in

immune cells [24]. Additionally, in this paper, the term “cohort”

refers to the entire dataset under study. To avoid confusion, we

use the term “subject” to denote all time points belonging to the

same individual. The term “sample” is used to refer to an

individual file within the dataset, representing a specific time

point for a individual.

In our synthetic dataset, we introduced distinct

evolutionary patterns to capture heterogeneity within each

subject. Specifically, Subject 1 follows a branched trajectory,

FIGURE 1
(A) UMAP visualization of a representative sample. (B) Experiment 1: For subjects measured at multiple time points, proteins are ranked by their
level of perturbation within each subject. These rankings are then aggregated to identify proteins showing the greatest instability across the cohort.
(C) Experiment 2: Each subject measurement at a specific time point is treated as an individual sample. Pairwise distance matrices are computed
using various protein combinations to identify the optimal combination that effectively clusters samples. This optimal protein combination
reflects the cohort-level fingerprint. (A) is based on real data, while (B,C) are derived from a synthetic design.

FIGURE 2
UMAP projections of three simulated cohorts at three different time points (blue, orange, and green). Each sample’s distribution reveals distinct
cell patterns that change over time, showing the dynamic shifts in the data across the simulated time course.
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with separate cell populations diverging from Time 1 to Time

2, and again from Time 2 to Time 3. Subject 2 evolves along a

smooth, curved progression, while Subject 3 exhibits a

Y-shaped branching pattern, where all cells transition to

new states from a common lineage. Each subject is

characterized by 2, 3, and 2 cell types at Time 1, Time 2,

and Time 3, respectively. Subject 1 has disproportionately

sized cell types but a total of 7,000 cells across all time points.

By contrast, Subjects 2 and 3 each maintain 1,000 cells per cell

type, also yielding 7,000 cells in total. Further details on the

cell-type proportions for Subject 1 can be found in

Supplementary Appendix Table S1. The UMAP projection

of the cohorts is shown in Figure 2.

For the real-word datasets, Whole blood was profiled

from a cohort of 37 healthy subjects at multiple time points

during two-dose mRNA vaccination against SARS-CoV-2.

Each sample contains approximately 321 k cells. Most blood

draws occurred at four standardized time points: a baseline

draw before the first dose (T1), 2 weeks after the first dose

(T2), before the second dose (T3), and a week after the

second dose (T4). A few subjects had extra blood draws

between T1 and T4 at intermediate time points. This

yielded a total of 150 blood samples since not all subjects

were available for each time point. The whole blood samples

were stained with the Maxpar Direct Immunophenotyping

Assay, a standardized panel for broad immunophenotyping of

immune cell types. Finally, data was collected on a

CyTOF2 instrument. Demographic and vaccination details

is shown in Table S.2, S.3, S.4, S.5.

Quantized optimal transport

In this section, we briefly explain the Quantized Optimal

Transport (QOT) method [25] for calculating distances at the

sample level based on high-dimensional mass cytometry data.

Given a collection of P samples, denoted as

G � G1, G2, . . . , GP{ }, each sample Gk is represented by an

nk × m matrix, where nk is the number of cells in sample k,

andm is the number of features (proteins). Our framework aims

to compute the distance between two samples based on their

cellular protein expression profiles.

We first model each sample as a distribution defined by its

protein expression levels to compute the distance between two

samples. This involves two main steps: (1) fitting a Gaussian

mixture model (GMM) to each sample’s data (Equations 1, 2)

and (2) calculating the distance between the samples using their

corresponding GMMs (Equations 3-9). For simplicity, we will

use GMM as a short abbreviation for the Gaussianmixture model

throughout the rest of this manuscript.

Each sample Gk is modeled as a GMM:

ωk � ∑Hk

h�1
αk,hN μk,h,Σk,h( ), (1)

where Hk is the number of Gaussian components in the GMM

for sample k, αk,h are the mixture weights satisfying

FIGURE 3
Heatmaps of pairwise distance matrices for three cohorts, computed by three methods (QOT, PhEMD, and PILOT). The label “1-1” indicates
cohort 1 at time point 1. Each heatmap is hierarchically clustered, with darker shades signifying higher distances. In the PILOT panel, red boxes
highlight entries where the distance is zero (excluding the diagonal).

TABLE 1 Performance comparison of QOT, PhEMD, and PULOT based
on the Silhouette Score, Adjusted Rand Index (ARI), and Runtime.

Method Silhouette score ARI Runtime (s)

QOT 0.529 1.00 5.26

PhEMD 0.429 1.00 1,440

PILOT −0.340 −0.333 1.20
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∑Hk

h�1
αk,h � 1 and αk,h ≥ 0, (2)

μk,h ∈ Rm are the mean vectors, and Σk,h ∈ Rm×m are the

covariance matrices of the Gaussian components. This

approach allows the GMM to effectively encapsulate the

distribution of the high-dimensional cytometry data for

each sample.

Distances between cohorts are computed using the

Wasserstein distance, quantifying the minimal cost of

transporting one probability distribution into another.

Specifically, we compute the Wasserstein distance between the

GMMs representing the samples.

The distance between two samples, represented by their

respective GMMs ωi and ωj, is computed by solving the

following optimal transport problem:

min
T∈ R

Hi × Hj

∑Hi

p�1
∑Hj

q�1
TpqCpq, (3)

subject to the constraints:

∑Hj

q�1
Tpq � αi,p, ∀p � 1, . . . , Hi, (4)

∑Hi

p�1
Tpq � αj,q, ∀q � 1, . . . , Hj, (5)

Tpq ≥ 0, ∀p � 1, . . . , Hi; ∀q � 1, . . . , Hj, (6)

where Tpq represents the amount of mass transported from the

p-th Gaussian component of ωi to the q-th Gaussian component

of ωj, and Cpq is the cost of transporting unit mass between these

components.

FIGURE 4
Leave-One-Out analysis at subject-level. Each line represents the perturbation in distance relative to the baseline at Day 0 over various time
points. Different colored lines indicate the results using all proteins versus excluding a specific protein.

FIGURE 5
Leave-One-Out analysis at cohort-level. We assessed the
impact of the subject when excluding each immunological protein
and then summarized it at the cohort level. For instance, a 30%
frequency at Rank 1 for CD 3 indicates that when measuring
perturbation, perturbation caused by removing CD 3 ranks first in
30% of the subjects.
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The cost matrix C ∈ RHi×Hj has entries defined as:

Cpq � W2
2 N μi,p,Σi,p( ),N μj,q,Σj,q( )( ), (7)

whereW2
2 denotes the squaredWasserstein distance between two

Gaussian distributions. The squared Wasserstein distance

between the Gaussian components is given by:

W2
2 N μi,p,Σi,p( ),N μj,q,Σj,q( )( )
� ‖μi,p − μj,q‖2 + Tr Σi,p + Σj,q − 2 Σ1/2

i,pΣj,qΣ1/2
i,p( )1/2( ),

(8)

where ‖ · ‖ denotes the Euclidean norm, Tr(·) is the trace operator,
and Σ1/2 denotes thematrix square root of Σ. An alternative approach
is to consider GMMs as point clouds instead of distribution, which

provides scalability for larger-scale datasets. This approach involves

calculating the cost matrix using the cosine distance between the

centroids of Gaussian Mixture Models (GMMs):

C p, q( ) � 1 − μi,p · μj,q
|μi,p|2|μj, q|2

(9)

Experimental designs

Stability of cohorts across time
To identify immunologically unstable proteins across the

subjects, we conducted a leave-one-out analysis to determine

which proteins, when excluded, would result in the most

perturbation in the immune profiles over time. This approach

allowed us to assess the stability of each protein by measuring its

impact on the temporal distributional similarity of immune profiles.

For each time point measurement within each subject, we first

calculated the Wasserstein distance between the baseline time point

(T1) and each subsequent time point (T2, T3, T4) using the full set of

immunological proteins. This provided a reference measure of

distributional change with all proteins included over time.

Mathematically, the Wasserstein distance Dfull
t between T1 and

time point t (where t ∈ {T2, T3, T4}) was calculated as:

Dfull
t � Dist GT1, Gt( )

where Dist denotes the QOT distance calculated in previous

section, and GT1 and Gt represent the protein distribution

profiles at T1 and time point t, respectively.

We then systematically excluded one protein at a time from

the dataset. After excluding a protein, we recalculated the

FIGURE 6
Distribution of silhouette scores across different feature counts for CD protein combina-tions. Each violin’s width represents the density of
silhouette scores for that feature count.

FIGURE 7
Heatmap of the sample-level distancematrix. Distance values
are color-coded, with lighter shades of blue indicating closer
proximity and darker shades representing greater distances. The
color bar on the right provides the distance scale, while a
second color bar on the left annotates subject IDs.
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FIGURE 8
Box-and-whisker plots show the distribution of silhouette scores for each subject. Each box represents the interquartile range for that subject,
with the black horizontal line indicating the median silhouette score. Higher (positive) values suggest more cohesive clustering, whereas lower (or
negative) scores indicate overlap or unclear structure among clusters.

FIGURE 9
Cluster Analysis of the sample-level distance matrix. The UMAP representation of the sample level distance matrix. Points are connected based
on whether belong to same sample and whether it is closed enough.
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Wasserstein distances between T1 and each subsequent time

point for each participant, obtaining Dexcl
t . This process was

repeated for every protein in the dataset, resulting in a set of

perturbed Wasserstein distances corresponding to each

excluded protein.

To quantify the perturbation caused by the exclusion of each

protein, we calculated the absolute difference between the

Wasserstein distances with all proteins included and with one

protein excluded for each time point:

ΔDt � Dfull
t −Dexcl

t

∣∣∣∣ ∣∣∣∣
We then summed these absolute differences across all time

points to obtain a total perturbation score for each protein:

ΔDtotal � ∑
t

ΔDt � ∑
t

Dfull
t −Dexcl

t

∣∣∣∣ ∣∣∣∣
a larger ΔDtotal indicated that the excluded protein had a

significant impact on the temporal stability of the immune

profile, suggesting it is unstable protein over time.

We ranked the proteins for each subject based on the

magnitude of ΔDtotal their exclusion caused, from the least to

the most perturbing. By aggregating these rankings across all

subjects, we identified proteins that consistently resulted in

the most perturbation when excluded. Proteins frequently

ranked as causing the maximum perturbation across

subjects were considered the most immunologically

unstable over time.

Finger print of cohorts
In addition to identifying stable immunological features, we

conducted a second experiment to capture subject immune

fingerprints over time. The goal was to determine the optimal

combination of immunological markers to effectively cluster

samples from the same participant across different time points

despite natural variations due to vaccination or immune

fluctuations.

To achieve this, we calculated pairwise Wasserstein

distances between all samples based on their

immunological marker distributions, providing a

quantitative measure of dissimilarity between samples. We

then evaluate the effectiveness of different combinations of

immunological protein expression with the silhouette score.

The silhouette score assesses how well each sample fits within

its assigned cluster compared to other clusters, offering a

metric for the quality of the clustering solution. By testing

various combinations of immunological protein expression

and calculating the corresponding silhouette scores,

we identified the feature sets that most effectively

clustered samples from the same subject. In addition, we

employed a UMAP visualization in which samples are

connected if they meet two criteria: (1) they belong to the

same group, and (2) their Euclidean distance is below a

specified threshold (0.8).

Results

Cohort-level analysis of simulation dataset

In the cohort analysis of our simulation dataset, we compared

QOT with two state-of-the-art approaches, PhEMD and PILOT,

and examined their respective cohort-level distance matrices

(Figure 3). Ideally, a well-structured distance matrix should

exhibit a block diagonal pattern, where each block represents

the same subject measured at different time points. Both QOT

and PhEMD reveal these per-subject relationships clearly. In

contrast, PILOT produces a mixed pattern: its hierarchical

clustering intermingles different subjects, indicating it does

not preserve the per-cohort structure. Moreover, PILOT

assigns zero distances (highlighted by red boxes) for certain

entries, suggesting identical samples. This misleading result

arises from the methodology of PILOT. Specifically, PILOT

first creates a uniform mask across all subjects and then

considers only the proportions of cell types when computing

pairwise distances. As a result, if two samples (e.g., Cohort2,

Time1 and Cohort3, Time1) both contain the same set of cell

types in identical proportions, PILOT assigns a zero distance,

even if their expression levels differ substantially. Consequently,

the uniform mask obscures critical differences in the data, failing

to capture the true biological variability.

We quantitatively evaluated each distance matrix using the

Silhouette score, Adjusted Rand Index (ARI), and runtime, as

shown in Table 1. The Silhouette score assesses how well each

sample is grouped within its own cluster and separated from

others, while the ARI quantifies the agreement between true and

predicted cluster assignments (with 1.0 indicating perfect

alignment). Both QOT and PhEMD correctly distinguish

different cohorts, achieving an ARI of 1.0. However, QOT

produces a more pronounced cluster structure, reflected in a

higher Silhouette score. In terms of computational efficiency,

QOT completes in 5.26 s, compared to PhEMD’s 1,440 s,

demonstrating superior scalability for large-scale analyses. By

contrast, PILOT fails to cluster cohorts correctly, often yielding

misleading zero distances and not preserving the expected block-

diagonal structure.

Cohort-level analysis of COVID-19 reveals
immunologically unstable protein

In our cohort-level analysis of COVID-19, we aimed to

identify immunologically unstable proteins across 37 healthy

subjects. We employed a leave-one-out (LOO) approach,

systematically excluding each protein to evaluate its

contribution to immune perturbations over time. Figure 4

illustrates the subject-level LOO results, where each line traces

the distance of a subject’s sample at Day 7, 14, or 21 from its

baseline (Day 0) under two conditions: using all available
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features versus excluding a specific protein. The horizontal gap

between these lines shows how strongly the excluded protein

influences the observed perturbation. For instance, if

removing CD16 produces a significant shift in distance

relative to baseline, it implies that CD16 is a key driver of

the subject’s immune response over time; conversely, a

negligible gap suggests that removing a protein has

minimal effect and is more stable. Complete subject-level

analyses are provided in the (Supplementary Appendix

Figure SA1–SA3). From these LOO assessments, we found

that subjects 1 through 4 showed CD3 and CD45 as their most

unstable proteins, whereas subject 5’s data highlighted

CD16 and CD66 as the most variable over time. We then

aggregated these subject-level findings to derive cohort-level

insights, presented in Figure 5. Consistently, CD3 emerged as

the most unstable protein across the overall cohort, followed

closely by CD45.

Furthermore, our analysis indicates that removing

CD45 leads to a higher distance from baseline. In other

words, when CD45 is present, it helps keep the measured

distance lower, suggesting a regulatory or stabilizing role. This

finding aligns with the work of Hermiston et al., who showed

that CD45 modulates signals from integrins and cytokine

receptors [26], as well as Priest et al., who reported that

CD45 expression on B cells shapes functional memory

subsets post-vaccination [27]. By contrast, removing

CD3 causes the distance from baseline to decrease,

implying that including CD3 consistently drives the

distance upward. This indicates that CD3 is a more

perturbed protein in our dataset. Supporting this

observation, Sattler et al. found that following SARS-CoV-

2 vaccination, high-avidity spike-specific CD4 T cells lost

surface CD3 expression after in vitro antigen restimulation,

reflecting dynamic changes in T cell activation [28]. Similarly,

Jaber et al. documented heightened CD3 T-helper cell

responses in COVID-19 vaccine recipients [29],

underscoring the pivotal role of CD3 in mediating immune

perturbations in this setting.

Immune biomarkers for temporal
fingerprint clustering

To identify Temporal Fingerprint Clusters across

subjects, we treated each visit (timepoint) as an individual

sample. Consequently, data from 37 healthy subjects resulted

in 147 total samples for this analysis. Our working hypothesis

is that, in an ideal scenario, samples originating from the

same subject would naturally cluster together, reflecting each

individual’s inherent characteristics. We then evaluated

combinations of proteins to determine which set yields the

most informative clustering, as shown in Figure 6. We find

combination of CD19, CD16, CD294, CD66b yiels highest

silhouette score. We calculated distance matrices using

subsets of these proteins—ranging from two to six proteins

per subset. The most effective protein combination results, as

indicated by the highest silhouette score, are illustrated in

Figure 7. For visualization, we employed UMAP to project the

distance matrix corresponding to the optimal

silhouette score.

We quantitatively assessed clustering quality using the

silhouette score, a well-established metric that compares each

data point’s average distance to others in the same cluster

against its average distance to points in different clusters.

Overall, we obtained a mean silhouette score of 0.156,

suggesting that, while some structure is present, the clusters

are not strongly separated on average. To explore subject-level

variations, we also plotted the distribution of silhouette scores

for each subject (Figure 8). Approximately one-third of

subjects exhibit well-separated clusters, another third show

moderately acceptable clustering, and the remaining subjects

have less well-defined structures. Notably, although the low-

dimensional representation in Figure 9 shows that different

time points from the same subject can appear spatially

grouped, the clusters themselves are not well separated

across subjects. This observation aligns with the slightly

lower silhouette score, which reflects both intra-cluster

cohesion and inter-cluster separation.

Discussion

This study applied Quantized Optimal Transport (QOT) to

analyze mass cytometry data from COVID-19 vaccinated cohort.

Our approach uniquely avoids the biases of traditional gating by

treating cell profiles as high-dimensional distributions. We

demonstrated this method’s utility in identifying unstable

proteins like CD3 and CD45, which varied significantly over

time, indicating their active roles in the immune response to

vaccination. Additionally, our study demonstrates the use of

optimal protein combinations to find immune fingerprints for

subjects. By using silhouette scores for clustering optimization,

we identified protein sets that consistently group samples from

the same individual across different time points, highlighting its

potential for personalized medicine.

For future work, we aim to refine our analytical framework

for high-dimensional mass cytometry data, enhancing its

capability to handle large-scale datasets effectively. In our

initial experiment, we employed an exclusion analysis to

assess protein importance. Integrating methods such as

Shapley values with Wasserstein distances could significantly

enhance interpretability. Additionally, our current analysis does

not account for subclusters within the distance matrices.

Investigating these subclusters could reveal new phenotypic

subtypes related to vaccination responses, providing insights

into immune system dynamics.

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine09

Wang et al. 10.3389/ebm.2025.10445

79

https://doi.org/10.3389/ebm.2025.10445


Author contributions

All authors participated in the conceptualization,

methodology, validation, visualization, investigation, writing -

original draft, writing - review and editing and formal analysis.

ZW, JC, and LS Contributed to software. MI and LS contributed

to resources and data curation. LS contributed to Supervision and

funding acquisition. All authors contributed to the article and

approved the submitted version.

Data availability

The original contributions presented in the study are

included in the article/Supplementary Material, further

inquiries can be directed to the corresponding author.

Ethics statement

The studies involving humans were approved by Immune

Health, Perelman School of Medicine at the University of

Pennsylvania. The studies were conducted in accordance with

the local legislation and institutional requirements. The

participants provided their written informed consent to

participate in this study.

Funding

The author(s) declare that financial support was received for

the research and/or publication of this article. This work was

supported in part by NIH Grants R01 AG071470,

U01 AG066833, and U01 AG068057.

Conflict of interest

The author(s) declared no potential conflicts of interest with

respect to the research, authorship, and/or publication of this article.

Generative AI statement

The authors declare that Gen AI was used in the creation of

this manuscript. While preparing this work, the authors used

ChatGPT 4 to help check the grammar.

Supplementary material

The Supplementary Material for this article can be found

online at: https://www.ebm-journal.org/articles/10.3389/ebm.

2025.10445/full#supplementary-material

References

1. Tanner SD, Baranov VI, Ornatsky OI, Bandura DR, George TC. An
introduction to mass cytometry: fundamentals and applications. Cancer
Immunol Immunother (2013) 62:955–65. doi:10.1007/s00262-013-1416-8

2. Spitzer M, Nolan G. Mass cytometry: single cells, many features. Cell (2016)
165:780–91. doi:10.1016/j.cell.2016.04.019

3. Liu X, Song W, Wong BY, Zhang T, Yu S, Lin GN, et al. A comparison
framework and guideline of clustering methods for mass cytometry data. Genome
Biol (2019) 20(1):297–18. doi:10.1186/s13059-019-1917-7

4. Wang W, Su B, Pang L, Qiao L, Feng Y, Ouyang Y, et al. High-dimensional
immune profiling by mass cytometry revealed immunosuppression and
dysfunction of immunity in COVID-19 patients. Cell and Mol Immunol (2020)
17(6):650–2. doi:10.1038/s41423-020-0447-2

5. Rubin SJS, Bai L, Haileselassie Y, Garay G, Yun C, Becker L, et al. Mass
cytometry reveals systemic and local immune signatures that distinguish
inflammatory bowel diseases. Nat Commun (2019) 10(1):2686. doi:10.1038/
s41467-019-10387-7

6. Hartmann FJ, Bendall SC. Immune monitoring using mass cytometry and
related high-dimensional imaging approaches. Nat Rev Rheumatol (2020) 16(2):
87–99. doi:10.1038/s41584-019-0338-z

7. Li H, Shaham U, Stanton KP, Yao Y, Montgomery RR, Kluger Y. Gating mass
cytometry data by deep learning. Bioinformatics (2017) 33:3423–30. doi:10.1093/
bioinformatics/btx448

8. Cheng L, Karkhanis P, Gokbag B, Liu Y, Li L. DGCyTOF: deep learning with
graphic cluster visualization to predict cell types of single cell mass cytometry data.
PLoS Comput Biol (2022) 18(4):e1008885. doi:10.1371/journal.pcbi.1008885

9. Chen J, Ionita M, Feng Y, Lu Y, Orzechowski P, Garai S, et al. Automated
cytometric gating with human-level performance using bivariate segmentation.
bioRxiv (2024):2024.05.06.592739. doi:10.1101/2024.05.06.592739

10. Bagwell CB, Inokuma M, Hunsberger B, Herbert D, Bray C, Hill B, et al.
Automated data cleanup for mass cytometry. Cytometry A (2020) 97(2):184–98.
doi:10.1002/cyto.a.23926

11. Qiu P, Simonds EF, Bendall SC, Gibbs KD, Jr, Bruggner RV, Linderman MD,
et al. Extracting a cellular hierarchy from high-dimensional cytometry data with
SPADE. Nat Biotechnol (2011) 29:886–91. doi:10.1038/nbt.1991

12. Van Gassen S, Callebaut B, Van Helden MJ, Lambrecht BN, Demeester P,
Dhaene T, et al. FlowSOM: using self-organizing maps for visualization and
interpretation of cytometry data. Cytometry Part A (2015) 87(7):636–45. doi:10.
1002/cyto.a.22625

13. Carr EJ, Dooley J, Garcia-Perez JE, Lagou V, Lee JC, Wouters C, et al. The
cellular composition of the human immune system is shaped by age and
cohabitation. Nat Immunol (2016) 17(4):461–8. doi:10.1038/ni.3371

14. Tsang J, Schwartzberg P, Kotliarov Y, Biancotto A, Xie Z, Germain R, et al. Global
analyses of human immune variation reveal baseline predictors of postvaccination
responses. Cell (2014) 157:499–513. doi:10.1016/j.cell.2014.03.031

15. Behbehani GK, Bendall SC, Clutter MR, Fantl WJ, Nolan GP. Single-cell mass
cytometry adapted to measurements of the cell cycle. Cytometry Part A (2012) 81A:
552–66. doi:10.1002/cyto.a.22075

16. Diggins KE, Ferrell PB, Jr, Irish JM. Methods for discovery and
characterization of cell subsets in high dimensional mass cytometry data.
Methods (2015) 82:55–63. doi:10.1016/j.ymeth.2015.05.008

17. Greenplate AR, McClanahan DD, Oberholtzer BK, Doxie DB, Roe CE,
Diggins KE, et al. Computational immune monitoring reveals abnormal double-
negative T cells present across human tumor types. Cancer Immunol Res (2019)
7(1):86–99. doi:10.1158/2326-6066.cir-17-0692

18. Spitzer MH, Carmi Y, Reticker-Flynn NE, Kwek SS, Madhireddy D, Martins
MM, et al. Systemic immunity is required for effective cancer immunotherapy. Cell
(2017) 168:487–502.e15. doi:10.1016/j.cell.2016.12.022

19. Monge G. Mémoire sur la théorie des déblais et des remblais. Proc Lond Math
Soc (1781) s1-14:666–704. Available online at: https://scholar.google.com/scholar?
hl=en&as_sdt=0%2C39&q=The+geometry+of+optimal+transportation&btnG=

20. Kantorovitch L. On the translocation of masses.Management Sci (1958) 5(1):
1–4. doi:10.1287/mnsc.5.1.1

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine10

Wang et al. 10.3389/ebm.2025.10445

80

https://www.ebm-journal.org/articles/10.3389/ebm.2025.10445/full#supplementary-material
https://www.ebm-journal.org/articles/10.3389/ebm.2025.10445/full#supplementary-material
https://doi.org/10.1007/s00262-013-1416-8
https://doi.org/10.1016/j.cell.2016.04.019
https://doi.org/10.1186/s13059-019-1917-7
https://doi.org/10.1038/s41423-020-0447-2
https://doi.org/10.1038/s41467-019-10387-7
https://doi.org/10.1038/s41467-019-10387-7
https://doi.org/10.1038/s41584-019-0338-z
https://doi.org/10.1093/bioinformatics/btx448
https://doi.org/10.1093/bioinformatics/btx448
https://doi.org/10.1371/journal.pcbi.1008885
https://doi.org/10.1101/2024.05.06.592739
https://doi.org/10.1002/cyto.a.23926
https://doi.org/10.1038/nbt.1991
https://doi.org/10.1002/cyto.a.22625
https://doi.org/10.1002/cyto.a.22625
https://doi.org/10.1038/ni.3371
https://doi.org/10.1016/j.cell.2014.03.031
https://doi.org/10.1002/cyto.a.22075
https://doi.org/10.1016/j.ymeth.2015.05.008
https://doi.org/10.1158/2326-6066.cir-17-0692
https://doi.org/10.1016/j.cell.2016.12.022
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C39&q=The+geometry+of+optimal+transportation&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C39&q=The+geometry+of+optimal+transportation&btnG=
https://doi.org/10.1287/mnsc.5.1.1
https://doi.org/10.3389/ebm.2025.10445


21. Del Barrio E, Inouzhe H, Loubes JM, Matrán C, Mayo-Íscar A. optimalFlow:
optimal transport approach to flow cytometry gating and population matching.
BMC bioinformatics (2020) 21:479–25. doi:10.1186/s12859-020-03795-w

22. Freulon P, Bigot J, Hejblum BP. CytOpT: optimal transport with domain
adaptation for interpreting flow cytometry data. The Ann Appl Stat (2023) 17(2):
1086–104. doi:10.1214/22-aoas1660

23. Hata K, Yanagihara T, Matsubara K, Kunimura K, Suzuki K, Tsubouchi K,
et al. Mass cytometry identifies characteristic immune cell subsets in
bronchoalveolar lavage fluid from interstitial lung diseases. Front Immunol
(2023) 14:1145814. doi:10.3389/fimmu.2023.1145814

24. Ionita M, Chen J, Greenplate A, Shen A. Mass cytometry data with
5 independent manual annotations (Version 1). Philadelphia, PA: Pennsieve
Discover (2024). doi:10.26275/864R-DV00

25. Wang Z, Zhan Q, Yang S, Mu S, Chen J, Garai S, et al. QOT: efficient
computation of sample level distance matrix from single-cell omics data through
quantized optimal transport. bioRxiv (2024):2024.02.06.578032. doi:10.1101/2024.
02.06.578032

26. Hermiston ML, Xu Z, Weiss A. CD45: a critical regulator of signaling
thresholds in immune cells. Annu Rev Immunol (2003) 21:107–37. doi:10.1146/
annurev.immunol.21.120601.140946

27. Priest DG, Ebihara T, Tulyeu J, Søndergaard JN, Sakakibara S, Sugihara F,
et al. Atypical and non-classical CD45RBlo memory B cells are the majority of
circulating SARS-CoV-2 specific B cells following mRNA vaccination or
COVID-19. Nat Commun (2024) 15(1):6811. doi:10.1038/s41467-024-
50997-4

28. Sattler A, Gamradt S, Proß V, Thole LML, He A, Schrezenmeier EV, et al.
CD3 downregulation identifies high-avidity, multipotent SARS-CoV-
2 vaccine–and recall antigen–specific Th cells with distinct metabolism. JCI
insight (2024) 9:e166833. doi:10.1172/jci.insight.166833

29. Jaber HM, Ebdah S, Al Haj Mahmoud SA, Abu-Qatouseh L, Jaber YH.
Comparison of T cells mediated immunity and side effects of mRNA
vaccine and conventional COVID-19 vaccines administrated in Jordan.
Hum Vaccin and Immunother (2024) 20(1):2333104. doi:10.1080/21645515.
2024.2333104

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine11

Wang et al. 10.3389/ebm.2025.10445

81

https://doi.org/10.1186/s12859-020-03795-w
https://doi.org/10.1214/22-aoas1660
https://doi.org/10.3389/fimmu.2023.1145814
https://doi.org/10.26275/864R-DV00
https://doi.org/10.1101/2024.02.06.578032
https://doi.org/10.1101/2024.02.06.578032
https://doi.org/10.1146/annurev.immunol.21.120601.140946
https://doi.org/10.1146/annurev.immunol.21.120601.140946
https://doi.org/10.1038/s41467-024-50997-4
https://doi.org/10.1038/s41467-024-50997-4
https://doi.org/10.1172/jci.insight.166833
https://doi.org/10.1080/21645515.2024.2333104
https://doi.org/10.1080/21645515.2024.2333104
https://doi.org/10.3389/ebm.2025.10445


Effect of in utero and lactational
exposure to antiretroviral therapy
on the gut microbial composition
and metabolic function in aged
rat offspring

Chandra Mohan Reddy Muthumula1‡, Yaswanthi Yanamadala1‡,
Kuppan Gokulan1, Kumari Karn1, Helen Cunny2,
Vicki Sutherland2†, Janine H. Santos2 and Sangeeta Khare1*
1Division of Microbiology, National Center for Toxicological Research, US Food and Drug
Administration, Jefferson, AR, United States, 2Division of Translational Toxicology, National Institute of
Environmental Health Sciences, Research Triangle Park, NC, United States

Abstract

Despite the highly effective impact of antiretroviral therapy (ART) in reducing

mother-to-child transmission of human immunodeficiency virus (HIV), there are

concerns of long-term impacts of ART on the health of the offspring. The

implications of perinatal exposure to antiviral drugs on the gut bacterial

population and metabolic function in the offspring is unclear but may influence

health outcomes given the various reported effects of the microbiome in human

health. This study aims to gain insight into the potential effect of in utero and

lactational exposure to ART on gut microbiota populations and short-chain fatty

acids (SCFAs) production in aged rat offspring. Pregnant rats were administered a

combination of antiretroviral drugs (abacavir/dolutegravir/lamivudine) at two

different dose levels during gestation and throughout lactation, and the fecal

bacterial abundance and SCFA levels of the offspring were analyzed when they

reached 12 months of age. Our results showed dose-dependent and sex-based

differences in fecal microbial abundance at various taxonomic levels. Specifically,

we found a decline in Firmicutes inmales, and an increase in Actinobacteria among

males and females. Furthermore, a sex-specific distribution reorganization of

Lactobacillus, Bifidobacterium, and Akkermansia was identified. No significant

difference in the concentration of prominent SCFAs and IgA levels were

identified. These findings provide preliminary information indicating the need to

evaluate perinatal effects of ART more comprehensively on the gut bacterial and

metabolic function in future studies, and their potential role in offspring health

outcomes.
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Impact statement

This work addresses a critical health challenge on understanding

how preventive HIV medications given during pregnancy could

affect complex community of gut bacteria in next (f1) generation

using a rat model. The work advances our understanding by

analyzing both gut bacterial communities and their products in

aged rat offsprings including sex-specific responses. This study

showed that early exposure to these medicines lead to changes in

gut bacterial composition. In addition, this effect also differed

between male and female rats. However, their metabolic products

(short chain fatty acids) and immune factors (IgA) remained stable.

These findings impact the field by highlighting the importance of

inclusion of male and female as a biological factor. This study

provides a foundation for understanding how early exposure to HIV

medications might influence long-term development and suggest

new directions for monitoring offspring health.

Introduction

The gut microbiome consists of a wide network of

microorganisms (including various types of bacteria, fungi,

archaea, and viruses) that live in the gastrointestinal tract [1].

This gut microbiome plays a major role in regulating the health

of an individual. This complex system is involved in various essential

physiological processes including nutrientmetabolism, development

of the immune system, and protection against pathogenic

microorganisms [2]. The composition and function of the gut

microbiome is influenced by a variety of factors, including diet,

use of antibiotics, and the host genetics [3]. When an unhealthy

imbalance occurs in the gut microbial composition, it can lead to

various metabolic diseases and health problems such as obesity, type

2 diabetes, and inflammatory bowel disease [4].

Various studies have shown the role of maternal microbiome as

a key determinant of the offspring’s gut microbiome composition

and function [5–9]. During pregnancy and childbirth, microbial

populations are passed from mother-to-child through vertical

transmission with the mode of delivery (vaginal birth vs.

cesarean section) and feeding practices (breastfeeding vs. formula

feeding) influencing the initial colonization of the infant gut [5–9].

This early-life colonization of the microbial communities influences

the long-term development of the offspring’s health outcomes, such

as the maturation of the immune system, development of metabolic

pathways, establishment of the gut-brain axis, etc. [10–12]. Studies

have shown that disruptions to this early microbial colonization

have been linked to an increased risk of allergies, asthma, and

metabolic disorders later in life [13].

Abacavir, dolutegravir, and lamivudine (a combination of three

antiretroviral drugs) have been used in the management of Human

ImmunodeficiencyVirus (HIV) infection in both adult and pediatric

patients. This tri-combination antiretroviral therapy (ART) consists

of drugs from 2 different classes: nucleoside reverse transcriptase

inhibitors (abacavir and lamivudine) and HIV integrase inhibitors

(dolutegravir) [14–16]. In HIV-infected pregnant women, ART is

essential for preventing transplacental (mother-to-fetus)

transmission of HIV infection [17–20]. The long-term side

effects of ART may be under rated if the clinical trials utilize

very specific inclusion/exclusion criteria, and the follow-up

duration is relatively short [21]. Numerous studies suggest that

ART may affect the composition and diversity of the gut

microbiome [22, 23]. Alteration in the maternal microbiome

could potentially influence the vertical transmission of microbial

communities to the offspring [24]. In addition, HIV infection itself

has been shown to disrupt the normal balance of microorganisms in

the gut, characterized by a decrease in beneficial bacteria (such as

Bacteroides) and an increase in potentially pathogenic ones (such as

Prevotella) [25, 26]. While ART is essential for managing HIV

infection, its effect on gut microbial diversity is not clear. Some

studies suggest it helps restore diversity while other studies indicate

that ART further disrupts the gut microbial diversity. Since many

factors like immune health, diet etc., influence the microbiome, it is

unclear whether ART may worsen or alleviate the alterations in the

gut microbial composition on both the maternal and infant

microbiome [25, 26].

In addition to the various physiological functions, gut

bacterial populations are also involved in the production of

various short-chain fatty acids (SCFAs). These SCFAs (such as

acetate, propionate, and butyrate, etc.) are key microbial

metabolites produced from the fermentation of dietary fibers

[27]. SCFAs have been shown to exert various beneficial effects

on host health, including the regulation of immune function,

energy metabolism, and gut barrier integrity [28–30]. Various

studies have shown that alterations in SCFA production lead to

the development of various metabolic diseases, including

cardiovascular disease, obesity, and type 2 diabetes [31–36].

ART-induced disruption of the microbial ecosystem may alter

SCFA production, potentially influencing the development and

function of the infant gut microbiome and leading to long-lasting

health consequences for the offspring. However, the specific

impact of gestational ART exposure on SCFA production in

the offspring remains largely unexplored.

Fecal bacterial population profiling has emerged as a

powerful non-invasive tool for assessing the composition and

function of the distal gut microbial community [37, 38]. Various

studies reported that high-throughput sequencing technologies

such as 16S rRNA gene sequencing and shotgun metagenomics,

are useful to obtain a comprehensive snapshot of the microbiome

composition and its functional potential [39, 40]. Furthermore,

integrating metabolomic analysis such as SCFA quantification,

with taxonomic profiling has provided valuable insights into the

complex interplay between the gut microbiome and host

physiology [41, 42]. However, limited studies have applied

these multi-omics approaches to investigate the long-term

impact of perinatal ART exposure on the offspring gut

microbiome and metabolome.
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In addition to the complex interplay between the gut

microbiome and ART, it is also important to consider the role

of the immune system in shaping the microbial composition.

Immunoglobulin A (IgA), plays an important role inmaintaining

the delicate balance between the immune system and the gut

microbiota of the host, ensuring a mutually beneficial

relationship [43]. Investigating the interplay between gut

microbiome, IgA, and SCFAs in the context of perinatal ART

exposure could provide valuable insights into the balance

between the immune system and microbial metabolites that

could influence the offspring’s health.

The current study tested whether indirect exposure through

the Dams to Abacavir Sulfate (ABC)/Dolutegravir Sodium

(DTG)/Lamivudine (3TC), hereon called TC-ART, led to

changes in the gut microbiome when the offspring reached

1 year of age. In addition, changes in the abundance and

activity of SCFA-producing bacteria resulting in altered SCFA

profiles in the offspring, were examined.

Rationale for selection of antiretroviral
treatment regimen

The drug regimen consisting of abacavir, dolutegravir, and

lamivudine, was selected for this study based on being the current

recommended TC-ART to be provided during pregnancy for

patients that are naïve to ART or already on this combination1.

For adults and children weighing 25 kg or more, this TC-ART is

administered at a dosage of 600-50-300 mg in tablet form once

daily [44, 45]. The selection of this once-daily combination

therapy in the rat model is expected to mimic the dosing

schedule used in human patients.

Materials and methods

Animal housing, care, treatment,
euthanasia, and sample collection

Time mated Sprague Dawley rats (Hsd:SD) were obtained

from Envigo (Indianapolis, IN). Pregnant rats and their male

and female offspring were housed in the animal facility at

Amplify Bio, West Jefferson, OH, an independent, scientific

contract research organization. The facility’s Institutional

Animal Care and Use Committee (IACUC) reviewed the

protocol and approved it. The IACUC number for this

protocol is T06055. All rats were housed in polycarbonate

cages with irradiated hardwood bedding chips (Sani Chips®;
Envigo, Madison, WI). Natural crinkled kraft paper was

provided during gestation and lactation for enrichment

(Crink-l’nest™, The Andersons, Maumee, Ohio). Offspring

remained with their respective dams until postnatal day (PND)

21. After the lactation period, first generation offspring were

provided polycarbonate rectangular shelters (Rat Retreats™,
Bio-Serve, Flemington, NJ) as enrichment and were group

housed by sex, up to 5 per cage. Animals were fed irradiated

NIH-07 pellets or wafers (Zeigler Bros., Gardners, PA) during

gestation and lactation. After weaning, rats were fed NTP-2000

(Zeigler Bros., Gardners, PA). All animals were provided

municipal water ad libitum from an automatic watering

system. The water and feed were analyzed for known

contaminants that could interfere with or affect the

outcome of the study, and none were found. The animals

used in this study of microbiome were part of a larger

toxicology study that will be reported separately. The

experimental design for the microbiome investigation is

outlined in the Figure 1.

Pregnant Sprague Dawley rats (n = 5/group) were exposed

via gavage to two different doses of the TC-ART (abacavir/

dolutegravir/lamivudine) during gestation and lactation (GD6

- PND21). The doses of TC-ART used in this study were a low-

dose of 150/12.5/75 mg/kg body weight and a high-dose of 300/

25/150 mg/kg body weight. All animals, including the control

group, were administered vehicle solution (0.2%methylcellulose/

0.1%, Tween 80) at the same volume (5 mL/kg) and frequency as

treatment groups. The offspring were indirectly exposed to the

ART via the dam during their perinatal period only. The

offspring (one male and female from each dosed or control

dam) were aged to 12 months with no direct dosing. At the age of

12 months, these aged rats were sacrificed. Fecal samples were

collected aseptically from the colon of animals and immediately

transferred to liquid nitrogen and thereafter kept frozen at −80°C

for the assessment of gut microbiota, SCFAs, and fecal IgA

(bound and unbound) (Figure 1).

Fecal DNA extraction and long read
sequencing

The DNA and RNA from the rat fecal samples were isolated

using Zymo ZR-duet DNA/RNA Miniprep (Zymo Research,

Tustin, CA, United States) as per manufacturer instructions.

The quality and quantity of DNA was checked using a

Cytation3 Cell Imaging Multimode Reader (BioTek, Winooski,

VT, United States) and QubitTM Fluorometer (Thermo Fisher

Scientific, Waltham, MA, United States).

Microbiome sequencing and analysis

To investigate the fecal microbiota composition of control,

low-dose, and high-dose treated groups in both male and female1 https://clinicalinfo.hiv.gov/en/guidelines/perinatal/whats-new
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rats, Illumina NovoSeq sequencing technology was utilized.

Operational Taxonomic Units (OTUs) were generated for

each sample using a 97% sequence similarity threshold, and

the number of sequences in each OTUwas determined. The OTU

representative sequences were compared against a microbial

reference database to obtain classification information for each

species corresponding to each OTU. Microbiome diversity and

community structure were assessed via shotgun sequencing,

using libraries prepared with a procedure adapted from the

Nextera XT Kit (Illumina). Sequencing was performed on an

Illumina NovaSeq 6000 platform, with paired-end 2 ×

150 sequencing and a target depth of 20 million reads. DNA

sequences were filtered for low quality (Q-Score <30) and length

(<50 bp), and adapter sequences were trimmed using Cutadapt.

Host sequences were removed using Bowtie2. Bacterial 16S rRNA

gene sequences were extracted from the shotgun data and used

for the microbiome analysis. Using the web-based platform

MicrobiomeAnalyst [46, 47]. The Greengenes database was

used for taxonomic classification. Data filtering included the

removal of low-count features with a minimum count of 4 and a

prevalence of 20% in samples, as well as low-variance features

with a 10% cutoff. Data normalization was performed using Total

Sum Scaling (TSS). Rarefaction curves were used to evaluate

sequencing depth and Good’s index was used to assess

sequencing completeness. Alpha diversity was assessed using

2 metrics: Chao1 and Shannon index. Analysis of variance

(ANOVA) was used to determine statistically significant

differences in microbial community diversity in response to

TC-ART treatment. Beta diversity was analyzed using

Principal Coordinate Analysis (PCoA) based on Bray-Curtis

FIGURE 1
Experimental design for evaluating the effects of perinatal exposure of the HIV Tri-combination drug in a rat model (F1 generation). Schematic
representation of the experimental design for 12-month-old F1 generation study shows that the pregnant female rats (dams) were divided into
control (untreated) and experimental groups (receiving low- and high-dose HIV tri-combination drugs) during gestation till post-partumday 21. Male
and female offspring were monitored for 12 months (F1 generation). Fecal samples were collected from all the offspring and analyzed using
shotgun sequencing, HPLC, and IgA profiling to access microbiome composition, metabolite profiles, and mucosal immunity.
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dissimilarity. Similarity analysis was conducted using Euclidean

distance and the Ward hierarchical clustering algorithm, with

results presented in a heatmap.

Fecal sample collection and processing for
SCFA using HPLC

For SCFA profiling, 100 mg of frozen feces was weighed out

into microcentrifuge tubes. One milliliter of chilled HPLC-grade

water was added to the respective tubes. The samples were

vortexed for 1 min and sonicated for 10 min until

homogenized. The homogenized samples were then

centrifuged at 18,000 × g for 10 min at 4°C. The supernatant

was collected and filtered through a 0.22 μm syringe filter into

amber HPLC vials.

Quantification of SCFA

SCFAs were quantified using high-performance liquid

chromatography (HPLC) analysis. An Agilent Technology

1260 Infinity system coupled with an Agilent Technology

Infinity Lab LC/MSD mass spectrophotometer and an auto

sampler system was used for the analysis. Chromatographic

separation and identification of SCFAs were performed using

an Aminex HPX-87H column (300 mm × 7.8 mm, hydrogen

form, 9 μm particle size, 8% cross-linkage; Bio-Rad) maintained

at 65°C. A UV detector set at 210 nm using a spectral diode array

system was employed for detection. The mobile phase consisted

of freshly prepared 2.5 mM H2SO4 with a flow rate of 0.6 mL/

min. The sample injection volume was set to 10 μL.

Calibration standards were prepared by diluting the

respective reference standards for the following SCFAs:

succinic acid, lactic acid, formic acid, acetic acid, propionic

acid, isobutyric acid, butyric acid, isovaleric acid, valeric acid,

hexanoic acid, and heptanoic acid in 2.5 mM H2SO4. Standards,

samples, and spiked samples were analyzed by HPLC, and SCFAs

were identified and quantified by retention time and peak area

relative to the standards. The percentage recovery of the SCFAs

from extraction ranged between 80.83 and 92.15%.

Quantification of bound and unbound IgA
in rat feces

To quantify the level of bound and unbound IgA in rat feces,

we followed the procedure described by Lahiani at al [48]. Rat fecal

samples were weighed and diluted to prepare a concentration of

50 mg/mL PBS buffer containing 1mM phenylmethylsulphonyl

fluoride (PMSF) and 1mM protease inhibitor cocktail solution.

The samples were then vortexed rigorously and centrifuged at 4°C

for 15 min at a speed of 900g. The resulting supernatant was

collected and filtered through 0.22 um PTFE syringe filters to

measure the unbound IgA level.

For the collection of bacterial-bound IgA, the same filter was

washed with 0.05% tween 20, and the flow through was collected.

A Rat IgA ELISA Kit (Bethyl Laboratories, Montgomery, TX,

United States) containing pre-coated 96 well strip plate was used

to assess the levels of IgA according to the manufacturers

protocol. The absorbance was measured on a Cytation 3 plate

reader (BioTek) at 450 nm. The standard curve was fitted into a

4-parameter curve fitting equation to calculate the analyte

concentration in the original sample.

Statistical analysis of SCFAs and IgA levels

For comparing SCFAs and IgA levels between treatment

groups, an unpaired two-sample t-test was performed. The

significance was set at 5% (p ≤ 0.05). The t-test assessed

differences between the means of the data sets by calculating

the variance from all animals in each group (n = 5). P-values

below 0.05 were considered statistically significant.

Results

Diversity analysis of fecal microbial
communities across treatment groups

Alpha diversity analysis
Alpha diversity measures the richness and diversity of species

within a single sample using various indices, such as Chao1 and

Shannon. The Chao1 index assesses species richness (i.e., the

number of species), while the Shannon index evaluates species

diversity, considering both richness and community evenness. In

this study, the completeness of sequencing was tested using

Good’s coverage, which reached 100%, indicating that the

majority of the bacterial species present in the samples had

been detected.

The rarefaction curves of the observed OTUs (Figure 2)

revealed that the number of OTUs increased with sequencing

depth for all treatment groups. In females, the control

(26–39 OTUs), low-dose (23–41 OTUs), and high-dose

(17–47 OTUs) groups all showed substantial overlap,

preventing clear discrimination of diversity changes due to

treatment. Similar results were obtained for males: the control

(32–51 OTUs), low-dose (25–38 OTUs), and high-dose

(31–42 OTUs). The stabilization of the final curve indicates

that the amount of sequencing data obtained was sufficient

and representative.

The Chao1 index values (Figure 3A) ranged from 18 to

52 across all samples, with the highest value observed in the

female high-dose group (HF_26) and the lowest in the female

high-dose group (HF_30). No significant differences were

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine05

Muthumula et al. 10.3389/ebm.2025.10468

86

https://doi.org/10.3389/ebm.2025.10468


observed when comparing the Chao1 index across groups,

suggesting that the treatment did not significantly impact

species richness in either male or female rats.

The Shannon index values (Figure 3B) ranged from 1.11 to

2.99, with the highest value found in the male control group

(CM_5) and the lowest in the male control group (CM_4).

Similar to the Chao1 index, no significant differences were

observed in the Shannon index across treatment groups.

Collectively, these data demonstrate that TC-ART treatment

did not alter species richness or diversity in aged male and female

rats perinatally exposed to these drugs.

Comparison of fecal microflora across
treatment groups

The identified bacteria were categorized into 7 phyla,

11 classes, 14 orders, 26 families, 39 genera, and 68 species

across the animals. The composition of each sample community

was calculated at every taxonomic level (phylum, class, order,

family, genus, and species). Table 1 represents the taxonomic

level classification of individual samples.

Phylum level analysis
At the phylum level (Figure 4), differences in relative

abundance were observed between males and females in the

control group (compare first and fourth bar on Figure 4), and

further changes were observed upon treatment. Specifically, the

relative abundance of both Firmicutes and Bacteroidetes

exhibited a dose-dependent decrease in males, with more

pronounced effect in the high-dose group. Conversely, a dose-

dependent increase was observed for Actinobacteria. In females,

changes in relative abundance did not follow dose-dependency,

with Firmicutes decreasing in the low-dose but increasing in the

high-dose group compared to the control. Similarly,

Actinobacteria relative levels were higher in the low-dose than

the high-dose group while Verrucomicrobia increased in the low-

dose group but decreased in the high-dose group. Bacteroidetes

decreased in the low-dose group but increased in the high-

dose group.

Taken together, the phylum-level analysis suggests that

perinatal TC-ART treatment has long-term influences in the

gut microbiome composition, which is different between males

and females.

To elucidate if the changes seen at the phyla level is also

translated into the genus level, comparative analysis on the

bacterial abundance at the genera level was conducted.

Genus level analysis
At the genus level (Figure 5), the relative abundance data

revealed notable differences between control and TC-ART

treated groups in both males and females. In the control

groups, Lactobacillus, Akkermansia, Bifidobacterium, and

Bacteroides were among the most abundant genera. However,

the relative abundances of these genera were altered upon

treatment with TC-ART.

In males, the relative abundance of Lactobacillus decreased in

both low-dose and high-dose treatment groups compared to the

FIGURE 2
Rarefaction curves of the observed Operational Taxonomic Units (OTUs) in the fecal microbiome across different treatment groups (control,
low-dose, and high-dose) in both male and female rats. The rarefaction curves plot the number of observed OTUs as a function of the number of
sequences sampled, with a plateauing curve indicating that the majority of the bacterial species present have been captured.
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control. Akkermansia showed a slight increase in the low-

dose group but decreased in the high-dose

group. Bifidobacterium exhibited an increase in the treatment

groups, with the high-dose group showing the highest relative

abundance. Bacteroides and Parabacteroides decreased in both

treatment groups.

In females, the relative abundance of Lactobacillus decreased

in both low-dose and high-dose treatment groups, with the low-

dose group showing a substantial decrease compared to controls.

Akkermansia decreased in both treatment groups, with the high-

dose group having the lowest relative abundance.

Bifidobacterium increased in both treatment groups, with the

low-dose group showing the highest relative abundance.

Bacteroides and Parabacteroides increased in the high-dose

group compared to the control.

The genera-level analysis reveals the differential impact of

TC-ART on specific genus within the gut microbiome of males

and females. The observed changes suggest that the drug

modulates the relative abundances of key genera, such as

Lactobacillus, Akkermansia, and Bifidobacterium, in a sex-

specific manner. These alterations in genus-level composition

contribute to the overall shifts observed at the phylum level.

To gain more granularity at the taxonomic level, the impact

of TC-ART drug on different treatment groups was assessed by

the heatmap analysis and Principal Coordinate Analysis (PCoA)

at the species level.

FIGURE 3
Fecal microbial population diversity across different treatment groups (control, low-dose, and high-dose) in both male and female rats. (A)
Alpha diversity indices (Chao1) assess species richness, with higher values indicating a greater number of unique species within a sample. (B) Alpha
diversity indices (Shannon) of the fecal microbiome across different treatment groups (control, low-dose, and high-dose) in both male and female
rats assess species diversity, taking into account both richness and evenness, with higher values indicating greater diversity within a sample.
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Species level analysis
The heatmap in Figure 6 represents the average relative

abundance of bacterial species in the fecal microbiome for

each treatment group (control, low-dose, and high-dose; n = 5

per sex) in male and female rats (Supplementary Figure S1

displays the relative abundance for all animals in each group).

The control groups exhibit a distinct abundance profile

compared to the treatment groups. The high-dose treated

groups show an increase in the abundance of certain bacterial

species, while the low-dose groups demonstrate an intermediate

profile. These findings suggest that the treatment has a dose-

dependent effect on the fecal microflora composition, with

TABLE 1 Operational Taxonomic Units (OTUs) species of samples on various Taxonomic levels.

Sample Kingdom Phylum Class Order Family Genus Species

CM-1 1 6 9 11 20 27 48

CM-2 1 6 9 9 15 23 38

CM-3 1 6 8 10 19 26 43

CM-4 1 5 7 8 16 21 34

CM-5 1 6 10 11 21 29 53

LM-1 1 7 9 10 16 21 26

LM-2 1 6 10 11 19 27 42

LM-3 1 6 9 10 17 23 29

LM-4 1 5 7 8 14 20 25

LM-5 1 5 8 9 18 25 40

HM-1 1 6 10 11 20 27 43

HM-2 1 6 10 11 20 26 43

HM-3 1 6 9 10 18 24 34

HM-4 1 5 7 8 15 19 32

HM-5 1 5 8 9 17 23 37

CF-1 1 4 6 7 15 19 27

CF-2 1 6 8 9 18 24 38

CF-3 1 6 10 11 20 26 43

CF-4 1 5 7 8 19 24 41

CF-5 1 5 8 9 16 22 36

LF-1 1 5 9 10 18 23 38

LF-2 1 5 9 10 20 26 44

LF-3 1 5 9 10 21 29 47

LF-4 1 5 9 10 21 25 40

LF-5 1 5 7 8 15 18 28

HF-1 1 6 10 12 23 31 52

HF-2 1 6 10 11 21 25 42

HF-3 1 5 7 8 16 20 33

HF-4 1 5 8 9 17 23 35

HF-5 1 6 8 9 13 16 18

Table represents taxonomic diversity across control and experimental groups (CM, Control Male; LM, low-doseMale; HM, high-doseMale; CF, Control Female; LF, low-dose Female; HF,

high-dose Female) followed by replicate numbers (1–5). Numbers indicate distinct taxonomic units detected at each classification levels from Kingdom to species.
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higher doses leading tomore changes in the abundance of specific

bacterial species.

The observed changes in microbial composition at the

phylum, genus, and species levels are interconnected and

reflect the taxonomic relationships among the affected

bacteria. The decrease in Firmicutes at the phylum level might

be primarily driven by the reduction in Lactobacillus species,

which belong to this phylum. The increase in Actinobacteria can

be largely attributed to the substantial increase in

Bifidobacterium pseudolongum, a member of this phylum.

The sex-specific changes in Akkermansia muciniphila, the

representative of the Verrucomicrobia phylum, directly

contribute to the observed differences in Verrucomicrobia

abundance between males and females. The increase in

Proteobacteria in high-dose females can be linked to the slight

increases in genera such as Escherichia and Parasutterella, which

belong to this phylum.

The clustering patterns observed in the heatmap analysis

further highlight the relationships among the affected species and

their contribution to the overall changes in microbial

composition. The co-clustering of various Lactobacillus species

in males and their collective decrease with TC-ART underscore

their shared response to the intervention. Similarly, the separate

clustering of the control group in females emphasizes the impact

of the drug on the female gut microbiome.

In conclusion, the perinatal exposure to TC-ART was

associated with alterations in the gut microbial composition at

multiple taxonomic levels, with sex-specific differences in adult

rats. The changes observed at the phylum level are driven by the

differential responses of specific genera and species, highlighting

the intricate relationships within the gut microbiome.

Beta diversity analysis
Males

The PCoA plot for males (Figure 7A) reveals distinct

clustering patterns related to the treatment groups. The

control group (CM_1 to CM_5) forms two subclusters along

Axis 1, indicating some within-group variation but overall

separation from the treatment groups. This suggests that the

untreated male samples have a distinct microbial community

structure compared to those that received the treatments.

The low-dose group (LM_6 to LM_10) forms a relatively

compact cluster, although it shows some variation along Axis 2.

This cluster partially overlaps with both the control and high-

dose groups, suggesting that the low-dose treatment induces a

shift in the microbial community structure that is intermediate

between the control and high-dose groups.

The high-dose group (HM_11 to HM_15) exhibits a

separation from the control group, with samples spreading

along both Axis 1 and Axis 2. This indicates that the high-

FIGURE 4
Changes in the fecal microbial composition at the Phyla level (top six phylum) across different treatment groups (control, low-dose, and high-
dose) in both male and female rats (n = 5 in each group).
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dose treatment induces a shift in the microbial community

structure compared to the untreated samples. However, the

spread of the samples also suggests that there is considerable

individual variation in the response to the high-

dose treatment.

While there is a separation between the control group and the

high-dose group, suggesting treatment-related changes, there is

also some overlap, particularly between the low-dose group and

the other groups. This overlap suggests that the treatment effect

may not be as distinct for all individuals, and there could be other

factors contributing to the variation within groups.

These results demonstrate that the treatments have an impact

on the beta diversity of the male microbiome, with clustering

patterns associated with each treatment group. The observed

change across the treatment groups provides evidence for a dose-

dependent response in the microbial community structure

of males.

Females

The PCoA plot for females (Figure 7B) reveals a high degree

of overlap among the control (CF_16 to CF_20), low-dose (LF_

21 to LF_25), and high-dose (HF_26 to HF_30) groups. This

overlap suggests that the treatments did not induce distinct shifts

in the microbial community structure of females.

The control group samples tend to cluster towards the left

side of the plot along Axis 1, but there is no clear separation

between the control and treatment groups. This indicates that the

untreated female samples do not have a markedly distinct

microbial community structure compared to those that

received the treatments.

The low-dose and high-dose groups are largely

intermingled, with samples scattered throughout the plot.

This lack of separation between the treatment groups

suggests that increasing the treatment dose did not result in

a consistent, dose-dependent shift in the microbiome

composition of females.

The overall lack of clustering based on treatment groups in

females contrasts with the patterns observed in males. While

male samples showed distinct clustering and a gradient of change

across treatment groups, female samples exhibit a high degree of

overlap and no clear treatment-related patterns.

These results indicate that the treatments did not have a

significant impact on the beta diversity of the female microbiome,

as evidenced by the lack of distinct clustering patterns associated

with the treatment groups. The overlap among the control and

treatment groups suggests that factors other than the treatment

itself may be driving the variation in the microbial community

structure of females.

FIGURE 5
Changes in the fecal microbial composition at the genera level (top ten genus plus others) across different treatment groups (control, low-dose,
and high-dose) in both male and female rats (n = 5 in each group).
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Effect of perinatal exposure to HIV TC-ART on
SCFA levels in rat offspring

One prediction that the changes in microbiome abundance

and composition as described above would be that their

produced metabolites might also changed. Given that the

metabolites derived from the microbiome can affect different

biological processes, we then evaluated whether perinatal

exposure to TC-ART would also impact the levels of SCFA

produced by the bacteria. To this end, we compared the

concentrations of various SCFAs between control, low-dose,

and high-dose groups in both males and females. Figure 8

represents the average concentrations and standard deviations

of each SCFA for the different treatment groups (control, low-

dose, and high-dose) for male (A) and female (B) rats measured

in fecal samples.

Data presented in Figure 8 showed no statistically significant

differences between the groups. To better understand whether

within the same sex the treatment had an effect, we next

FIGURE 6
Heatmap illustrating the average (n = 5) relative abundance of bacterial species in the fecal microbiome for each treatment group (control, low-
dose, and high-dose) in male and female rats. The color gradient from light to dark signifies low to high relative abundance. Vertical clustering
represents the similarity in the abundance of different species among the treatment groups, with shorter branch lengths indicating greater similarity.
Horizontal clustering shows the similarity of species abundance between treatment groups, with shorter branch lengths suggesting higher
similarity between groups.
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FIGURE 7
Principal Coordinate Analysis (PCoA) plots showing beta diversity in males (A) and females (B) rats across control (red points), low-dose (blue
points), and high-dose groups (green points).
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evaluated concentrations of each SCFA across different doses

within the same sex. While we observed different trends in males

and females, none of the data displayed statistically significant

differences. Nevertheless, it is interesting that in both sexes the

treatments tended to alter levels of lactic acid while the trends of

other fatty acids were different in males and females (Figure 8).

Sex-dependent differences in SCFA
concentrations

Among all the SCFAs analyzed, only hexanoic acid showed a

statistically significant difference between sexes, with higher levels

observed in control males compared to control females (p < 0.05).

However, other SCFAs showed varying patterns between male and

female rats across different treatment groups (represented by the

considerable overlap of error bars in Figure 8).

Given the intricate relationship between gut microbiota,

SCFAs, and mucosal immunity, we also examined

Immunoglobulin A (IgA) levels in offspring. SCFAs are

known to promote intestinal IgA responses, and investigating

both parameters provide a more comprehensive view of how

gestational ART exposure might influence the developing

gut ecosystem.

Effect of perinatal exposure to HIV TC-ART on
IgA levels in rat offspring

We quantified both secretory (fecal unbound) and bacterial-

bound IgA and compared concentrations between control and

treated groups in both males and females. The levels of unbound

and bacteria-bound IgA were comparable between treated and

control offspring, with no significant differences observed across

the treatment groups (Figure 9). Similarly, no significant sex

differences were observed between the levels of unbound or

bacterial-bound IgA detected in the feces of adult offspring

due to the perinatal exposure to HIV TC-ART.

Discussion

It is estimated that 39 million people are infected with HIV

and over the past few years [49], life expectancy of individuals

FIGURE 8
Bar graphs showing concentration of individual SCFA in control, low-dose, and high-dose groups for male (A) and female (B) rats. Each bar
represents the mean ± SD of five observations (n = 5).
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living with HIV has improved significantly with the widespread

usage of ART [50]. However, as the population of ART-treated

individuals continues to grow, there is a pressing need to

understand the long-term effects of ART exposure,

particularly during important developmental stages such as

during gestation [51–53], in the absence of the HIV.

Given the critical role of the gut microbiome in shaping

immune function, metabolism, and neurodevelopment,

investigation of the potential impact of ART on the gut

microbiome and its consequences for the health of the

offspring is warranted. The gut microbiome’s influence

extends beyond the intestinal environment, playing roles in

gut-brain communication, liver function, and cardiovascular

health through complex bidirectional interactions known as

the gut-brain axis, gut-liver axis, and gut-heart axis,

respectively. In this study, we investigated the effects of

perinatal ART exposure on the composition of the gut

microbiome and their metabolites (SCFA’s) in aged rat offspring.

Our findings suggest that perinatal exposure to ART is

associated with alterations in the gut microbiome composition

in aged rat offspring at multiple taxonomic levels, with notable

sex-specific differences. However, despite these changes in the

gut microbiome composition, we did not observe statistically

significant differences in SCFA levels across treatment groups or

between sexes, which may be due to high individual variability.

Interestingly, our study did not find significant differences in

the alpha diversity indices (Chao1 or Shannon) across treatment

groups in either male or female rats. This suggests that the

developmental ART exposure has not significantly affected the

overall species richness or diversity of the fecal microbiome in the

aged offspring at 12 months. The lack of significant differences in

our study may be attributed to several factors, such as the subtle

effects of gestational ART exposure on the fecal microbiome of

the offspring, the long-term nature of the study allowing for

microbial community recovery, and the high individual

variability masking potential treatment effects [54]. However,

it is important to consider that alpha diversity measures provide a

broad overview of the microbial community structure and may

not capture subtle changes in specific bacterial taxa [55, 56].

To gain a deeper understanding of the effects of

developmental ART exposure on the fecal microbiome, we

performed an integrated analysis of taxonomic levels,

examining the changes at the phylum, genus, and species

levels and their interconnectedness. Our results revealed dose-

dependent and sex-specific alterations in the relative abundances

of various bacterial taxa.

At the phylum level, we observed distinct differences between

control and TC-ART treated groups in both males and females.

In males, Firmicutes and Bacteroidetes exhibited a dose-

dependent decrease, while Actinobacteria showed a dose-

dependent increase. In females, the response was more

complex, with Firmicutes decreasing in the low-dose group

but increasing in the high-dose group, and Actinobacteria

showing a dose-dependent increase. These findings suggest

that TC-ART treatment may modulate the fecal microbiome

composition in a dose- and sex-specific manner. Similar effects of

antibiotics on the gut microbiome have been reported in previous

studies [57–61].

FIGURE 9
Bar graph showing quantification of IgA levels in the offspring feces. The level of IgA in rat feces is expressed as ng per mg of feces. IgA unbound
(blue bars); bacteria-bound IgA (orange bars). Error bars represent standard deviation values (n = 5).
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The reduction in Lactobacillus species may increase offspring

susceptibility to gastrointestinal disturbances and infections [62].

Conversely, the increase in Bifidobacterium species could offer

some protective effects, given their association with improved

immune function and metabolic health [63]. These alterations

share similarities with findings from studies on early-life

antibiotic exposure [64], suggesting that various early-life

factors can induce long-lasting changes in gut microbiota

composition. The sex-specific differences observed echo earlier

findings [65] on sex-specific microbial patterns. This highlights

the complex interplay between early-life exposures, sex

hormones, and gut microbiome development. The species-

level analysis, including the heatmap and clustering patterns,

further confirmed the dose-dependent and sex-specific effects of

TC-ART treatment on the gut microbiome composition. Specific

bacterial species showed dose-dependent increases or decreases,

while others exhibited sex-specific patterns of change. These

species-level alterations drove the changes observed at the

genus and phylum levels, highlighting the interconnectedness

of taxonomic levels in the microbiome. Sex hormones such as

estrogen and testosterone are known to influence gut microbiota

composition and immune responses, potentially leading to

distinct microbial community structures between males

and females [66].

The observed changes in the gut microbiome composition

may have important implications for extraintestinal organ

functions, as discussed earlier regarding the gut microbiome’s

role in immune function, metabolism, and gut-extraintestinal

organ axes. Lactobacillus and Bifidobacterium species, which

were affected by TC-ART treatment, are known for their

probiotic properties and have been associated with various

benefits, such as improved immune function, reduced

inflammation, and protection against pathogens [67–70].

Conversely, a decrease in these beneficial bacteria has been

linked to an increased risk of metabolic disorders,

inflammatory bowel disease, and infections [71–73].

Moreover, the sex-specific alterations in key genera, such as

Akkermansia, may have differential effects on health outcomes.

Akkermansia muciniphila, which was more abundant in females,

has been inversely associated with obesity, diabetes, and

inflammation [74, 75]. The higher prevalence of this species

in females may confer some protection against metabolic

disorders, while its reduction in males may increase their

susceptibility to these conditions [65, 76–78].

The dose-dependent effects of TC-ART treatment on specific

bacterial species also warrant attention. For instance, the increase

in B. pseudolongum in a dose-dependent manner may have

positive implications for gastrointestinal tract, as this species

has been shown to exert anti-inflammatory effects and improve

gut barrier function [79–81]. However, the decrease in

Lactobacillus species with increasing doses of TC-ART

treatment may compromise the beneficial effects of these

bacteria on the host.

The beta diversity analysis revealed sex-specific responses

to developmental TC-ART exposure in the gut microbiome

composition of rat offspring. Males exhibited distinct

clustering patterns associated with treatment groups,

indicating that gestational TC-ART exposure alters the gut

microbiome composition in male offspring. The observed sex-

specific alterations underscore the complex interplay between

host factors, such as sex hormones, and the gut microbiome in

response to early-life exposures [82]. In contrast to the male

microbiome, the PCoA plot for females revealed a high degree

of overlap among the control, low-dose, and high-dose

groups, indicating that gestational ART exposure did not

significantly alter the overall microbial community

structure in female offspring. Colonization of bacterial

community during early development may play a more

dominant role in shaping the microbial community

structure [65, 83, 84].

Several factors may contribute to the observed sex differences

in response to gestational ART exposure, including hormonal

influences [85, 86], gender-specific immune responses, genetic

and epigenetic variations [87, 88]. In addition to the gut

microbiome composition, we further investigated the impact

of developmental ART exposure on the concentrations of

SCFAs in the offspring. SCFAs are important microbial

metabolites that play a role in maintaining gut homeostasis,

regulating immune function, and influencing metabolic

processes [89–91]. However, our analysis of SCFA and IgA

concentrations revealed high variability within treatment

groups, complicating the interpretation of the results. The

high variability observed could be attributed to individual

differences in gut microbiome composition and the complex

nature of short-chain fatty acid production and metabolism. In

addition, the ongoing studies using metatranscriptomics analysis

would help to understand if the observed microbiome changes

result in different metabolic and immune responses between

males and females. Moreover, integration of multi omics

approaches such as metatranscriptomics, and metabolomics,

would be valuable to better understand the impact of

developmental exposure of TC-ART on the gut microbiome

function and metabolic outputs.

Conclusion

Our study showed that gestational and lactational exposure

to TC-ART was associated with alterations in the fecal

microbiome composition of aged rat offspring, with notable

sex-specific differences. These changes were observed at

various taxonomic levels and were characterized by dose-

dependent and sex-specific patterns. Despite these changes in

the fecal microbiome, we did not observe significant differences

in IgA levels and SCFA concentrations across treatment groups

or sexes. However, given the complex interplay between the

Experimental Biology and Medicine
Published by Frontiers

Society for Experimental Biology and Medicine15

Muthumula et al. 10.3389/ebm.2025.10468

96

https://doi.org/10.3389/ebm.2025.10468


microbiome and host factors, other functional consequences may

exist that were not captured by these specific markers. Further

investigations, including meta transcriptomics, could help to

determine the impact of TC-ART on the gut microbiome and

metabolic function in both males and females to account for sex

differences.
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