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Abstract

JMIR Bioinformatics and Biotechnology announced a strategic partnership with the MidSouth Computational Biology and
Bioinformatics Society (MCBIOS) in late 2025; this partnership establishes IMIR Bioinformatics and Biotechnology as the
official journal of MCBIQOS. This collaboration reflects a shared commitment to advancing computational biology, bioinformatics,
and biotechnology through open science, interdisciplinary collaboration, and real-world data. By connecting MCBIOS
community-building and professional development initiatives with IMIR Publications' open-access publishing platform, this
partnership aimsto support emerging researchers, accel erate the dissemination of innovative computational methods and artificial
intelligence applications, and strengthen data-driven research across medicine and biology.

(JMIR Bioinform Biotech 2026;7:€93272) doi:10.2196/93272
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Inlate 2025, IMIR Bioinformatics and Biotechnol ogy announced
a new strategic partnership with the MidSouth Computational
Biology and Bioinformatics Society (MCBIOS), under which
it will serve as the official journa of MCBIOS. This
collaboration represents a shared commitment to advancing
computational biology, bioinformatics, and biotechnology
through open science, interdisciplinary collaboration, and
real-world data.

MCBIOS s dedicated to advancing the fields of computational
biology and bioinformatics by fostering collaboration,
networking, and professional development among scientists,
educators, and trainees. The society promotesinterdisciplinary
research, supports educationa initiatives, and provides
opportunities—particularly for trainees and early-career
researchers to engage with peers and leaders in the field.
Through annual conferences and community outreach, MCBIOS
works to enhance scientific knowledge, encourage innovation,
and contribute to solving complex biomedical questions[1].

The vision of JMIR Bioinformatics and Biotechnology is to
promote high-quality, interdisciplinary research at the
intersection of bioinformatics, computational biology,
biotechnology and artificial intelligence (Al). Thejournal aims

https://bioinform.jmir.org/2026/1/€93272

to provide an open-access platform for innovative computational
methods, data-driven biological discoveries, and trand ational
applicationsthat bridge algorithm devel opment with real-world
biomedical questions. Emphasizing collaboration among
bioinformaticians, biologists, clinicians, and data scientists, the
journal seeks to foster rigorous, reproducible research that
leverages emerging technol ogies such as Al, machine learning,
and big data analytics to accelerate scientific progress and
tranglational impact in the life sciences and medicine.

The partnership between MCBIOS and JMIR Bioinformatics
and Biotechnology is well-timed within today’s scientific and
academic landscapefor several key reasons. First, computational
biology and bioinformatics have entered a phase defined by
large-scale data generation, Al, and trandlational research.
Second, aligning a scientific society that fosters community,
mentorship, and scholarship with aglobal, open-access journal
amplifies both visibility and impact. Furthermore, in an era
where rapid dissemination and interdisciplinary collaboration
have become key components in research, this partnership
creates a streamlined pathway from conference presentation
and networking to peer-reviewed publication in a journal that
prioritizes accessibility and methodological innovation.
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Together, these organizations will support emerging scholars
and strengthen open, collaborative, and Al-enabled data science.

Strengthening a Community at the
Intersection of Bioinformatics,
Biotechnology, and Al

MCBIOS has long served as a vibrant forum for academic
researchers, industry scientists and trainees working across
computational biology, bioinformatics, systems biology,
machine |learning, medicine and data science. This partnership
offers not only a conference or ajournal to showcase research,
but also an integrated professional ecosystem that amplifies
visibility, supports career development, and fosters
innovation—making participation both professionally valuable
and intellectually impactful. As part of this partnership, JIMIR
Bioinformatics and Biotechnology will work closely with
MCBIOS leadership to support the society’s mission through:

- Official society journal designation: Being the official
journa of MCBIOS reinforces JMIR Bioinformatics and
Biotechnology's credibility in the publishing landscape
wherein researchers must identify trusted journas. This
designation will provide quality, community oversight, and
aignment with the interdisciplinary standards of
computational biology and bioinformatics, giving authors
confidence that their work will reach the right audience.

« Annual conference-linked theme issues: By publishing
issues connected to MCBIOS annua meetings, JMIR
Bioinformatics and Biotechnology will help capture
emerging trends and high-impact research that might
otherwise remain limited to conference presentations. This
addresses the challenge of slow publication process and
provides authors, especially early-career researchers, a
pathway from presentation to peer-reviewed publication,
increasing the visibility and impact of their work in atimely
manner.

« Publishing benefitsfor MCBIOS members: Discounted
article processing feesin reducing financial barriersto open
access publishing, addressing a major concern for
researchers.

- Education and capacity building: Through educational
and career development webinars, and resources on peer
review, publishing ethics, and research dissemination, JIMIR
Bioinformatics and Biotechnology and MCBIOS aim to
address a gap in formal education on modern publishing
practices.

These initiatives are designed to amplify the visibility and
impact of work emerging from the M CBIOS community, while
welcoming impactful contributions from the broader global

research ecosystem to the JMIR Bioinformatics and
Biotechnology .

A Shared Focus: From Computational
Methods to Meaningful Clinical Impact

MCBIOS and JMIR Bioinformatics and Biotechnology share a
vision of advancing interdisciplinary data-driven research with

https://bioinform.jmir.org/2026/1/€93272

Tan & Gamsiz Uzun

clinical impact through collaboration, transparency, and open
dissemination. Both partners are committed to fostering
innovation at the intersection of bioinformatics, computational
biology, biotechnology and Al while supporting emerging
investigators and strengthening research communities. Together,
MCBIOS and JMIR Bioinformatics and Biotechnology aim to
provide a scholarly home for research that not only advances
methods and technologies but also demonstrates meaningful
applications across biomedical, clinical, population health, and
Al contexts. For example, machine learning tools that improve
early disease detection or risk stratification, computational
approaches that predict drug response, or real-world data
analyses that evaluate the viability of computational tools in
clinical settings.

We invite submissions that address, but are not limited to:

«  Novel computational methodologies, agorithms, and
statistical approaches

« Al and machine learning applications in genomics,
bioinformatics, biotechnology, and health

- Data integration and multimodal analytics, including
genomics, transcriptomics, proteomics, imaging, and clinical
data

- Demonstrated real-world applications in trandlational
bioinformatics, including clinical, public health, and
biotechnological use cases

- Scalabletechnologies and platforms enabling reproducible
and open science

By emphasizing both methodological rigor and impactful
applications, JMIR Bioinformatics and Biotechnology seeksto
serve as a bridge between innovation and implementation of
computational methods, supporting data-driven research that
advances science while contributing to improved health
outcomes.

Looking Ahead

This partnership between JMIR Bioinformatics and
Biotechnology and MCBIOSisnot only arecognition of shared
values but also an investment in the future of bioinformatics
and biotechnology research. As the pace of innovation
accelerates, there is a growing need for journals that can
thoughtfully integrate advancesin bioinformatics, datascience,
Al, and biotechnology within a health-focused, open access
framework. We look forward to working with the MCBIOS
community to shape this next chapter through collaborative
theme issues, high-quality submissions, and ongoing dialogue
about the evolving role of bioinformatics and biotechnology in
transforming health.

We warmly invite MCBIOS members and the wider research
community to submit their work to JMIR Bioinformatics and
Biotechnology [2] and to join us in advancing research that
bridges bioinformatics, data, Al, and innovation for real-world
health impact.
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Abstract

Background: Autosomal dominant nonsyndromic hearing loss (ADNSHL) is highly heterogeneous, with more than 64 genes
implicated in its etiology. This complexity limits the diagnostic power of clinical examinations and audiometry alone, while
existing computational approaches have achieved only moderate accuracy and often lack interpretability. As precision medicine
increasingly emphasizes genotype-phenotype correlations, there is arecognized need for diagnostic tools that provide clinicians
with transparent, interpretable outputs.

Objective: Thisstudy aimed to develop and eval uate the AudioGene Trand ational Dashboard, an interpretable clinical informatics
tool that integrates machine learning models and interactive visualizations to enhance genotype-phenotype correlations and
support diagnostic decision-making in ADNSHL.

Methods: We devel oped the AudioGene Trandlational Dashboard, integrating 2 machine learning models (AudioGene version
4 and AudioGene version 9.1) with 6 interactive visualization tools. AudioGene version 4 uses a multi-instance support vector
machine classifier for patients with multiple audiograms, while AudioGene version 9.1 combines adaptive boosting, k-nearest
neighbors, random forest models, and logistic regression for patients with asingle audiogram. Visualizations include audiometric
profile plots, audioprofile surfaces, clustering analyses, and data distribution charts designed to facilitate clinical interpretation.

Results: The AudioGene Trandational Dashboard was developed to address the “70/30” phenomenon, indicating a 74%
likelihood that the causative geneisamong thetop 3 predicted genes, thereby providing clinicianswith aclear confidence indicator
(“green flag”) or a caution alert (“red flag”) during diagnosis. While this level of performance is well suited for hypothesis
generation, the remaining uncertainty underscores the need for interpretive context in clinical decision-making. Visualization
toolsenhanced clinicians’ ability to interpret and correl ate phenotypic datawith predicted genetic outcomes, improving diagnostic
confidence and interpretability.

Conclusions: The AudioGene Trandational Dashboard advances clinical informatics in genetic diagnosis of ADNSHL by
integrating explainable artificial intelligence with interactive visualizations, enhancing clinical interpretability and diagnostic
accuracy. Thisapproach facilitatesinformed clinical decision-making, highlightsthe trandational potential of genotype-phenotype
computational models, and supports precision medicine in hearing loss diagnostics. Future enhancements will target improving
class balance and incorporating additional user-customizable features to further optimize clinical applicability.

(JMIR Bioinform Biotech 2026;7:€85212) doi:10.2196/85212

KEYWORDS
autosomal dominant nonsyndromic hearing loss; machine learning; explainable artificial intelligence; clinical decision support
systems; genotype-phenotype correlation; audiometry; genetic testing
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Introduction

Background

Autosomal dominant nonsyndromic hearing loss (ADNSHL)
presents a significant genetic diagnostic challenge due to its
underlying heterogeneity—more than 64 genes are implicated
inits etiology [1]. Because of this complex genetic landscape,
computational tools designed to correlate audiogram profiles
(commonly called audioprofiles) with specific genes have
achieved only moderate success[2,3]. One such tool, which we
developed approximately 15 years ago, is AudioGene.
AudioGene uses numerous machine learning (ML) approaches
to improve diagnostic precision [2,4,5]. These approaches
include semisupervised support vector machines (SVMs),
ensemble models, and hyper-tuning methods. However,
challenges such as data imbalance and class sparsity continue
to restrict the accuracy of these models.

Precision medicine harnesses information about the genome of
anindividual, environment, and lifestyle to guide medical care.
With heterogeneous disorders such as ADNSHL, genetic variant
interpretation can be challenging, complicating the diagnostic
process and impacting patient care. Computational tools may
improve the precision and reliability of genetic assessments by
capitalizing on genotype-phenotype associations [6,7].

Current diagnostic methodsfor ADNSHL largely rely onclinical
examination and audiometry, which do not provide sufficient
resolution for the complex genetic landscape of ADNSHL [2,4].
However, with the availability of ML and artificia
intelligence—driven approaches, there has been a shift toward
integrating computational and visualization tools with genetic
diagnostics to improve accuracy and predictive power [8,9].

To addressthese challenges, we have devel oped the AudioGene
Translational Dashboard with the goal of enhancing both the
accuracy and interpretability of genetic predictions. A feature
of the AudioGene Trandational Dashboard is the “70/30”
phenomenon: by integrating the results from both models on a
training dataset comprising 3189 audiogramsfrom 1445 patients,
we observed that the correct disease-causing gene was predicted
within the top 3 predictions 74% of the time, with incorrect
predictions accounting for the remaining 26%, hence “70/30.”
This observation signalsto health care providerswhen they can
have confidence in thetop predictions, serving asa“ green flag”
or “red flag” in the diagnostic process. Having a true positive
rate of 70% is beneficial from aresearch perspective; however,
for a diagnostic tool, the remaining 30% represents some risk
that necessitates additional interpretative context. By providing
this context, the AudioGene Translational Dashboard enables
health care providers to weigh their confidence in the
predictions, supporting more informed diagnostic decisions.

The AudioGene Tranglational Dashboard was introduced into
the AudioGene tool set to increase transparency into the “black
box” underlying the models by providing explainable artificial
intelligence (XAl) to enhance model interpretability and utility
inclinical settings, in linewith trendsin precision medicinethat
emphasize the importance of genotype-phenotype associations
in improving diagnostic outcomes[7,10].

https://bioinform.jmir.org/2026/1/e85212
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Related Works

Early attempts to map audiometric phenotypes to their
underlying genotypeswere spearheaded by AudioGeneversion
4 (AG4), a semisupervised multi-instance SVM that treats the
collection of audiograms for a single patient as a “bag” and
ranksloci according to pair-wise—coupled probability estimates
[2,11]. Building on this foundation, AudioGene version 9.1
(AG9.1) introduced selective intraensemble data partitioning:
training examples arefirst divided by gene-specific datavolume,
patient age, and audiogram shape, then modeled with a
committee of k-nearest neighbor (KNN), adaptive boosting,
and random forest subclassifiers, whose outputs are fused by
logistic regression. AG9.1 offers a top-3 accuracy of 77.8%,
with a precision of 0.51 and a recall of 0.56, at the cost of
introducing a more complex model. We report top-3 accuracy
rather than top-1 accuracy because, in the context of gene
prioritization for validation sequencing, the cost of excluding
the true causative gene is higher than the cost of evaluating a
small number of candidate genes. In addition, thetop-3 threshold
represents a practical trade-off between high confidence in
predictionsand an acceptable loss of significance when selecting
genes for sequence-based validation [4,5,12,13]. Both
frameworks have improved locus-ranking accuracy for the 23
well-curated ADNSHL genes that account for roughly
three-quarters of casesin populations of European ancestry [14].
Nonetheless, their predictions can still be difficult to interpret
when class imbalance, sparse age coverage, or atypical
audiogram morphologies are present.

Complementary to agorithmic advances, domain-specific
visualization has been welcomed as a potentially beneficial tool
for clinical use. Audioprofile surfaces (APS) plot 3D tragjectories
of frequency-specific threshold shift over time, revealing
gene-characteristic progression patterns that are not obviousin
2D audiograms [15]. Circle-based genome views (eg, Circos
[version 0.69-10; Krzywinski, Canada'sMichagl Smith Genome
Sciences Center] enable high-density comparison of structural
variation or copy number events[16], whileintegrative genome
browsers such as I ntegrative Genomics Viewer (version 2.19.7;
UC San Diego and Broad Institute of MIT and Harvard) allow
rapid inspection of read evidence at candidate loci [17]. More
recent health care dashboards use fuzzy logic overlays and
interactive filtering to expose outliers or low-confidence regions
directly to end users[18]. Despite these advances, few systems
combine genotype-prediction engines with audiogram-aware
visual contexts; therefore, clinicians must cross-reference
separate tools, a workflow that can erode trust in algorithmic
suggestions and slow decision-making [19]. These limitations
reflect shortcomings in how models communicate their
reasoning and how results are presented to end users.

Accordingly, the literature reveals two unmet needs:

1. Model transparency—while ensemble and semisupervised
approaches improve predictive accuracy, they do not
inherently communicate why a particular gene is ranked
highly, especially when training data are imbalanced or
Noisy.

2. Unified, clinician-friendly interfaces—existing genomic
viewers excd at sequence-level detail but lack
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phenotype-specific visualization; conversely, stand-alone
audiogram tools rarely link observed hearing profiles back
to the underlying variant evidence.

The AudioGene Trandl ational Dashboard addresses these gaps
by (1) merging the complementary strengths of AG4 and AG9.1
and (2) embedding 6 interactive visual modules—APS, 2D
audioprofiles, uniform manifold approximation and projection
(UMAP) cluster projections, gene count bar charts,
region-of-origin pie charts, and age distribution plots—around
the model output. This hybrid XAl-driven design supports
clinicians in validating or questioning the algorithm’s “70/30"
confidence observation and thus advances the state of practice
in ADNSHL diagnostics.

Methods

Tool Overview

The AudioGene Trandational Dashboard integrates 2 ML
models to increase diagnostic accuracy for ADNSHL:

«  AG4—itisamulti-instance classifier designed for patients
with multiple audiograms that uses a semisupervised SVM
and ranks loci based on modified SVM probability outputs
[4]. It was developed using the Waikato Environment for
Knowledge Analysis (version 3.7.2; Wekal O Inc) platform
[11].

« AG9.1—it is a single-instance classifier for patients with
only 1 audiogram, developed using the scikit-learn library

https://bioinform.jmir.org/2026/1/e85212
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in Python. It comprises multiple submodels: 3 KNNs, 6
adaptive boosting models, 2 random forest models, and a
logistic regression module for combining outputs [2,5,8].

The AudioGene Trandlational Dashboard interface providessix
distinct visualization tools for health care providers and
researchers to interactively assess genetic data and model
predictionsin real time: (1) audioprofile, a 2D plot displaying
the average hearing loss (in dB) over 10 frequencies (125 Hz
to 8000 Hz) for each age group, alowing comparison with a
patient’s hearing loss over time (Figure 1A); (2) APS, a 3D
surface plot depicting gene-specific hearing loss progression
over time across frequencies, illustrating age-related changes
in decibel loss (Figure 1B) [20]; (3) aregion-of-origin pie chart,
which displays the geographic origin distribution (eg, Dutch,
German, and Chinese) for audiograms associated with each
gene; (4) a count bar chart, which illustrates the audiogram
count for each gene, highlighting class imbalance challenges
(Figure 1C); (5) spatial analysis and clustering, which shows
the cluster position of each gene and a 3D plot of audiograms
(clusters are created using the k-means algorithm to partition
datainto 23 gene-specific groups [15]; the 3D plot compresses
11 features [age plus 10 freguencies] into 3 dimensions using
the UMAP method (Figure 1D) [21]); and (2) 6) an age
distribution scatter plot, which shows the age distribution for
each gene within the training dataset, providing context for the
predictive model outputs.

JMIR Bioinform Biotech 2026 | vol. 7 | e85212 | p.8
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Figure 1. Visualization components of the AudioGene Translational Dashboard. (A) Audioprofile for the selected gene (WFSL), displaying data from
all age ranges along with patient data; (B) audioprofile surface view for the selected gene (ACTGL1); (C) count bar chart showing the counts of each
gene in the training data; and (D) 3D uniform manifold approximation and projection of genetic case data used in the AudioGene Translational
Dashboard.(each point represents a classified genetic case, and the color coding corresponds to 1 of the 23 unique clustersidentified through different

genetic diagnoses).

WFS1 - Ages 0-19, Ages 20-39. Ages 40-59, Ages 60-78 - Da

The first 3 visualization tools were developed to compare
patient-specific data to average thresholds for each of the 23
ADNSHL -associated genes. This comparison allows patient
audiogramsto be contextualized for each gene. The audioprofile
visualization shows how a patient’s audiogram comparesto the
expected audiograms associated with each gene.

The APS adds time as the third axis to provide a 3D rendering
of gene-specific audiometric thresholds over time. Audiometric
thresholds are represented asa 3D plane, depicting the expected
dB lossover time (in years) at each frequency, thereby enabling
comparisons between a patient’s hearing thresholds and
gene-specific expectations.

The spatial analysisand clustering tool uses abar chart to show
the distribution of each prediction among 23 different clusters.

https://bioinform.jmir.org/2026/1/e85212
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These clusters are created using k-means clustering [15].
Additionally, a 3D plot visualizes the audiograms within our
data that have a confirmed genetic diagnosis, compressing 11
features into 3 dimensions using UMAP [21]. This feature
allows users to interact with the bar chart, highlighting
corresponding clusters in the 3D plot (Figure 1). Users can
compare their patient’s audiogram, represented by a large red
dot, with othersin the cluster, facilitating the identification of
similar audiograms and associated genetic diagnoses.

By using these 3 visualizations, we aim to either enhance or
reduce confidence in the predictions. For example, if the model
ranks the COCH gene second among the top 3 predictions,
health care providers can analyze the APS and spatial analysis
tools to determine the degree of correlation with patterns

JMIR Bioinform Biotech 2026 | vol. 7 | e85212 | p.9
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOINFORMATICS AND BIOTECHNOLOGY

typically associated with the COCH gene, potentially increasing
confidence in that diagnosis.

Thelast 3 visualization tools provide context for the datain the
AudioGene dataset. The count bar chart highlights significant
classimbalance, showcasing the challenge the model encounters
in predicting smaller classes due to underrepresentation. The
region-of-origin pie chart and age distribution scatter plot
provide additional context about data distribution, allowing
health care providersto understand model limitations and adjust
diagnostic strategies accordingly.

The AudioGene Trandational Dashboard integrates into the
workflow of a clinician as a secondary validation layer. For
example, within our clinical workflow, clinicians, genetic
counselors, and bioinformaticiansreview theresultsof aclinical
genetic test, including patient history, family structure,
audiograms, and identified variants in hearing loss genes. This
team can then inspect a patient’s audiometric data relative to
the landscape of audiometric dataacross all genes and patients,
considering variance within agene, rarity or abundance of cases
within a cluster, and distance to genetically validated cases.

System Design

The system was designed using the SERN (SQL, Express,js,
React.js, and Nodejs) stack, which uses a client-server
architecture where computationally intensive tasks are
performed by the server, deployed in a Docker (version 28.5.1;
Docker Inc) container [19,22]. The client is supported by React
(version 18.2.0; React Foundation), a JavaScript library
facilitating user interactions[23]. Data preprocessing used linear
interpolation and extrapolation for missing values. The same
methods for handling missing values were applied in the ML
models[2,5,8].

The Pandas library in Python was used for data manipulation
and analysis[8], and visualization libraries such as Plotly were
used to create interactive graphs and plots[24].

For more information, please refer to the master’'s thesis by
DeSollar [3] and the GitLab repository.

Ethical Considerations

This study was reviewed and approved by the University of
lowalnstitutional Review Board (199701065). Theinstitutional
review board granted a waiver of informed consent under US
federal regulation 45 CFR 46.116(f) (dso known as the
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“Common Rule"), because, athough audiogramswereoriginally
collected in clinical and research settings, the dataset used for
this study was fully deidentified prior to analysis [25]. All
procedures adhered to the ethical standards of the institutional
and national research committees and to the 1964 Declaration
of Helsinki and its later amendments. This paper does not
contain any individual’s datain any form, including individual
details, images, or videos. No compensation was provided to
participants, asthis study involved secondary analysisof afully
deidentified existing dataset and no participants were directly
recruited or enrolled.

Results

Introduction to AudioGene Trandational Dashboard

The AudioGene Trandlational Dashboard combines advanced
ML modelswith several visualization toolsto create aplatform
that facilitates the prioritization of ADNSHL-associated genes
in genetic testing results. Using patient data, the AudioGene
Translational Dashboard generates gene rankings and enables
auditory scientists and health care providers to explore these
predictions interactively through various visualization tools.
Gene ranking in phenotype-genotype associations can aid in
the interpretation of complex genetic data, thereby providing
greater context and confidence in diagnostic decisions [5,15].

The“70/30” phenomenon serves as an indicator for health care
providers, providing them with the necessary context through
visualizations to assess the reliability of the predictions. When
the top 3 predictions include the correct gene, health care
providers can have greater confidence in proceeding with
targeted genetic testing.

Case Studies and Clinical I mplications

Several case studies have been carried out to demonstrate the
effectiveness of the AudioGene Trand ational Dashboard in the
diagnosis of specific genetic types of ADNSHL [3].

Case 1: MYO7A Gene—Patient 1 (ID 5)

In this case study, we anayzed the results from a patient
diagnosed with MYO7A-related hearing loss. Our dataset
included 2 audiograms, which were predicted by AG4 to be
associated with MYO7A-related, EYA4-related, or WFSL-related
hearing loss (Figure 2A).
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Figure 2. Application of the AudioGene Trandational Dashboard for patient-level gene prediction and visualization. (A) Predictions for patient (ID
5), highlighting the top 3 genes associated with the audiol ogical characteristics observed; (B) audioprofile of MY O7A with the patient’s (1D 5) audiograms
in red, taken at the ages of 54 and 57 years; (C) audioprofile of EYA4 with the patient’s (1D 5) audiogramsin red, taken at 54 and 57 years of age; (D)
audioprofile of WFS1 with the patient’s (ID 5) audiograms in red, taken at the ages of 54 and 57 years; and (E) 3D plot of audiograms in the training
set reduced to 3 dimensions for visualization, with genesin cluster 6 colored (genes not in cluster are light gray; patient [ID 5] is the red dot hovered
over by the displayed label; and the green arrows point to MY O7A [green dots], the pale green arrows point to EYA4 [pal e green dots], the pale yellow
arrow points to WFSL1 [pale yellow dots], the pink arrow pointsto COCH [pink dots], and the light green arrow points to KCNQ4 [light green dots]).

ID 5 MYO7A EYA4 WFS1 KCNQ4 MYH14 MYO6 POU4F3 COCH

A

Audiogram Profile for MYO7A Audiogram Profile for £¥A4

Audiogram Profile for WFST1

Examining these predictionsrelativeto the patient'saudiograms,  lower than typical values (Figure 2C); and (3) WFSL shares
the following observations can be made: (1) MYO7A's somesimilaritiesin the low-to-mid frequencies but divergesin
audioprofileissimilar in thelow-to-mid frequenciesbut diverges  the high frequencies, as observed with MYO7A (Figure 2D).

in the high frequencies (Figure 2B); (2) EYA4 displays a

comparable shape, but the patient’s threshol ds are consistently The audioprofiles for the 3 genes al show moderate to

moderately severe hearing loss thresholds, with either close
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similarity (<5 dB) at several frequencies or similar shapes. Case 2: MYO6 Gene—Patient 2 (1D 2)

Therefore, we can conclude that the correct gene is likely | o second case, we explored the results from a patient (ID

captured within the top 3 predictions. 2) previously diagnosed with MYOB6-related hearing loss. Our
dataset contains only 1 audiogram, with gene predictions shown
in Figure 3A by AG9.1.
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Figure 3. Application of the AudioGene Trandational Dashboard for patient-level gene prediction, audioprofile comparison, and cluster-based
visualization. (A) Predictionsfor the patient (1D 2), with thetop 3 genesbeing WFS1, TECTA, and MY O7A; (B) audioprofile of WFS1 with the patient’s
(ID 2) audiograms in red, taken at 20 years of age; (C) audioprofile of TECTA with the patient’s (ID 2) audiogramsin red, taken at the age of 20 years;
(D) audioprofile of MYO7A with the patient’s (ID 2) audiogramsin red, taken at the age of 20 years; and (E) 3D plot of audiogramsin the training set
reduced to 3 dimensions for visualization, with genesin cluster 18 colored (genes not in the cluster are light gray; patient [ID 2] isthe red dot hovered
over by the displayed label; and the light blue arrow pointsto KCNQA4 [light blue dots], the red arrow pointsto WFSL [red dots], the purple arrow points
to POU4F3 [purple dots], and the brown arrow points to GSDME [brown dots]).
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None of the top 3 candidate genes (WFSL, TECTA, or MYO7A)  From the clustering interface, we observe that the genes closest
display an audioprofile that closdly aligns with the patient’s  to the patient’s audiogram by the KNN metric (WFS1, EYA4,
thresholds (Figure 3B-D). Thismismatch strongly suggeststhat and KCNQ4) also fail to match the patient's observed
the true causative gene (MYOB6) does not appear among the audioprofile in any convincing way. Furthermore, KCNQ4,
model’s top 3 predictions for this patient. GSDME, and POU4F3, which are noted to have multiple data
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points near the patient’s cluster, likewise show audioprofiles
inconsistent with the patient’s hearing loss. These factors
combineto produceinconclusive predictionsin this case. When
we then integrated these data with the genetic data—which
identified no genetic variantsin WFSL, TECTA, or MYO7A and
confirmed a known variant in MYO6—we verified that the
correct gene was not found among the model’ stop 3 predictions.
This outcome highlights how conflicting audioprofiles and

DeSollar et al

clustering results can indicate that a prediction should be viewed
with caution.

Case 3: WFS1 Gene—Patient 3 (1D 13)

In our third case, the patient (ID 13) was diagnosed with
WFSl-related hearing loss and, based on 3 audiograms, was
predicted by AG4 to have TECTA-related, WFSl1-related, or
COL11A2-related hearing loss (Figure 4A).

Figure 4. Application of the AudioGene Translational Dashboard for patient-level gene prediction, audiometric profile comparison, and cluster-based
visualization. (A) Predictions for the patient (ID 13), with the top 3 genes being TECTA, WFSL, and COL11A2; (B) audioprofile of TECTA with the
patient’s (ID 13) audiogramsin red, taken at the ages of 26, 27, and 29 years, (C) audioprofile of WFS1 with the patient’s (ID 13) audiogramsin red,
taken at the ages of 26, 27, and 29 years; (D) audioprofile of COL11A2 with the patient’s (ID 13) audiograms in red, taken at the ages of 26, 27, and
29 years,; and (E) 3D plot of audiograms in the training set converted into 3 dimensions, with genes in cluster 20 colored (genes not in cluster are light
gray; patient [ID 13] is the red dot hovered over the displayed label; and the light brown arrow points to WFSL1 [light brown dots], the green arrow
pointsto MYOTA [green dots], and the brown arrow pointsto TECTA [brown dots]).
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When examining these predictions in relation to the patient’s
audiograms, the following conclusions emerge regarding why
WFSL is likely the correct gene and is captured within the top
3 predictions. First, the audioprofile for TECTA (Figure 4B)
shows some similarities; however, it does not fully capture the
nuanced rel ati onship between low-frequency and high-frequency
thresholds observed in the patient’'s data. Second, COL11A2
(Figure 4D) aso exhibits differences that diverge from the
patient’s pattern. Finally, WFSL (Figure 4C) demonstrates an
especialy close match to the patient’s audiometric profile,
particularly in the way it mirrors better hearing at the high
frequenciesrelative to the low frequencies. Although one might
contend that TECTA or COL11A2 could also be considered
candidates based on partial pattern matches, the overall
evidence—supported by the 3D clustering in Figure
4E—reinforces that WFSL provides the best fit.

Thus, whether one emphasizes the possibility of TECTA or
COL11A2 as contenders, the integrated data confirm that the
correct gene, WFSL, isindeed within thetop 3 predictions. This
close alignment between the patient’s audiometric data and the
WFSL reference profile, combined with supporting clustering
analysis, enhances confidence in the diagnostic utility of the
AudioGene Trandlational Dashboard.

Discussion

Principal Findings

These studies demonstrate how the model can raise or lower
confidencein variant interpretation based on whether the correct
genetic cause of ADNSHL appears among the top 3 predicted
genes. Cases 1 and 3 illustrate scenarios in which the model
successfully includes the causative gene in its top predictions
and closely matches the patient’s audiometric data, thereby
justifying a higher level of trust in the result. In contrast, case
2 underscores how mismatched audioprofiles and inconclusive
clustering can reveal when the actual gene of interest is likely
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missing from thetop 3 predictions. Theinteractive visualizations
of the AudioGene Translational Dashboard, such as the APS
and spatial analysis tools, remain valuable in identifying
gene-specific patternsthat align with clinical observations[20].

However, there are important limitations of the AudioGene
Tranglational Dashboard, especially concerning smaller gene
classes. The sparsity of data and the lower accuracy of models
in these categories can make the AudioGene Trandational
Dashboard and phenotypic predictions less reliable. However,
by presenting visualizations of the data distribution and class
imbalance, these limitations become more apparent, allowing
datainterpretation to be adjusted accordingly [2,4].

Conclusions

The AudioGene Trandational Dashboard represents an
advancement in the field of genetic diagnostics for ADNSHL.
By integrating advanced ML agorithms with interactive
visualization tools, the AudioGene Trandational Dashboard
enhances health care providers' ability to interpret genetic data
and make more informed diagnostic decisions.

A central feature of the AudioGene Trandational Dashboard is
the“70/30" phenomenon, which provides health care providers
with critical context for confidencein genetic predictions. When
the top 3 predictions are likely to contain the correct gene, the
tool servesasa“greenflag” for health care providers, increasing
diagnostic confidence. Conversely, it alerts health care providers
when predictions may be less reliable, serving as a “red flag”
and prompting further investigation.

The AudioGene Trandl ational Dashboard isan example of XAl
in clinical settings, offering a context-driven method with
increased transparency for the diagnosis of ADNSHL. Future
developments will focus on incorporating custom model
building, enhancing class imbalance functionality, and
implementing user suggestions. The AudioGene Trand ational
Dashboard not only advances genetic diagnostics for hearing
loss but also serves as an example of ahybrid ML system.

Thisresearch was supported by the National Institutes of Health and the National I nstitute on Deafness and Other Communication
Disorders through grants DC002842, DC012049, and DC017955. These funding sources provided financial support for the
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Data Availability

The datasets generated or analyzed during this study are not publicly available but are available from the corresponding author
on reasonable request. The source code for the AudioGene Tranglational Dashboard is publicly available [26] under the GNU
General Public License version 3.0 or |ater.

Authors Contributions

BD led the design and development of the AudioGene Trandlational Dashboard, implemented the machine learning models, and
drafted the manuscript. NS contributed to the integration of visualization tools and assi sted with manuscript preparation. DW and
AMO wereresponsible for dataacquisition and preprocessing and contributed to tool validation. KTAB and HA provided expertise
in genetic diagnostics and guided the tool’s clinical relevance. M S supported statistical analysis and interpretation of the results.
RJIHS and TB provided project oversight, secured funding, and critically revised the manuscript. TC supervised the software
engineering components and contributed to system architecture design. All authors reviewed and approved the final manuscript.

https://bioinform.jmir.org/2026/1/e85212 JMIR Bioinform Biotech 2026 | vol. 7 | 85212 | p.15

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOINFORMATICS AND BIOTECHNOLOGY DeSollar et al

Conflictsof Interest

None declared.

References

1.  WalsWD, Azaiez H, Smith RJ. Hereditary Hearing Loss Homepage. URL: https://hereditaryhearingl oss.org [accessed
2026-03-28]

2. Taylor KR, Deluca AP, Shearer AE, et al. AudioGene: predicting hearing loss genotypes from phenotypes to guide genetic
screening. Hum Mutat 2013 Apr;34(4):539-545. [doi: 10.1002/humu.22268] [Medline: 23280582]

3. DeSollar BR. AGTD - The AudioGene Tranglational Dashboard: a hybrid machine learning and visualization interface for
genetic diagnosis of autosomal dominant non-syndromic hearing loss [Master'sthesis]. : University of lowa; 2024 URL :
https:.//iro.uiowa.edu/espl oro/outputs/graduate/998464 7256502771 [accessed 2026-03-28]

4. Ryan S. Machinelearning prediction of genetic hearing loss via selective intraensembl e data partitioning [Master’sthesis)].
: University of lowa; 2024 URL : https://iro.uiowa.edu/espl oro/outputs/graduate/

M achine-learning-prediction-of-genetic-hearing/998464 7557802771 [accessed 2026-03-28]

5. Nwakama CC. AudioGene 9.0: novel ensemble machine learning classification of 23 classes of autosomal non-syndromic
hearing loss (deafness) [Master'sthesig]. : University of lowa; 2021 URL: https://iro.uiowa.edu/view/
pdf CoverPage?instCode=011 OWA _INST & fil ePid=13841170450002771& downl oad=true [accessed 2026-03-28]

6.  Gunning D, Stefik M, Choi J, Miller T, Stumpf S, Yang GZ. XAl-Explainable artificial intelligence. Sci Robot 2019 Dec
18;4(37):eaay7120. [doi: 10.1126/scirobotics.aay7120] [Medline: 33137719]

7. Smith RJH, Bale JF Jr, White KR. Sensorineural hearing loss in children. Lancet 2005 Mar;365(9462):879-890. [doi:
10.1016/S0140-6736(05)71047-3] [Medline: 15752533]

8.  Venkatesh MD, Moorchung N, Puri B. Genetics of non syndromic hearing loss. Med J Armed Forces India 2015
Oct;71(4):363-368. [doi: 10.1016/j.mjafi.2015.07.003] [Medline: 26663965]

9. AP reference—Pandas 1.5.3 documentation. Pandas. URL : https://pandas.pydata.org/pandas-docs/version/1.5/reference/
index.html [accessed 2026-03-28]

10. Albarrak AM. Improving the trustworthiness of interactive visualization tools for healthcare data through a medical fuzzy
expert system. Diagnostics (Basel) 2023 May 13;13(10):1733. [doi: 10.3390/diagnostics13101733] [Medline: 37238218]

11. Frank E, Hall MA, Witten |H. The WEKA workbench. In: Witten IH, Frank E, Hall MA, Pal CJ, editors. Data Mining:
Practical Machine Learning Tools and Techniques, 4th edition: Morgan Kaufmann; 2016.

12. DezaE, DezaMM. Encyclopedia of Distances: Springer; 2009.

13.  Krzywinski M, Schein J, Biral 1, et a. Circos: an information aesthetic for comparative genomics. Genome Res 2009
Sep;19(9):1639-1645. [doi: 10.1101/gr.092759.109] [Medline: 19541911]

14. Cover T, Hart P. Nearest neighbor pattern classification. IEEE Trans Inform Theory 1967;13(1):21-27. [doi:
10.1109/T1T.1967.1053964]

15. MacQueen J. Some methods for classification and analysis of multivariate observations. In: Berkeley Symposium on
Mathematical Statistics and Probability: University of California Press; 1967:281-297.

16. Thorvaldsdéttir H, Robinson JT, Mesirov JP. Integrative Genomics Viewer (IGV): high-performance genomics data
visualization and exploration. Brief Bioinform 2013 Mar;14(2):178-192. [doi: 10.1093/bib/bbs017] [Medline: 22517427)

17. WU TF, Lin CJ, Weng RC. Probability estimates for multi-class classification by pairwise coupling. JMach Learn Res
2004;5:975-1005 [FREE Full text]

18. Weininger O, Warnecke A, Lesinski-Schiedat A, Lenarz T, Stolle S. Computational analysis based on audioprofiles: anew
possibility for patient stratification in office-based otology. Audiol Res 2019 Sep 2;9(2):230. [doi: 10.4081/audiores.2019.230]
[Medline: 31728177]

19. Merkel D. Docker: lightweight Linux containers for consistent development and deployment. Linux J 2014;2014(239):2.
[doi: 10.5555/2600239.2600241]

20. Taylor KR, Booth KT, Azaiez H, et al. Audioprofile surfaces: the 21st century audiogram. Ann Otol Rhinol Laryngol 2016
May;125(5):361-368. [doi: 10.1177/0003489415614863] [Medline: 26530094]

21. MclnnesL, Healy J, Saul N, Grof3berger L. UMAP: Uniform Manifold Approximation and Projection. J Open Source
Softw 2018;3(29):861. [doi: 10.21105/j0ss.00861]

22. Docker Compose. Docker Docs. URL: https://docs.docker.com/compose [accessed 2026-03-28]

23. React. URL: https://reactjs.org [accessed 2026-03-28]

24. Plotly JavaScript open source graphing library. Plotly. URL: https://plotly.com/javascript [accessed 2026-03-28]

25. 45 CFR 846.116 - General requirements for informed consent. Code of Federal Regulations. 2018. URL : https.//www.
ecfr.gov/current/title-45/subtitle-A/subchapter-A/part-46/subpart-A/section-46.116 [accessed 2026-04-10]

26. Schaefer N. AudioGene. URL: https://research-git.uiowa.edu/morl/audiogene/website/AudioGene [accessed 2026-04-07]

Abbreviations

ADNSHL : autosomal dominant nonsyndromic hearing loss

https://bioinform.jmir.org/2026/1/e85212 JMIR Bioinform Biotech 2026 | vol. 7 | 85212 | p.16

RenderX

(page number not for citation purposes)


https://hereditaryhearingloss.org
http://dx.doi.org/10.1002/humu.22268
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23280582&dopt=Abstract
https://iro.uiowa.edu/esploro/outputs/graduate/9984647256502771
https://iro.uiowa.edu/esploro/outputs/graduate/Machine-learning-prediction-of-genetic-hearing/9984647557802771
https://iro.uiowa.edu/esploro/outputs/graduate/Machine-learning-prediction-of-genetic-hearing/9984647557802771
https://iro.uiowa.edu/view/pdfCoverPage?instCode=01IOWA_INST&filePid=13841170450002771&download=true
https://iro.uiowa.edu/view/pdfCoverPage?instCode=01IOWA_INST&filePid=13841170450002771&download=true
http://dx.doi.org/10.1126/scirobotics.aay7120
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33137719&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(05)71047-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15752533&dopt=Abstract
http://dx.doi.org/10.1016/j.mjafi.2015.07.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26663965&dopt=Abstract
https://pandas.pydata.org/pandas-docs/version/1.5/reference/index.html
https://pandas.pydata.org/pandas-docs/version/1.5/reference/index.html
http://dx.doi.org/10.3390/diagnostics13101733
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37238218&dopt=Abstract
http://dx.doi.org/10.1101/gr.092759.109
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19541911&dopt=Abstract
http://dx.doi.org/10.1109/TIT.1967.1053964
http://dx.doi.org/10.1093/bib/bbs017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22517427&dopt=Abstract
https://www.jmlr.org/papers/volume5/wu04a/wu04a.pdf
http://dx.doi.org/10.4081/audiores.2019.230
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31728177&dopt=Abstract
http://dx.doi.org/10.5555/2600239.2600241
http://dx.doi.org/10.1177/0003489415614863
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26530094&dopt=Abstract
http://dx.doi.org/10.21105/joss.00861
https://docs.docker.com/compose
https://reactjs.org
https://plotly.com/javascript
https://www.ecfr.gov/current/title-45/subtitle-A/subchapter-A/part-46/subpart-A/section-46.116
https://www.ecfr.gov/current/title-45/subtitle-A/subchapter-A/part-46/subpart-A/section-46.116
https://research-git.uiowa.edu/morl/audiogene/website/AudioGene
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOINFORMATICS AND BIOTECHNOLOGY DeSollar et al

AG4: AudioGeneversion 4

AG9.1: AudioGene version 9.1

APS: audioprofile surface

KNN: k-nearest neighbor

ML: machine learning

SERN: SQL, Expressjs, React.js, and Node.js

SVM: support vector machine

UM AP: uniform manifold approximation and projection
XAl: explainable artificia intelligence
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Abstract

Background: Genetic algorithm (GA)—based scoring has been proposed as a data-driven approach for health risk stratification
. However, performance estimates may be inflated when preprocessing, optimization, and evaluation are not strictly separated
within a prespecified validation framework. Demonstrating temporal reproducibility under a standardized out-of-fold (OOF)
evaluation framework with transparent uncertainty quantification is therefore essential for ensuring tranglational reliability in
preventive health screening.

Objective: This study aimed to evaluate the temporal reproducibility of a GA-derived composite health risk score across three
consecutive annual cohorts (2021 - 2023) under a standardized OOF validation pipeline and to assess robustness to policy-driven
structural HbA ;. missingness through a prespecified ON/OFF sensitivity analysis.

Methods: Annual health examination datasets from 2021 (n=3744), 2022 (n=5153), and 2023 (n=5352) were analyzed using
an identical preprocessing and modeling pipeline. Thirteen clinical indicators and eight lifestyle questionnaire variables were
included as predictors. The outcome was based on an A-D grading framework and binarized using an OR rule across domains
(grade =B in any domain). Continuous variables were median-imputed and standardized within each training fold to prevent
information leakage. GA optimization was performed using fixed random seeds, and fitness estimation employed stratified K-fold
cross-validation. Predicted probabilities were obtained by fitting logistic regression models to GA-derived composite scores
within the OOF framework. Discrimination and overall predictive performance were quantified using the area under the receiver
operating characteristic curve (AUC) and the Brier score calculated from OOF predicted probabilities. Uncertainty was estimated
using 2,000-replicate percentile bootstrap resampling. A prespecified sensitivity analysis excluded HbA ;. while maintaining an
identical evaluation framework.

Results: OOF AUC values were stable across cohorts (2021: 0.810; 2022: 0.814; 2023: 0.812), with overlapping 95% percentile
bootstrap confidence intervals. Brier scores ranged from 0.172 to 0.176. Exclusion of HbA . resulted in small changes in

discrimination (median AAUC was <0.007), consistent with the prespecified ON/OFF sensitivity analysis.

Conclusions: Under a harmonized OOF validation framework, the GA-derived composite risk score showed stable temporal
discrimination and consistent overall predictive performance across three consecutive annual cohorts. These findings underscore
the methodological importance of prespecified, standardized evaluation procedures and transparent uncertainty quantification
when assessing reproducibility of risk stratification modelsin routine health screening data.

(JMIR Bioinform Biotech 2026;7:e85659) doi:10.2196/85659
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approaches ensure procedural uniformity, they do not integrate
multiple biological and lifestyle dimensions into a composite
In preventive health screening, risk classification commonly 15K répresentation. Date-driven optimization approaches have
relies on threshold-based evaluation of individual clinical therefore been proposed to enhance structural consistency and
indicators (eg, blood pressure, lipids, or HbA,.). While such  nterpretability of health risk scoring.

Introduction
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Genetic algorithms (GAS), originally introduced by Holland [1]
and further formalized by Goldberg [2], provide a flexible
framework for feature weighting and optimization under
cross-validated conditions. However, GA-based scoring models
applied to real-world health checkup data require careful
attention to reproducibility, methodol ogical harmonization, and
internal validation procedures. In particular, performance
estimates may vary depending on whether preprocessing,
optimization, and evaluation steps are strictly separated within
a prespecified validation framework.

Bayesian estimation can beincorporated as an interpretive layer
to express predicted risk probabilistically, aligning composite
scores with calibrated predicted probabilities. Rather than
emphasizing peak discrimination, evaluating temporal
reproducibility under a standardized analytical framework is
essential for ensuring methodological consistency.

The objective of this study was to evaluate the tempora
reproducibility of a GA-derived composite health risk score
across three consecutive annual cohorts (2021 - 2023) using a
prespecified, standardized out-of-fold validation pipeline.

Methods

Data Source and Participants

We analyzed adeidentified dataset from annual health checkups
conducted at the Preventive Medicine Center (Ningen Dock
Division), Yoshida Hospital, Keiyukai Medical Corporation
(Asahikawa, Hokkaido, Japan). The analytic cohorts comprised
examinees from 2021 (n=3744), 2022 (n=5153), and 2023
(n=5352), each analyzed as an independent annual cohort.

Ethical Considerations

The study was approved by the Institutional Review Board of
Yoshida Hospital, Keiyukai Medical Corporation (Approval
No. 20251002001) and conducted in accordance with the
Declaration of Helsinki. Datawere deidentified prior to analysis.
Written informed consent, including consent for secondary use
of de-identified data, was obtained at the time of the health
checkup. No additional interventions or participant contact
occurred as part of this study.

M easures and Preprocessing

Thirteen routine clinical indicators were included: BMI, waist
circumference, systolic blood pressure, diastolic blood pressure,
fasting plasmaglucose, hemoglobin Alc (HbA o), triglycerides,
high-density lipoprotein cholesterol, low-density lipoprotein
cholesteral, aspartate aminotransferase, alanine
aminotransferase, y-glutamyl transferase, and uric acid.
Sex-specific thresholds were applied for waist circumference
according toinstitutional criteria (see Table S2B in Multimedia
Appendix 1).

Eight lifestyle questionnaireitemswereincluded (eg, smoking,
alcohol consumption, breakfast habits, snacking, eating speed,
mastication, physical activity/walking, and motivation for health
improvement). Lifestyle questionnaire items were coded as
binary variables according to the facility codebook. Variable
definitions are provided in Table S2A in Multimedia Appendix
1
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Continuous variables were median-imputed and standardized
within each training fold of each annual cohort. Theimputation
and standardization parameters were estimated within the
training fold and applied to the corresponding held-out fold to
prevent information leakage.

Indicator-level missingness rates are summarized in Table S1
in Multimedia Appendix 1. Missingnessin indicators other than
HbA . was low (<2% in each y).

Outcome Definition

The primary outcome was defined as a composite abnormality
label derived from routine health-check classification rules used
in the screening program. For each clinical domain (eg, glucose
metabolism, blood pressure, lipids, liver enzymes, and
anthropometric indices), examineeswere categorized according
to prespecified threshold-based grades (A-D).

In the ingtitutional screening system, grade A indicates no
abnormality; grade B indicates mild abnormality typically
requiring lifestyle guidance; grade C indicates follow-up or
re-evaluation; and grade D indi cates recommendation for further
diagnostic evaluation or treatment.

The composite outcome was binarized using an OR rule:
participants were labeled outcome-positive if any domain met
or exceeded the predefined abnormality threshold (grade B or
higher); otherwise, they were labeled outcome-negative. This
definition was applied consistently across all annual cohortsto
evaluate structural reproducibility of the operational framework
rather than severity-specific prognostic discrimination. Detailed
domain-specific thresholds corresponding to grade B or higher
are provided in Table S2B in Multimedia Appendix 1.

The grading thresholds (A-D) were defined according to the
standardized health-check classification framework established
by the Japanese Society of Ningen Dock and Preventive
Medicine, which isbased on nationa health screening standards
and specialty society guidelines. These classificationsare widely
used in routine health-check programs across Japan to guide
follow-up recommendations (eg, observation, repest testing,
referral, or treatment). This study adopted these externally
defined operational criteria without modification and
dichotomized grade B or higher to captureany clinically relevant
abnormality that warrants structured follow-up under this
program. Participants categorized as grade E (under active
treatment) were excluded from the outcome classification
process.

Handling of HbA1c Structural Missingness

HbA1c was structurally missing for asubset of participantsdue
to the program’s screening policy-based test selection.
Indicator-level missingness rates are summarized in Table S1
in Multimedia Appendix 1.

Because the composite outcome was defined using an OR rule
across multiple domains, outcome ascertainment did not depend
solely on HbA ..

To evauate robustness to structural HbA1c missingness, we
conducted a prespecified sensitivity analysis excluding HbA 1c
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from the predictor set while maintaining an identical evaluation
pipeline (HbA . included vs excluded).

Model Development and Evaluation

A composite score was generated from standardized features
using agenetic algorithm (GA). All stochastic componentswere
controlled by fixing the random seed (SEED=42) for both
Python’s random module and NumPy. Fitness estimation used
stratified  K-fold ~ cross-validation ~ with  shuffling
(random_state=42).

The GA-derived composite score was subseguently entered into
a logistic regresson model to generate calibrated predicted
probabilitieswithin a prespecified out-of-fold (OOF) validation
framework (Platt scaling [3]).

Bayesian updating was applied post hoc for interpretability
purposes to the calibrated predicted probabilities and did not
influence GA optimization or probability estimation.

For each fold, the model was trained on the training subset and
eva uated on the corresponding held-out subset. OOF predictions
were aggregated across folds to obtain a single internally
validated prediction for each participant within each annual
cohort.

Discrimination and Calibration

Model discrimination was assessed using the area under the
receiver operating characteristic curve (AUC) calculated from
OOF predicted probabilities generated within the prespecified
cross-validated pipeline.

Overall predictive performance was quantified using the
OOF-based Brier score. Calibration was examined descriptively
using calibration plots based on OOF predicted probabilities
(Figure S1 in Multimedia Appendix 1). No additional
recalibration or threshold optimization was performed beyond
the prespecified validation framework.

Bootstrap Uncertainty Estimation

To improve statistical transparency, 95% percentile bootstrap
confidence intervals for OOF AUC and Brier score were

Aoki et a

computed using 2000 participant-level resamples within each
annual cohort and HbA ;. condition (ON/OFF). Performance
metrics were recal culated from the previously generated OOF
predicted probabilities without refitting the model, thereby
preserving internal validation and avoiding information leakage
while maintaining the integrity of the original cross-validated
predictions.

Year-stratified OOF performance estimates and confidence
intervals are reported in Table S4 in Multimedia Appendix 1
and prespecified ON-OFF differencesare summarizedin Table
S5 in Multimedia Appendix 1.

Statistical Software

All analyses were performed in Python (version 3.13.5) using
scikit-learn (version 1.6.1) [4] and DEAP (version 1.4) [5].
Anayses were conducted in a Jupyter-based environment
(Anacondadistribution). Detailed GA configuration parameters,
including population size, number of generations, weight
initialization range, crossover and mutation settings, and
random-seed control, are provided in Multimedia Appendix 1
(“Genetic  Algorithm  Implementation”) to facilitate
reproducibility.

Results

Discrimination and Overall Predictive Perfor mance
Under Har monized Out-of-Fold (OOF) Validation

Acrossthethree annual cohorts, sample sizesranged from 3744
to 5352 individuals, with outcome prevalence between 36.7%
and 37.9%, indicating comparable class balance across years.

Under the sandardized OOF vadidation framework,
discrimination remained stable across cohorts. OOF AUC values
were 0.810 (2021), 0.814 (2022), and 0.812 (2023), with
overlapping 95 % bootstrap confidenceintervals (Table 1). Brier
scores ranged from 0.172 to 0.176 across cohorts, indicating
stable overall predictive performance across years (Table 1).

Table. Discrimination and overall predictive performance under harmonized out-of-fold (OOF) validation (2021 - 2023; primary model with HbA1c
included). AUC and Brier score were calculated exclusively from OOF predicted probabilities generated within the prespecified cross-validation pipeline.
Values in parentheses represent 95% percentile bootstrap confidence intervals based on 2000 resamples. Calibration plots based on OOF predicted
probabilities are provided in Figure S1 in Multimedia Appendix 1. The prespecified HbA 1. ON/OFF sensitivity analysis and ON-OFF differences are

summarized in Table S5 in Multimedia Appendix 1.

Year Individuals, n Outcome prevalence OOF2 AUCP (95% Cl) Brier score (95% Cl)
2021 3744 0.375 0.810 (0.794 - 0.820) 0.176 (0.170 - 0.183)
2022 5153 0.379 0.814 (0.802 - 0.825) 0.173 (0.168 - 0.178)
2023 5352 0.367 0.812 (0.800 - 0.824) 0.172 (0.166 - 0.177)

300F: out-of-fold.
BAUC: area under the receiver operating characteristic curve.

Corresponding calibration plots are provided in Figure S1 in
Multimedia Appendix 1.

In the prespecified HbA,. ON/OFF sengtivity analysis,
exclusion of HbAlc resulted in minima changes in
discrimination and Brier score (Table S5 in Multimedia
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Appendix 1), suggesting limited sensitivity of model
performance to policy-driven structural HbA1lc missingness
under the harmonized OOF validation framework.
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Asthe primary objective wasto assesstemporal reproducibility
under standardized analytical procedures, formal hypothesis
testing of between-year differences was not performed.

Discussion

Principal Findings

This study evaluated the temporal reproducibility of a genetic
algorithm (GA)—derived composite health risk score acrossthree
consecutive annua health checkup cohorts under a prespecified
OOF validation framework. Cross-validated OOF AUC values
ranged from 0.810 to 0.814, with overlapping bootstrap
confidence intervals, indicating stable discrimination under
standardized analytical procedures. Earlier exploratory analyses
yielded higher apparent AUC values, however, these were not
derived exclusively from OOF predictions under the same
pipeline and aretherefore not presented as primary performance
estimates. The primary contribution of this study is
methodological: it demonstrates that a GA-derived score can
achieve stable OOF discrimination across consecutive cohorts
when preprocessing, optimization, and eval uation are uniformly
applied, rather than emphasizing peak performance under
heterogeneous analytical conditions.

Because performance estimates were based exclusively on OOF
predicted probabilities, the evauation preserved interna
validation and minimized information leakage. Variability
observed in earlier exploratory analyses likely reflected
differences in analytical procedures rather than underlying
cohort characteristics, highlighting the importance of consistent
preprocessing, optimization, and evaluation when assessing
artificial intelligence—based risk stratification models.

Importantly, the outcome definition reflects operational
screening classification rather than confirmed clinical diagnoses.
The composite label was constructed using threshol d-based OR
combinations across correlated clinical domains, and the
dominant abnormality domain contributing to classification
may vary across cohorts depending on distributional shifts. In
this context, AUC values represent the model’s ability to
consistently reconstruct the structured screening framework
under harmonized analytica conditions rather than
discrimination of severity-specific disease states.

Methodologically, GA optimization produced acomposite score
from standardized predictors, which was subsequently mapped
to calibrated predicted probabilities using logistic regression.
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Bayesian updating was applied post hoc as an interpretability
add-on to the calibrated predicted probabilities and did not
influence GA optimization or probability estimation. The
explicit specification of evolutionary hyperparameters, weight
initialization range, and random-seed control further strengthens
the reproducibility of the optimization procedure and reduces
thelikelihood that the observed discrimination reflects stochastic
artifacts.

The prespecified HbA1c ON/OFF sensitivity analysis showed
minimal changes in AUC and Brier score, suggesting limited
sengitivity to policy-driven structural HbA 1¢c missingness under
the standardized eval uation framework; however, re-optimizing
GA weights under an altered feature set represents a distinct
modeling exercise.

This study has limitations. It was conducted at a single center
in Japan using an occupational health checkup population. The
outcome was cross-sectional, and prospective or external
validation was not performed. In addition, because grade B or
higher includes heterogeneous categories with varying clinical
implications (ranging from lifestyle guidance to referral for
diagnostic evaluation), model discrimination reflects detection
of operational abnormality rather than exclusively high-severity
disease states. Furthermore, because the outcome was defined
using threshol d-based criteriathat partially overlap with included
predictors, discrimination should beinterpreted asreconstruction
of the operational classification within the same workflow rather
than independent prognostic discrimination. This endpoint is
an operationa classification designed for workflow consistency,
not aclinically adjudicated diagnosis. Accordingly, the present
OOF-based results provide an internally validated assessment
of temporal reproducibility within this screening system.

Conclusions

In conclusion, under a prespecified, harmonized OOF validation
framework within a single ingtitutional screening system, the
GA-derived composite risk score demonstrated stable temporal
discrimination and consistent overall predictive performance
acrossthree consecutive annual cohorts. These findings support
methodol ogical reproducibility and structural consistency under
standardized analytical procedures. However, the present results
do not establish externa generalizability or clinical
effectiveness, and independent external and prospective
validation is required before broader clinical implementation
can beinferred.
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Abstract

Background: Plant-derived exosome-like nanovesicles (P-ELNSs) effectively deliver bioactive compounds due to their high
biocompatibility and low immunogenicity. While liquid chromatography-mass spectrometry (LC-MS) profiles compounds in
complex samples, itsanalysis of large datasets remains limited by traditional methods. Recent advancesin large language models
(LLMs) and domain-specific systems have enhanced Chinese biomedical data processing and cross-modal pharmaceutical
research.

Objective: This study aimed to create a multimodal framework of LC-M S combined with DeepSeek models for data mining
of compounds with wound-healing properties from exosome-like nanovesicles derived from Cayratia japonica (CJ-ELNS).

Methods: LC-MS identified compounds enriched in CJ (n=3) and CJ-ELNSs (n=3), and then compounds specifically enriched
in CFELNSs were filtered via a four-step filtering workflow. The CJ-ELNs-specific compounds were processed by DeepSeek
modelsfor screening naturally active compounds with targeted functions of antioxidation, anti-inflammation, anticellular damage,
antiapoptosis, wound healing and tissue regeneration, and cell proliferation.

Results: A multimodal framework of LC-MS combined with the DeepSeek-DF model was created. With the assistance of
artificial intelligence (Al), atotal of 46 naturally active compounds derived from CJ-EL Nswith targeted functions were identified.

Conclusions: A self-designed multimodal framework of LC-MS, combined with DeepSeek models, rapidly and accurately
identifies naturally active compounds from CJ-ELNs. This Al-powered system innovatively integrates the traditional analytical
technique with modern LLMs, thus greatly favoring data mining of active ingredients in traditional Chinese medicine herbs.

(JMIR Bioinform Biotech 2026;7:€80539) doi:10.2196/80539

KEYWORDS

DeepSeek; liquid chromatography-mass spectrometry; LC-MS; Cayratiajaponicaexosome-like nanovesicles, CJ-ELNs; artificial
intelligence; Al-powered multimodal framework; wound healing and tissue regeneration

advantages such as high biocompatibility, high skin
permeability, low cytotoxicity and low immunogenicity [3,4].
Multipleinvitro and in vivo studiesindicate that these P-ELNs
possess intrinsic therapeutic activity, offering promise for
disease treatment and enhancing human health [5,6]. Cayratia
japonica, atraditional Chinese medicinal herb, is widely used
for the treatment of traumatic injuries such as contusions and
lacerations [7]. Recent clinical studies have confirmed that

Introduction

Plant-derived exosome-like nanovesicles (P-ELNSs) contain
abundant bioactive molecules, serving as novel carriers of
natural products to mediate intercellular communication and
mediate physiological processes[1,2]. P-ELNs are superior to
conventional mammalian-derived exosomes, possessing unique
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topical application of CJ ointment effectively alleviates local
inflammation and promotes the repair and regeneration of
damaged tissue, demonstrating favorabl e therapeutic outcomes
in the management of postoperative infectious wounds around
the anus[8]. However, research and application of exosome-like
nanovesicles (ELNs) derived from CJ remain incomplete. Our
research team successfully extracted and characterized a novel
type of P-ELNs from the traditional Chinese medicina herb
Cayratia japonica, namely Cayratia japonica exosome-like
nanovesicles (CJELNS). They possess efficient delivery of
bioactive compounds to wound sites, thus favoring tissue
regeneration from infectious wound-related disorders. Bioactive
congtituents encapsulated within CJ-ELNs are dominant in
wound healing. Consequently, the identification and
characterization of bioactive compounds responsiblefor wound
healing are of paramount significance.

Great strides have been made in the screening of active
ingredients from natural products via omics techniques [9].
Liquid chromatography—mass spectrometry (LC-MS) has
emerged asapowerful tool for profiling trace-level compounds
in complex samples, athough its performance in processing
massive data is limited by traditional manua or rule-based
analytical approaches [10,11]. In recent years, large-scae
pretrained language models (LLMs), such as ChatGPT, GPT-4,
and domain-specific systems like DeepSeek, have significantly
transformed the landscape of biomedical data analysis and
knowledge discovery [11,12]. These models exhibit powerful
capabilities in natural language understanding, semantic
reasoning, and prompt-based knowledgeretrieval [13-15]. They
are promising tools to assist omics anaysis. In particular,
DeepSeek models have been widely adopted for optimizing
Chinese-language biomedical contexts, and supporting
cross-modal tasks in pharmaceutical research, such as entity
recognition, document summarization, and semantic ranking
[16,17].

In this study, we innovatively created a multimodal framework
of LC-MS combined with DeepSeek modelsfor datamining of
compoundswith wound-healing propertiesfrom CJ}ELNSs. This
work illustrates the potential of artificial intelligence (Al) asa
computational enginein natural compound discovery and offers
a scalable solution for mining multimodal biochemical data.

https://bioinform.jmir.org/2026/1/e80539
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Methods

Preprocessing of LC-M S Data

Untargeted metabolomic profiling of CJ and CJ}ELNs was
performed by LC-MS. A total of 6 samples (including 3 CJ
samples and 3 CJ}ELNs samples) were analyzed using a
ultra-high-performanceliquid chromatography (UHPLC) system
coupled to a Q Exactive HF-X mass spectrometer (Thermo
Scientific). Chromatographic separation was performed on an
HSS T3 column (maintained at 40°C) with a 12-minute linear
gradient from 2% to 98% mobile phase B at aflow rate of 0.3
mL/min. Mass spectrometry (MS) data were acquired in both
positive and negative electrospray ionization (ESI) mode (+
ESl) using a data-dependent acquisition strategy (top 10 most
intenseions). Raw datawerefirst converted to themzML format
using ProteoWizard, followed by processing, using Compound
Discoverer 3.3 (Thermo Fisher Scientific) for peak alignment
(with maximum retention time shift of 0.5 min and mass
tolerance of 10 ppm) and normalization (using the median of
maximum peak areas). Compound identification was achieved
by matching MS/M S spectra against the following databases:
mzCloud, LipidMaps, KEGG, HMDB, and MassBank. The
matching criteria were set to a mass tolerance of 10 ppm and a
minimum match factor threshold of 10. A four-step filtering
workflow was designed to quantitatively identify target
compounds as follows (Figure 1).

1. Filtering of match confidence: compounds with spectral
match scores =80 were retained [18];

2. Filtering of unigque compounds of CJ}ELNSs. compounds
identified in CJand CJ-ELNswere compared with isolated
compounds unique to CJELNSs;

3. Filtering of biological relevance: candidate compounds
were screened for associations with wound healing-related
signaling pathways using the DeepSeek-Bio model;

4. Semantic recognition and prompt engineering: final
candidate mol ecules were refined through semantic analysis
and prompt-based selection.

Common and unigue compounds derived from CJand C}-ELNs
were visualized in a Venn diagram, and aword cloud analysis
was conducted via Python. Functions and tools, and databases
of key terms used in this study are listed in Table 1.
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Figure 1. A four-step filtering workflow. CJ-ELNs: Cayratia japonica exosome-like nanovesicle; LC-MS: liquid chromatography-mass spectrometry.
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Table. Key terms, functions, tools and databases used in this study.
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Key terms Functions Toolg/databases

mzML Standardized data storage ProteoWizard

DeepSeek-Bio Biological pathway association analysis Deepseek 671B Model Network Edition
KEGG database

Morgan Digital characterization of molecular structures  Chemoinformatics software packages

PubMedBERT Literature feature extraction PubMed.pro

Grad-CAM Visualization of model decisions Deep learning frameworks (eg, PyTorch)

ASR automatic semantic recognition The Great Prophecy Model of Human-Computer

Interaction

Construction of a Multimodal Framework of LC-MS
Combined With DeegpSeek M odels

A multimodal framework of LC-MS combined with the
DeepSeek-DF model was created, consisting of two major
components of the input and output layers. The input layer
integrated structural features of compounds (Morgan

Figure 2. The core architecture of the input layer.
class
def init (self):
super().__ init_ ()
self.struct net

fingerprints), quantitative features (z score normalization), and
literature-derived features (PubMedBERT embeddings). The
core architecturewaslisted in Figure 2. Additionally, the output
layer used multitask learning to simultaneously predict
wound-healing activity via Sigmoid output and mechanism
category via Softmax output.

DualAttentionNN (nn.Module) :

GATv2Conv (

in channels=2048,
hidden channels=512

)

self.guant_net
layers=4,
d model=256

)
self.fusion
embed dim=768

Interpretability-Based Filtering

The Automated Semantic Recognition (ASR) module and
prompt engineering techniques of DeepSeek-R1 32B, as well
asweb searching were used to interpret the potential biological
functions of the screened candidate compound with an
annotation of functional labels. A plausibility assessment was
then performed based on predefined criteria, including
antioxidation, anti-inflammation, anticellular  damage,
antiapoptosis, wound healing and tissue regeneration, and cell
proliferation. Each compound was evaluated and categorized

https://bioinform.jmir.org/2026/1/e80539

RenderX

TransformerEncoder (

DeepSeekCrossAttention (

using the following scoring scheme: v (confirmed), x (not
supported), and ? (uncertain). Taking the metabolite
(-)-Epicatechin 3-O-gallate as an exampl g, itsfunction, category
and possibility in the involvement of wound healing, tissue
regeneration, antioxidant, and anticellular damage were
predicted via the multimodal framework (Table 2). Following
this preliminary filtering, manual curation was conducted to
eliminate compounds of nonplant origin and those with low
abundances. Ultimately, a refined set of characteristic natural
productsfrom CJ-EL Nswith potential wound-healing properties
was selected.
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Table. Functions, categories and possibility in the involvement of biological processes of representative metabolites.

Compound Functions

Categories Possibility

(-)-Epicatechin 3-O-gallate Antioxidant, anti-inflammatory, an-

ti-cancer, cardiovascular protection,

Wound healing: x, tissue regenera-
tion: x, antioxidant: v, anti-cellular

Organic compound, antioxidant
factor, anti-inflammatory factor,

glucose and lipid metabolism regu-  energy metabolism, phenolic factor damage: ?
lation.

Rutin Antioxidant and anti-inflammatory, Flavonoids, antioxidant, anti-inflam- Wound healing: x, tissue regenera-
maintaining vascular resilience, re-  matory tion: x, antioxidant: v, anti-cellular
ducing vascular permeability and damage: ?
fragility, exhibiting certain antiviral
and anticancer effects.

Caffeine Central nervous system stimulants,  Organic compounds, akaloids, ener- Wound healing: X, tissue regenera-
enhance mental alertness, aleviate gy metabolism tion: x, antioxidant: x, anti-cellular
fatigue. damage: x

CJELNSs. A Venn diagram visualized 1881 specific compounds
Results iy po

Acidic Compounds Are Enriched in CJ-ELNs

After conversion and normalization of the raw LC-MS data, a
total of 829 and 2212 compounds were identified from CJ and

in CJ}ELNs(Figure3). “Acid,” asthe most frequent term across
all entries of metabolite names, was detected by a word cloud
analysis (Multimedia Appendix 1). It suggested that acidic
compounds were highly enriched in CJELNSs.

Figure 3. Enrichment of acidic compounds in CJ-ELNSs. (A) A Venn diagram visualizing an intersection of compounds identified from both CJ and
CJ-ELNSs and unique compounds in CJ-ELNs. CJ: Cayratia japonica; CJ}ELNs: Cayratia japonica exosome-like nanovesicle.

cJ

CJ-ELNs

Rapid and Accurate Data Mining of Compoundsin
CJ-ELNsWith Functional Properties

A total of 1881 candidate compounds enriched in C}ELNs
were functionally annotated and classified using the
self-designed multimodal framework of LC-M S combined with

https://bioinform.jmir.org/2026/1/e80539

XSL-FO

RenderX

DeepSeek models. They were categorized into 20 distinct
classes, including organic compounds, alkaloids, amino acids,
biomolecules, organic acids, antioxidants, anti-inflammatory
agents, energy metabolism-related molecules, phenalics,
cytoprotective agents, acohols, and others. Organic compounds
were the leading category of compounds enriched in CJELNs
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(Figure 4, Multimedia Appendix 2). Functionally, 43.33%
(n=39) of compounds enriched in CJ}ELNs possessed the
antioxidant property. With the assistance of DeepSeek, we
specifically screened compounds enriched in CJELNs with

Fuetd

targeted functions of antioxidation, anti-inflammation,
anticellular damage, antiapoptosis, wound healing and tissue
regeneration, and cell proliferation.

Figure 4. Rapid and accurate data mining of compounds in CJ-ELNs with functional properties. Top 20 classifications of compounds enriched in

CJELNSs. CJ-ELN: Cayratia japonica exosome-like nanovesicle.
Wound healing
Coumarins
Anti—apoptosis
Cell migration
Anti—cellular damage
Nucleoside
Dipeptide
Alkaloids
Cell proliferation
Flavonoids
Phenolic compounds
Energy metabolism
Amino acids
Alcohols
Organic acids =
Antioxidant —
Fatty acids
Biomolecule =
Anti—-inflammatory -

Uncategorized
Organic compound =

0

Bioactive Compounds of CJ-EL Ns Responsible for
Wound Healing and Tissue Regeneration

We estimated the overall expression levels of compounds across
the six target functions derived from the DeepSeek model within
thismultimodal framework, visualizing the resultsin radar chart
format after log2-transformation. (Figure 5). Notably,
compounds with the antioxidant function possessed the highest
expression levels, proving the antioxidant mechanism of
CJELNSs in wound repair. Finally, a secondary filtering of

https://bioinform.jmir.org/2026/1/e80539

ek

| 1 1
6()0 16Q \000

compoundswith targeted functions was conducted. We manually
excluded nonplant—derived compounds, including those of
anima origin, synthetic chemicals, and other nonbotanical
sources. In addition, compounds with low expression levelsin
CJELNswereaso removed. Asaresult, atotal of 46 naturally
active compounds derived from CJ-EL Nswith targeted functions
were identified (Figure 6 and Multimedia Appendix 3). Citric
acid was the most abundant compound with the targeted
functions, which was consistent with the finding from the word
cloud analysis.
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Figure5. Radar plots visualizing bioactive compounds of Cayratia japonica exosome-like nanovesicles with targeted functions.

Antioxidation

Figure 6. Expression levels (logy-transformed) of naturally active compounds derived from Cayratia japonica exosome-like nanovesicle identified by
an integration of liquid chromatography-mass spectrometry and DeepSeek models.

35
30
25
20
15
10
5
0
< 5 = 5 £ 5 c = o c 5 @ @ e 53 £ £ & § B € c £ £ & = o = c
T £ 322 3T B EETEETTSEEEECEE S £ £ 2 8 2 £ 3 ES FET =g ea £z 3 £
mmmmmmmm s £ 2 & % E zZ § 2 = % 5 £ 4 8 3 2 & 5 R g S S 5 2 8 5
k] & I 8 5 £ & £ ®© 2 8 B o e 5 & = £ = z 2 9
g L 2 5 8 4 @ g 2 2 0 & £ £ 2 2 5 £ & g 8 E v = S € 8 & w & 2
______ = E £ £ 285 3t 88 E 3 5 = 2 2T £ 5 5 8§ £ © 2§ 2 w4 3 B
5 2 B o8 3 = = & £ 2 5 3 %5 8 £ F £ S 2 2 H S 3 2 g £ 8 = & z =
G 55 8% 3§ g 5 £ =1 33 3 F & 5 % 23 E . £ & 5 5 § g s 5 8
¥ =2 5 = 2 a - 3 = =3 T o £ 2 ] T g =
5 £ &8 § H £ g 2 £ = = 3 = £ H £ g =S g ° B
s £ 2 £ 5 T 2 = 2 g s = 2
; T 5 £ 8 £ : g £ = ]
= = 5 £ & I
g el = F g ® N 2 x5 = =
o 5 £ "~ =
A z o G
<

Wlog2(Expression) M Function Number

https://bioinform.jmir.org/2026/1/e80539 JMIR Bioinform Biotech 2026 | vol. 7 | 80539 | p.30

(page number not for citation purposes)
XSL-FO

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOINFORMATICS AND BIOTECHNOLOGY

Discussion

Principal Findings

This study innovatively integrated DeepSeek models with
LC-MS to successfully predict the major natural products of
CJELNSs responsible for wound healing. DeepSeek’s ASR
semantic recognition and prompt engineering worked together
to generateinitial classification labels. Moreover, an automatic
assessment effectively, rapidly, and accurately achieved the
goal of data mining of specific compounds for targeted
functions.

Al techniques, particularly LLMs, have become an unstoppable
force for reshaping medical research [19,20]. Traditionally,
LC-MS is a powerful anaytical technique to identify and
quantify active ingredients in traditional Chinese medicine
(TCM) herbs. However, a rapid and accurate recognition of
compounds with targeted functions, and a quantitative analysis
of trace concentrations in complicated samples can be
challenging [21]. We expected that an integration of LC-MS
and LLMs would benefit TCM research, including the
acceleration of active ingredient screen, precise targeting of
interested compounds for certain diseases, and anchoring the
promising candidates for developing new drugs. DeepSeek is
anintelligent system based on alarge-sca e pre-trained language
model, exhibiting strong capabilities in text understanding,
knowledge reasoning, and cross-modal collaborative analysis,
particularly excelling in processing information within
Chinese-language contexts[22,23]. It enablesrapid processing
and analyzing massive volumes of both unstructured and
structured data, thus digging biological insights out of complex
omics datasets [24,25].

In the present study, we first created a four-step filtering
workflow and quantitatively identified target compounds from
CJELNsby LC-MS. The cloud word analysis emphasized the
term of acid among screened compounds enriched in CJ-ELNSs.
Acidic compoundsderived from traditional Chinese herbalsare
established for the role of clearing heat and detoxifying [26].
Numerous studies have reported that acidic compoundsin plants
exert antioxidant, antibacterial, and anti-inflammatory effects
through mechanisms such as scavenging freeradicals, dleviating
oxidative stress, modulating inflammatory factors, stimulating
fibroblast proliferation, promoting collagen deposition,

Acknowledgments
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enhancing epithelialization, and inducing angiogenesis[27,28].
To achieve a precise data mining of compounds with relevant
functions, DeepSeek models lent a hand that specifically
screened compounds in CJ-ELNs with targeted functions of
antioxidation, anti-inflammation, anticellular  damage,
antiapoptosis, wound healing and tissue regeneration, and cell
proliferation. Finally, naturally active compounds in CJ-ELNs
were resurfaced for their promising potentials in wound repair.
For example, studies have shown that baicalin accelerates the
wound healing process by downregulating the expression of
pro-inflammatory cytokines (IL-6 and IL-1[3) while upregulating
the anti-inflammatory factor IL-10, and by promoting the
secretion of various growth factors (VEGF, FGF-2, PDGF-f3,
and CTGF) [29]. The combination of LC-MS with DeepSeek
paves the way to further analyses of therapeutic targets from
traditional Chinese herbs for wound healing and tissue
regeneration [30,31].

Limitations in this study should be noted. Firstly, bioactive
compounds derived from CJ-ELNsweremined viaLC-MSand
asingleLLM, namely, DeepSeek-R1. Other cutting-edge LLMs
such as Claude, GPT-4 and Liama[32] can be further analyzed
for the assistance of LC-MS in identifying interested
compounds. Secondly, the 46 naturally active compounds
derived from CJELNs with targeted functions should be
validated in in vivo and in vitro experiments. Lastly, the
workflow we have established requires further validation on
independent datasets. We shall address the aforementioned
issues in subsequent work, including evaluating the efficacy of
compounds through cell migration and transdermal tissue
compatibility assays, verifying their efficacy via macroscopic
imaging and H& E staining following animal wound modelling
interventions, and validating potential pathways involved
through Western blot and immunohistochemical analysis.

Conclusion

We innovatively designed a multimodal framework of LC-MS
combined with DeepSeek models that rapidly and accurately
identify naturally active compounds from CJELNSs. This
Al-powered system innovatively integrates the traditional
analytical technique with modern large language models,
showing a huge potential in modern medicine and TCM
research.
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Multimedia Appendix 1
A word cloud of common compounds identified by liquid chromatography-mass spectrometry.
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Multimedia Appendix 2

Distribution of the classifications of compounds enriched in CJ-EL N, distribution of functional compoundsenrichedin CJ-ELNs
with targeted functions of wound healing and tissue regeneration, and distribution of compounds enriched in CJ-ELNs with al
functional categories.
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Multimedia Appendix 3
Function of 46 compounds.
[XLSX File, 17 KB - bioinform v7i1e80539 app3.xIsx |

References

1.  SubhaD, Harshnii K, MadhikirubaKG, Nandhini M, Tamilselvi KS. Plant derived exosome- like nanovesicles: an updated
overview. Plant Nano Biology 2023 Feb;3:100022. [doi: 10.1016/.plana.2022.100022]

2. MuN,LiJ ZengL, et a. Plant-derived exosome-like hanovesicles. current progress and prospects. Int J Nanomedicine
2023;18:4987-5009. [doi: 10.2147/IIN.$420748] [Medline: 37693885]

3.  DadHA,GuTW, Zhu AQ, Huang LQ, Peng LH. Plant exosome-like nanovesicles. emerging therapeutics and drug delivery
nanoplatforms. Mol Ther 2021 Jan;29(1):13-31. [doi: 10.1016/j.ymthe.2020.11.030]

4.  DiGioiaS, Hossain MN, Conese M. Biological properties and therapeutic effects of plant-derived nanovesicles. Open Med
2020 Nov 21;15(1):1096-1122. [doi: 10.1515/med-2020-0160]

5. LianMQ, Chng WH, Liang J, et al. Plant-derived extracellular vesicles: recent advancements and current challenges on
their use for biomedical applications. J Extracell Vesicles 2022 Dec;11(12):€12283. [doi: 10.1002/jev2.12283] [Medline:
36519808]

6.  Karamanidou T, Tsouknidas A. Plant-derived extracellular vesicles as therapeutic nanocarriers. Int JMol Sci 2021 Dec
24;23(1):T-epublish. [doi: 10.3390/ijms23010191] [Medline: 35008617]

7. SunJ, Zhao P, Ding X, et a. Cayratiajaponicaprevents ul cerative colitis by promoting M2 macrophage polarization through
blocking the TL R4/MAPK/NF-kB pathway. Mediators Inflamm 2022;2022:1108569. [doi: 10.1155/2022/1108569] [Medline:
36619207]

8. Zhao X, Dai R, Wang J, et a. Analysis of the permeabl e and retai nable components of Cayratia japonica ointment through
intact or broken skin after topical application by UPLC-Q-TOF-MS/M S combined with in vitro transdermal assay. J Pharm
Biomed Anal 2024 Jan 20;238:115853. [doi: 10.1016/j.jpba.2023.115853] [Medline: 37976992]

9.  Wolfender JL, Litaudon M, Touboul D, Queiroz EF. Innovative omics-based approaches for prioritisation and targeted
isolation of natural products - new strategies for drug discovery. Nat Prod Rep 2019 Jun 19;36(6):855-868. [doi:
10.1039/c9np00004f] [Medline: 31073562]

https://bioinform.jmir.org/2026/1/e80539 JMIR Bioinform Biotech 2026 | vol. 7 | 80539 | p.32
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=bioinform_v7i1e80539_app1.png&filename=0b6e42d1-ecd5-11f0-b952-b9f1a964d4f4.png
https://jmir.org/api/download?alt_name=bioinform_v7i1e80539_app1.png&filename=0b6e42d1-ecd5-11f0-b952-b9f1a964d4f4.png
https://jmir.org/api/download?alt_name=bioinform_v7i1e80539_app2.tif&filename=0b857451-ecd5-11f0-b952-b9f1a964d4f4.tif
https://jmir.org/api/download?alt_name=bioinform_v7i1e80539_app2.tif&filename=0b857451-ecd5-11f0-b952-b9f1a964d4f4.tif
https://jmir.org/api/download?alt_name=bioinform_v7i1e80539_app3.xlsx&filename=0b9db741-ecd5-11f0-b952-b9f1a964d4f4.xlsx
https://jmir.org/api/download?alt_name=bioinform_v7i1e80539_app3.xlsx&filename=0b9db741-ecd5-11f0-b952-b9f1a964d4f4.xlsx
http://dx.doi.org/10.1016/j.plana.2022.100022
http://dx.doi.org/10.2147/IJN.S420748
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37693885&dopt=Abstract
http://dx.doi.org/10.1016/j.ymthe.2020.11.030
http://dx.doi.org/10.1515/med-2020-0160
http://dx.doi.org/10.1002/jev2.12283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36519808&dopt=Abstract
http://dx.doi.org/10.3390/ijms23010191
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35008617&dopt=Abstract
http://dx.doi.org/10.1155/2022/1108569
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36619207&dopt=Abstract
http://dx.doi.org/10.1016/j.jpba.2023.115853
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37976992&dopt=Abstract
http://dx.doi.org/10.1039/c9np00004f
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31073562&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOINFORMATICS AND BIOTECHNOLOGY Fueta

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

Gros M, Petrovi¢ M, Barcel6 D. Development of a multi-residue analytical methodol ogy based on liquid
chromatography-tandem mass spectrometry (LC-MS/MS) for screening and trace level determination of pharmaceuticals
in surface and wastewaters. Talanta 2006 Nov 15;70(4):678-690. [doi: 10.1016/j.talanta.2006.05.024] [Medline: 18970827]
GikaHG, Wilson ID, Theodoridis GA. LC-M S-based holistic metabolic profiling. Problems, limitations, advantages, and
future perspectives. Journal of Chromatography B 2014 Sep;966:1-6. [doi: 10.1016/.jchromb.2014.01.054]

Wang B, Xie Q, Pei J, et al. Pre-trained language models in biomedical domain: a systematic survey. ACM Comput Surv
2023 Oct 31;56:1-52. [doi: 10.1145/3611651]

Zhong W, Liu Y, Liu Y, et a. Performance of ChatGPT-40 and four open-source large language modelsin generating
diagnoses based on China's rare disease catalog: comparative study. JMed Internet Res 2025;27:€69929-e69929. [doi:
10.2196/69929]

Liverpool S, Mota CP, Sales CMD, et a. Engaging children and young peoplein digital mental health interventions:
systematic review of modes of delivery, facilitators, and barriers. JMed Internet Res 2020 Jun 23;22(6):€16317. [doi:
10.2196/16317] [Medline: 32442160]

Choudhury A, Shahsavar Y, Shamszare H. User intent to use Deepseek for health care purposes and their trust in the large
language model: Multinational Survey Study. IMIR Hum Factors 2025 May 26;12:€72867. [doi: 10.2196/72867] [Medline:
40418796]

Tordjman M, Liu Z, Yuce M, et al. Comparative benchmarking of the DeepSeek large language model on medical tasks
and clinical reasoning. Nat Med 2025 Aug;31(8):2550-2555. [doi: 10.1038/s41591-025-03726-3] [Medline: 40267969]
W McGee R. Leveraging DeepSeek: an Al-powered exploration of traditional chinese medicine (Tai Chi and Qigong) for
medical research. AJBSR 2025;25(5):645-654. [doi: 10.34297/AJBSR.2025.25.003362]

Alseekh S, Aharoni A, Brotman Y, et al. Mass spectrometry-based metabolomics: a guide for annotation, quantification
and best reporting practices. Nat Methods 2021 Jul;18(7):747-756. [doi: 10.1038/s41592-021-01197-1] [Medline: 34239102]
Haleem A, Javaid M, Khan IH. Current status and applications of artificial intelligence (Al) in medical field: an overview.
Current Medicine Research and Practice 2019 Nov;9(6):231-237. [doi: 10.1016/j.cmrp.2019.11.005]

Tang X. Therole of artificial intelligence in medical imaging research. BJR Open 2020;2(1):20190031. [doi:
10.1259/bjro.20190031] [Medline: 33178962]

Pang B, Zhu Y, Lu L, Gu F, Chen H. The applications and features of liquid chromatography - mass spectrometry in the
analysis of Traditional Chinese Medicine. Evid Based Complement Alternat Med 2016 Jan;2016(1). [doi:
10.1155/2016/3837270]

DuK, Li A, Zuo QH, et al. Comparing artificial intelligence-generated and clinician-created personalized self-management
guidance for patients with knee osteoarthritis: blinded observational study. JMed Internet Res 2025 May 7;27:e67830.
[doi: 10.2196/67830] [Medline: 40332991]

Huang T, et al. TCM-3ceval: atriaxial benchmark for ng responses from large language modelsin traditional chinese
medicine. arXiv. Preprint posted online on Mar 10, 2025. [doi: 10.48550/arXiv.2503.07041]

Li F, ChenJ, LuoW, et al. DeepPGDB: anovel paradigm for Al-guided interactive plant genomic database. Bioinformatics.
Preprint posted online on 2025. [doi: 10.1101/2025.06.01.657209]

LuoE, et a. Benchmarking Al scientistsin Omics data-driven biological research. arXiv. Preprint posted online on May
13, 2025. [doi: 10.48550/arXiv.2505.08341]

Muluye RA, Bian Y, Alemu PN. Anti-inflammatory and antimicrobial effects of heat-clearing chinese herbs: a current
review. J Tradit Complement Med 2014 Apr;4(2):93-98. [doi: 10.4103/2225-4110.126635]

Guan S, Ge D, Liu TQ, Ma XH, Cui ZF. Protocatechuic acid promotes cell proliferation and reduces basal apoptosisin
cultured neural stem cells. Toxicol In Vitro 2009 Mar;23(2):201-208. [doi: 10.1016/j.tiv.2008.11.008] [Medline: 19095056]
Yang D, Moh S, Son D, et a. Gallic acid promotes wound healing in normal and hyperglucidic conditions. Molecules
2016;21(7):899. [doi: 10.3390/molecul es21070899)]

KimE, Ham S, Jung BK, Park JW, Kim J, Lee JH. Effect of baicalin on wound healing in amouse model of pressure ulcers.
IIMS ;24(1):329. [doi: 10.3390/ijms24010329]

Zhao F, Li Q, Wang M, Xiong X. An Al agent-based system for retrieving compound information in Traditional Chinese
Medicine. Information 2025;16(7):543. [doi: 10.3390/inf016070543]

He J, et a. OpenTCM: a graphrag-empowered LLM-based system for traditional chinese medicine knowledge retrieval
and diagnosis. arXiv. Preprint posted online on Apr 28, 2025. [doi: 10.48550/arXiv.2504.20118]

Jaleel A, Aziz U, Farid G, et a. Evaluating the potential and accuracy of ChatGPT-3.5 and 4.0 in Medical Licensing and
In-Training Examinations: systematic review and meta-analysis. IMIR Med Educ 2025;11:e68070. [doi: 10.2196/68070]

Abbreviations

Al: artificial intelligence

ASR: Automated Semantic Recognition

CJ-ELN: Cayratia japonica exosome-like nanovesicle
ELN: exosome-like nanovesicles

https://bioinform.jmir.org/2026/1/e80539 JMIR Bioinform Biotech 2026 | vol. 7 | 80539 | p.33

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.talanta.2006.05.024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18970827&dopt=Abstract
http://dx.doi.org/10.1016/j.jchromb.2014.01.054
http://dx.doi.org/10.1145/3611651
http://dx.doi.org/10.2196/69929
http://dx.doi.org/10.2196/16317
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32442160&dopt=Abstract
http://dx.doi.org/10.2196/72867
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40418796&dopt=Abstract
http://dx.doi.org/10.1038/s41591-025-03726-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40267969&dopt=Abstract
http://dx.doi.org/10.34297/AJBSR.2025.25.003362
http://dx.doi.org/10.1038/s41592-021-01197-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34239102&dopt=Abstract
http://dx.doi.org/10.1016/j.cmrp.2019.11.005
http://dx.doi.org/10.1259/bjro.20190031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33178962&dopt=Abstract
http://dx.doi.org/10.1155/2016/3837270
http://dx.doi.org/10.2196/67830
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40332991&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.2503.07041
http://dx.doi.org/10.1101/2025.06.01.657209
http://dx.doi.org/10.48550/arXiv.2505.08341
http://dx.doi.org/10.4103/2225-4110.126635
http://dx.doi.org/10.1016/j.tiv.2008.11.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19095056&dopt=Abstract
http://dx.doi.org/10.3390/molecules21070899
http://dx.doi.org/10.3390/ijms24010329
http://dx.doi.org/10.3390/info16070543
http://dx.doi.org/10.48550/arXiv.2504.20118
http://dx.doi.org/10.2196/68070
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOINFORMATICS AND BIOTECHNOLOGY Fueta

ESI: electrospray ionization

LC-MS: liquid chromatography-mass spectrometry
LLM: large language model

M S: mass spectrometry

P-ELN: Plant-derived exosome-like nanovesicle

TCM: traditional Chinese medicine

UHPL C: ultra-high-performance liquid chromatography

Edited by Z Yue; submitted 12.Jul.2025; peer-reviewed by V Alevizos, X Kang; revised version received 14.0ct.2025; accepted
19.0ct.2025; published 08.Jan.2026.

Please cite as.

Fu Q, Ji W, Fan YP, Yao J, Song MX, Yan QJ

Systematic Mining of Bioactive Compounds for Wound Healing From Cayratia Japonica Exosome-Like Nanovesicles: A Workflow
Combining LC-MSand DeepSeek Models

JMIR Bioinform Biotech 2026; 7: 80539

URL: https://bioinform.jmir.org/2026/1/e80539

doi:10.2196/80539

© Qiang Fu, Wei Ji, Yu-Ping Fan, Jian Yao, Ming-Xia Song, Qiao-Jing Yan. Originally published in IMIR Bioinformatics and
Biotechnology (https://bioinform.jmir.org), 8.Jan.2026. Thisis an open-access article distributed under the terms of the Creative
Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in IMIR Bioinformatics and Biotechnology, is properly
cited. The complete bibliographic information, a link to the original publication on https://biocinform.jmir.org/, as well as this
copyright and license information must be included.

https://bioinform.jmir.org/2026/1/e80539 JMIR Bioinform Biotech 2026 | vol. 7 | 80539 | p.34
(page number not for citation purposes)

RenderX


https://bioinform.jmir.org/2026/1/e80539
http://dx.doi.org/10.2196/80539
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR BIOINFORMATICS AND BIOTECHNOLOGY Mesfin et &

Prevalence and Associated Risk Factors of Bovine Fasciolosis in
Bahir Dar, Ethiopia: Cross-Sectional Study

Tesfaye Mesfin'; Theobesta Solomon?; Abraham Belete Temesgen?

1Department of Animal Sciences, College of Agriculture and Natural Resource, Debre Markos University, Debre Markos, Ethiopia

2Department of Veterinary Pathobiology, College of Veterinary Medicine and Animals Sciences, University of Gondar, P.O. Box 196, Central Gondear,
Ethiopia

Corresponding Author:

Abraham Belete Temesgen

Department of Veterinary Pathobiology, College of Veterinary Medicine and Animals Sciences, University of Gondar, PO. Box
196, Central Gondar, Ethiopia

Abstract

Background: Cattle are among the most important livestock resources in Ethiopia, contributing significantly to the agricultural
economy and rural livelihoods. They provide meat, milk, hides, draft power for crop production, and serve as a major source of
income for farmers. Despite their vital role, cattle productivity is often constrained by various diseases, particularly parasitic
diseases. One of the most significant of these is bovine fasciolosis, a condition caused by ingestion of metacercariae of liver
flukes belonging to the genus Fasciola.

Objective: This study aimed to assess the prevalence and associated risk factors of bovine fasciolosisin Bahir Dar, Ethiopia.

Methods: A cross-sectional study was conducted from November 2021 to April 2022. A total of 384 cattle were randomly
selected from different locations within the study area. Animals of all age groups and both sexes were included. Fecal samples
were collected directly from the rectum of each animal using clean, labeled containers. The sampleswere examined using standard
coprological techniques, specifically the sedimentation method, to detect liver fluke eggs. All findings were recorded, and the
data were analyzed using descriptive statistical methods.

Results: The overal prevalence of fasciolosis was 49.21% (n=189). Based on origin, Sebatamit had the most incidence at
61.84% (n=47), followed by Kebele 11 at 59.37% (n=57), Tikurit at 50% (n=59), and Latammba at 27.65% (n=26). Statistical
analysis revealed significant disparities in occurrence among areas. Cattle in poor condition had the largest prevalence (n=80,
64%), followed by medium condition (n=85, 50%) and fat cattle (n=24, 26.96%). This variation was statistically significant.
Age-group analysis revealed comparable prevalence rates, with young cattle at 50.38% (n=65), adults at 47.33% (n=71), and
elderly cattle at 50.47% (n=53), with no significant differencesfound. There were no significant sex-rel ated variationsin prevalence,
with males exhibiting a prevalence of 49.73% (n=93) and females 48.73% (n=96). Local cattle had a dlightly higher prevalence
(n=111, 51.62%) than crossbreeds (n=78, 46.15%), although the difference was not statistically significant (P=.29).

Conclusions: These findings underscore the need for targeted, |ocation-specific control strategies and highlight the importance
of improved nutritional and health management practices to reduce the burden of fasciolosisin cattle populations.

(JMIR Bioinform Biotech 2026;7:€81219) doi:10.2196/81219

KEYWORDS
Bahir Dar; bovine fasciolosis; fecal examination; prevalence; risk factors

Introduction

Ethiopiahosts one of thelargest livestock populationsin Africa,
with an estimated 55.03 million cattle, 27.32 million sheep, and
28.16 million goats as of 2019. Cattle, in particular, play a
central rolein the country’s agricultural economy, with the dairy
sector contributing over 81% of total milk production. Despite
this abundance, livestock productivity remains low due to
constraints such as poor nutrition, inadequate management, and
widespread infectious diseases. Among these, fasciolosisisone
of the most impactful parasitic diseases, causing substantial

https://bioinform.jmir.org/2026/1/e81219

economic losses through reduced growth, impaired fertility,
decreased milk yield, and increased mortality [1].

Fasciolosis is caused by trematode parasites of the genus
Fasciola, commonly known as liver flukes. Infection occurs
when animals ingest metacercariag, the infective stage of the
parasite, from contaminated pasture, water, or feed. Two species
are primarily responsible: Fasciola hepatica, which
predominates in temperate regions, and Fasciola gigantica,
more common in tropical climates, including much of Africa
and Ethiopia [2-4]. Transmission relies on the presence of
aquatic snails, such as Lymnaea truncatula and Lymnaea
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natalensis, which serve as intermediate hosts under suitable
conditions like stagnant water and moist environments [5].

Infected cattle experience liver tissue damage due to migrating
immature flukes, resulting in inflammation, bile duct
obstruction, hepatocellular necrosis, and fibrosis. Clinical signs
often include weight loss, jaundice, poor body condition, and
reduced productivity. Severe infections compromise liver
function, predispose animals to secondary infections, and may
lead to significant morbidity and mortality [6]. Economically,
fasciolosis causes extensive liver condemnation at
daughterhouses, higher veterinary costs, and financial 1osses
for farmers and the meat industry [7].

Epidemiology of fasciolosis is influenced by host and
environmental factors, including age, sex, breed, management
practices, and ecological conditions. Older animals are often
more affected due to cumulative exposure, while some breeds
show variable susceptibility. Differences in grazing behavior
and reproductive cycles may contribute to higher prevalencein
females in some cases [8-10].

Additionally, pasture type, access to contaminated water, and
use of anthelminticsplay critical rolesin transmission. Although
previous studies have provided insights into fasciolosis in
Ethiopia, many were localized, leaving gaps in regiona

Figurel. Map of the study area
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prevalence and risk factors. Given the ecological and
management diversity acrossthe country, region-specific studies
are essential to inform targeted control strategies. In particular,
the central and northern highlands, where cattle production is
economically significant, may present unique environmental
conditionsthat affect parasite dynamics[11-14]. Therefore, this
study aimed to determine the prevalence and associated risk
factors of bovine fasciolosis in Bahir Dar, Ethiopia.

Methods

Study Area

The study was conducted in Bahir Dar, Ethiopia, from
November 2021 to April 2022 (Figure 1). Bahir Dar is located
approximately 575 km northwest of Addis Ababa, a an
elevation of 1500 - 2600 meters above sea level, with
geographic coordinates of 12°29' N latitude and 37°29' E
longitude. The area receives an average annua rainfall of
1200 - 1600 mm, and temperatures range from 8 °C to 31 °C.
Thelandscapeis predominantly plain plateaus, covering roughly
70% of theregion, and the vegetation includes shrub formations,
low woodlands, evergreen areas, and semi-humid highland
vegetation. Agriculture is a key livelihood, with major crops
including teff (Eragrostistef), wheat (Triticumaestivum), maize
(Zea mays), and various pulses [1].

Ethiopia
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320000
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Study Animal and Sampling M ethod

The study animals consisted of cattle from four selected sites
in Bahir Dar: Kebele 11, Sebatamit, Tikurit, and Latammba.

https://bioinform.jmir.org/2026/1/e81219

RenderX

Both indigenous and crossbred Holstein Friesian cattle reared
under local management conditions were included. A total of
384 cattle were randomly selected, representing both sexesand
multiple age groups. Animal age was assessed based on dentition
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and categorized as young or adult [15]. Body condition score
was also evaluated for each animal following established
guidelines to estimate nutritional and health status [16].

Study Design and Sample Size

A cross-sectional study was carried out in Bahir Dar, Ethiopia,
from November 2021 to April 2022 to determinethe prevalence
and associated risk factors of bovine fasciolosis in Bahir Dar,
Ethiopia. Therisk factors considered included origin (location),
breed, age, sex, and body condition of the cattle. The required
sample size for fecal sample collection was calculated using a
95% confidence level, 5% absolute precision, and an expected
prevalence of 50% in the absence of prior data for the study
area[17].

n=2Z2xPexpx(1-Pexp)d2
where: n=required sample size; Pexp=expected prevaence (0.5);
d=desired absolute precision (0.05); and Z=Z-value for
confidence level (1.96). Based on this formula, atotal of 384
cattle were included in the study.

Fecal Examination and I dentification of Fasciola Eggs

Fresh fecal samples were collected directly from the rectum of
each animal using disposable gloves and placed into universal
bottles containing 10% formalin as a preservative. Samples
were transported under controlled conditions to the Bahir Dar
Regional Veterinary Laboratory for parasitological examination.
The sedimentation technique was used to detect Fasciola eggs,
following standard procedures[18,19]. To differentiate Fasciola
eggs from those of other trematodes, such as Paramphistomum
species, the sediment was stained with methylene blue. Fasciola
eggs are typically yellowish, large, and operculated, whereas
Paramphistomum eggs stain blue [20,21].

Data Management and Analysis

The raw data collected from the study were organized and
entered into a Microsoft Excel spreadsheet for initial
management. Subseguently, the data were exported to STATA

https://bioinform.jmir.org/2026/1/e81219
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(version 16.0; StataCorp) for statistical analysis. A x? test was
used to eval uate the correl ation between infection rates and risk
factors such as age, sex, breed, and location. The test evaluated
infection rates based on these parameters, with a significance
level of P<.05.

Ethical Consider ations

Ethical clearance was obtained from the Ethics Research Review
Committee of the University of Gondar, College of Veterinary
Medicine and Animal Sciences (Ref. No.
CVMASc/UoG/RERC/10/11/2021; November 7, 2021). Cattle
were handled according to animal welfare guidelines, and owner
consent was obtained prior to data collection.

Results

Prevalence of Bovine Fasciolosis

A total of 384 cattle were examined in this study, and the overall
prevalence of bovine fasciolosis in the study area was 49.21%
(n=189). Analysis by origin showed the highest prevalence in
Sebatamit (n=47, 61.84%), followed by Kebele 11 (n=57,
59.37%), Tikurit (50%), and Latammba (n=26, 27.65%), with
a statistically significant difference among sites (x2=26.31,
P<.001). Prevalence also varied according to body condition,
with poor-conditioned cattle exhibiting the highest prevalence
(n=80, 64%), followed by medium condition (n=85, 50%) and
fat cattle (n=24, 26.96%), showing a significant difference
(x3=28.6, P<.001). When grouped by age, the prevalence was
50.38% (n=65) in young cattle, 47.33% (n=71) in adults, and
50.47% (n=53) in older animal s, however, differences were not
statistically significant (x?=0.84, P=.35). Similarly, sex did not
significantly influence prevalence: males had 49.73% (n=93),
and females had 48.73% (n=96, x?=0.844; P=.35). Finaly, breed
showed no significant effect on infection rates, although local
cattle had a dlightly higher prevalence (n=111, 51.62%)
compared to crossbreeds (n=78, 46.15%) (x?=0.287, P=.29)
(Table 1).
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Table. Prevalence of bovine fasciolosis based on risk factors.

Risk factor and category Examined (n=384) Positive (n=189), % Chi-sguare (df) Pvaue
Origin 26.31 (3) <.001
Tikurit 118 59 (50)
Sebatamit 76 47 (61.84)
Latammba 94 26 (27.65)
Kebele 11 9% 57 (59.37)
Body condition 28.60 (2) <.001
Poor 125 80 (64)
Medium 170 85 (50)
Fat 89 24 (26.96)
Age 0.839 (2) 35
Young 129 65 (50.38)
Adult 150 71 (47.33)
old 105 53 (50.47)
Sex 0.844 (1) 35
Male 187 93 (49.73)
Female 197 96 (48.73)
Breed 1.134 (1) 29
Local 215 111 (51.62)
Crossbreed 169 78 (46.15)

characteristics [20,21]. The eggs are ovoid, possess a thick

I dentification of Fasciola Eggs yellowish-brown shell, and typically have an operculum at one
The Fasciolaeggs detected in cattle fecal samplesareshownin  end.

Figure 2. Identification was based on morphological
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Figure 2. Egg of Fasciola species: yellowish egg (arrow).

Discussion

Principal Findings

Bovinefasciol osisremains one of the most significant parasitic
diseases affecting cattle in Ethiopia, causing substantial
economic lossesthrough reduced growth, poor milk production,
liver condemnation, and increased susceptibility to secondary
infections. The present study recorded an overall prevalence of
bovine fasciolosis of 49.21% in the study area, which aligns
with previous reports from different regions of Ethiopia. For
instance, prevalence rates of 41.41% and 54.5% have been
reported in Woreta [22] and Jimma [23], respectively. Similar
rates were observed in North-East Amhara (47.10%) [13], and
Eastern Shoa, Kuyu District (54.2%) [19] likely associated with
common agro-ecological factors such as the presence of
Lymnaea snails and practices like communal water use and
irrigation that facilitate pasture contamination [24]. Conversely,
lower prevalence rates have been reported in some regions.
Investigationsin Soddo (4.9%) [25], Nekemte (15.9%) [ 7], and
Southern Ethiopia (15.9%) [8] demonstrated lower frequencies,
while Zenzelma, Bahir Dar (26%) [1], and Bahir Dar (32.3%)
[26] reported dlightly lower prevalence. These variations are
likely influenced by differencesin altitude, geography, climate,
snail host abundance, management practices, and anthelmintic
use[27].

https://bioinform.jmir.org/2026/1/e81219
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Geographical and M anagement Factors

Prevalence varied significantly among study sitesin the current
work, with Sebatamit recording the highest preval ence (61.84%),
followed by Kebele 11 (59.37%), Tikurit (50%), and Latammba
(27.65%). This observation is consistent with previous studies
indicating substantial geographical variation in fasciolosis
prevalence [28-31], which may be influenced by climatic
conditions, anima management practices, and access to
veterinary services[32].

Influence of Animal Factors

Cattle in poor body condition exhibited the highest prevalence
(64%), compared to medium (50%) and fat cattle (26.96%).
This pattern corresponds with several Ethiopian reports that
found significantly higher infection rates in animals with poor
body condition, likely reflecting increased susceptibility dueto
mal nutrition, compromised immunity, and concurrent infections
that weaken host defenses [33-36]. However, some studies
reported no significant differences in prevalence among body
condition categories, indicating that body condition may not
always predict Fasciola infection [23,37].

In this study, no significant differences were observed across
age groups, with young cattle (50.38%), adults (47.33%), and
older cattle (50.47%) showing similar prevalence. Several
studies in Ethiopia have likewise reported no significant
associ ation between age and Fasciolainfection [38,39], although
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other reports documented age-related variation, likely reflecting
differences in exposure or management practices [40,41].

Similarly, sex did not significantly influence prevalence, with
males at 49.73% and females at 48.73%. This finding aligns
with previous studies reporting no significant differences
between male and female cattle [35], although one study did
observe sex-related variation, possibly due to differences in
management practices or environmental exposure [25].

Finally, breed had no significant effect on infection rates, with
local cattle and crossbreeds showing prevalence of 51.62% and
46.15%, respectively. This finding agrees with earlier research
[24,34], suggesting similar susceptibility between breeds,
although a few studies reported breed-related differences,
potentially attributable to genetic factors or breed-specific traits.

Limitations

The cross-sectional design and use of asingle diagnostic method
provide an accurate snapshot of prevalence and associated risk
factors within the study population. While longitudinal or

Mesfin et &

multimethod studies may provide additional detail, the current
methodology is sufficient to address the study objectives and
offers valuable insights for local disease control strategies.

Conclusion

This study revealed a high overal prevalence of bovine
fasciolosis (49.21%) in the Bahir Dar area, confirming its
significance as a major parasitic disease affecting cattle in the
region. Prevalence varied notably across localities, with
Sebatamit exhibiting the highest rate (61.84%) and Latammba
the lowest (27.65%). Analysis of risk factors indicated a
significant association between body condition and fasciolosis,
with poorly conditioned cattle being more susceptible to
infection. In contrast, no statisticaly significant differences
were observed based on age, sex, or breed, suggesting that cattle
across al demographic groups are at risk. These findings
underscore the need for targeted, location-specific control
strategies and highlight the importance of improved nutritional
and health management practices to reduce the burden of
fasciolosisin cattle populations.
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Abstract

Background: The manual abstraction of unstructured clinical data is often necessary for granular clinical outcomes research
but is time consuming and can be of variable quality. Large language models (LLMs) show promise in medical data extraction
yet integrating them into research workflows remains challenging and poorly described.

Objective: This study aimed to develop and integrate an LLM-based system for automated data extraction from unstructured
electronic health record (EHR) text reports within an established clinical outcomes database.

Methods: Weimplemented agenerative artificial intelligence pipeline (UODBLLM) utilizing aflexiblelanguage model interface
that supports various LLM implementations, including Health Insurance Portability and Accountability Act-compliant cloud
services and local open-source models. We used extensible markup language (XML)-structured prompts and integrated using an
open database connectivity interface to generate structured data from clinical documentation in the EHR. We evaluated the
UODBLLM'’s performance on the completion rate, processing time, and extraction capabilities across multiple clinical data
elements, including quantitative measurements, categorical assessments, and anatomical descriptions, using sample magnetic
resonance imaging (MRI) reports as test cases. System reliability was tested across multiple batches to assess scalability and
consistency.

Results. Piloted against MRI reports, UODBLLM processed 1800 clinical documents with a 100% completion rate and an
average processing time of 8.90 seconds per report. The token utilization averaged 2692 tokens per report, with an input-to-output
ratio of approximately 13:2, resulting in a processing cost of US $0.009 per report. UODBLLM had consistent performance
across 18 batches of 100 reports each and completed all processing in 4.45 hours. From each report, UODBLLM extracted 16
structured clinical elements, including prostate volume, prostate-specific antigen values, Prostate Imaging Reporting and Data
System scores, clinical staging, and anatomical assessments. All extracted data were automatically validated against predefined
schemas and stored in standardized JSON format.

Conclusions:  We demonstrated the successful integration of an LLM-based extraction system within an existing clinical
outcomes database, achieving rapid, comprehensive data extraction at minimal cost. UODBLLM provides a scalable, efficient
solution for automating clinical data extraction while maintaining protected health information security. This approach could
significantly accelerate research timelines and expand feasible clinical studies, particularly for large-scale database projects.

(JMIR Bioinform Biotech 2026;7:€70708) doi:10.2196/70708

KEYWORDS

generative artificial intelligence; artificia intelligence large language model; GPT-4; chatbot; pattern analysis; prostate cancer;
kidney cancer
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Introduction

Background

Electronic health record (EHR) systems contain extensive health
data, but much of it is in unstructured notes such as radiology
and pathology reports, making it hard to access for large-scale
research. Granular clinical outcomes research often requires
laborious manual chart review. The automation of this process
requires significant investment, and algorithm performance
varies with report parameters and automation type [1,2].
Previous attempts to automate this process have tried natural
language processing on prostate cancer pathology reports,
reporting a weighted F; score and accuracy as high as 0.97%
and 93%, respectively [3].

Large language models (LLMs) represent a new opportunity
for addressing this problem. LLMs are generative artificial
intelligence programs capable of drafting human-like responses
to specific queries. In oncological contexts, LLM applications
can create medical notes, aggregate imaging findings, extract
operative note data, and identify presenting symptoms [4-7].
Previous studies analyzing the overall data extraction capabilities
have found accuraciesranging from 63.9% to 100%in retrieving
data elements[5,8-13]. Specifically, several LLM models have
also been developed to extract medical information from text,
including early-stage LLM trained on medical encyclopedias
and radiology datasets to read annotated radiology reports
(71.6% accuracy) and inferring cancer disease response based
on computed tomography reports (89% accuracy) [14,15]. Some
of these groups also implemented or hypothesized implementing
their systemsinto medical research pipelinesfor expediting data
extraction [3,8]. Another group applied a customized,
open-source LLM trained on medical data to read magnetic
resonance imaging (MRI) reports with a sensitivity of 96% and
specificity of 99%. In terms of data extraction, generative
pre-trained transformer (GPT)-4 has been shown to extract
hepatocellular carcinomadatafrom MRI reportswith an overall
accuracy of 93.4% [16]. LLMs have also proven to be flexible
and frequently outperform traditional automated models,
suggesting that powerful LLMs might be ready to support
research endeavors via the extraction of unstructured data
[5,8,17]. Implementing LLMs into practical, applicable tools
remains challenging, and some private organizations have
attempted to improve clinical data extraction through EHR
integration [18]. Despite this, most efforts, such asthe American
Urological Association Quality Registry, remain dependent on
manual data management, partially dueto difficulty integrating
new tools into existing workflows. While some larger
institutions have begun implementing automated data extraction
pipelines, traditional methods of data extraction require
considerable technical expertise and resourcesto initiate, making
these methods inaccessible for most institutions.

The University of California, San Francisco (UCSF) Department
of Urology maintainsthe Urol ogic Outcomes Database (UODB)
for prostate, bladder, and renal cancers[19]. The UODB isan
SQL-based clinical dataresearch database that holds structured
manually abstracted clinical data for patients treated at the
UCSF, including 7000 patients with prostate cancer over 20
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years. Dueto limited manual abstraction capacity and increasing
patient volume, clinical events and dataentry oftenlag. Previous
in-house attempts to automate this process using traditional
natural language processing solutions proved to be
time-consuming to develop and maintain [1-3,20]. The aim of
this study was to demonstrate a practical use of LLMs in
academic clinical research by describing the successful
implementation of a secure, baseline, institutional version of
GPT-4 within the UODB to quickly and easily extract
unstructured data and effectively reduce manual labor in
gathering data from medical reports.

Related Work

Previous studies by our group have utilized UCSF's Versa, an
internal, secure, Health I nsurance Portability and Accountability
Act (HIPAA)-compliant deployment of OpenAl’s GPT models
(OpenAl Inc.) that includes an application programming
interface (API) for query automation [17,21]. We demonstrated
that systems based on the Versa GPT-4 APl can accurately
extract structured data from real-world clinical reports. In one
study involving 424 prostate MRI reports, our pipeline, using
zero-shot prompting, achieved an overall median field-level
accuracy of 98.1% (IQR 96.3% - 99.2%), with key elements
such as prostate-specific antigen density (98.3%), extracapsular
extension (97.4%), and TNM staging (98.1%) [21]. In aseparate
effort with 228 prostate MRI reports, the approach achieved
similarly high concordance (over 95%) when compared with
manual abstraction [17].

These validation efforts serve to confirm the accuracy of the
underlying extraction prompts and Versa GPT-4 AP
performance. The focus of the current work, therefore, is not
on additional accuracy testing; rather, we build upon this
foundation to present a modular, scalable implementation
pipeline that operationalizes LLM-driven extraction at scale,
within a secure, clinical-grade environment.

Methods

Overall Design

This study presents the implementation and performance
evaluation of UODBLLM, a modular LLM-based pipeline
designed for structured data extraction from a wide range of
unstructured clinical reports. For thistechnical implementation,
the system was evaluated using free-text prostate MRI radiology
reports as the primary use case (Figure 1). The system was
deployed within a secure, HIPAA-compliant clinical
environment using the internal UCSF Versa GPT-4 API,
ensuring that protected health information (PHI) remained
confined to ingtitutional systems. UODBLLM was designed
with aflexible architecture to support multiplelanguage models
and API endpoints, enabling adaptability across varied clinical
Settings.

Prompts are stored as configurable components in dedicated
database tables, alowing users to dynamically pair extraction
templates with report sets without modifying the underlying
code. This design supports rapid iteration, version control, and
seaml ess adaptation to evolving information extraction needs.
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Figure 1. System design and data flow of the UODBLLM application. The process begins with an initial connection between the electronic health
record (EHR) and the Urol ogic Outcomes Database (UODB) for imaging report updates (1). The UODBLLM application isgoverned by aconfiguration
filedefining its core parameters (2). The application periodically fetches new records from the UODB (3), collectsthe rel evant reports (4) and component
prompts (5), and sends these to the Versa application programming interface (API) for processing (6). The API returns structured interpretations of the
reports (7), which are then written back into the UODB (8). A user, viathe UODBLLM interface, can send a data request to the UODB (9) and receive

adataresponse for review and analysis (10).

Imaging Reports
(MRIs, X-ray, CT, etc.)

J (C ompaonent Prompm]

Urology
Qutcomes

Database

Study Population

The study dataset comprised 1800 prostate MRI radiology
reports retrieved from the institutional EHR system. Reports
were selected based on procedural coding and metadata filters
to ensure relevance to downstream urologic data extraction.

Intervention

UODBLLM isaPython-based (version 3.9.6, Python Software
Foundation, worldwide) application designed to extract
structured information from clinical reports using a modular,
API-driven architecture. Sourcetext isretrieved from the UODB
using a parameterized SQL query passed via a secure Open
Database Connectivity connection. Text blocks are staged and
dispatched in configurable batches, controlled by a modifiable
parameter specified in a configuration file or modifiable via
command-line flag.

The pipeline retrieves a version-controlled extensible markup
language (XML)-based prompt template at runtime using a
parameterized SQL query from the UODB. This template
specifiestherole, task, JSON response schema, and astructured
sub-prompt with 16 XML elementsthat each represent aclinical
field of interest (eg, prostate volume, prostate-specific antigen
density, and overall Prostate Imaging Reporting and Data
System score), each with plain-language extraction instructions
(Figure S1 in Multimedia Appendix 1). For every report, the
program inserts the full free-text report into the template’s
designated placeholder, producing a complete prompt that is
then submitted to the Versa GPT-4 model . Embedding the report
within a constant, schema-constrained envelope ensures that
returned JSON follows a predictable structure, enabling reliable
downstream parsing and storage.
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Each batch is passed to athin wrapper around the Versa GPT-4
API. Requests are streamed to the APl endpoint; results are
captured, parsed, and validated against the predefined JSON
schema. Error handling includes up to 5 retry attempts per
request with exponential back-off (2" seconds, capped at 30
seconds). Failed requests are logged, and the affected reports
arere-queued for later processing. Element-level completeness
is defined as the proportion of reports for which the pipeline
returned a non-null value.

Extracted fields are transmitted back to the database using a set
of parameterized SQL UPDATE statements mapped to internal
columnidentifiers. A custom statisticstracking module records
token usage, response latency, and processing cost per report
by counting model-specific numerical tokens generated from
text via Byte Pair Encoding. System-wide throughput and error
frequency are also recorded. The pipeline was executed on a
2019 MacBook Pro (Intel Core i9, 2.4 GHz, 64 GB RAM,
macOS Ventura 13.2.1). The system’s computational workload
islightweight and not hardware dependent, making it executable
on a standard consumer laptop. The source code will be made
available to investigators for non-commercia purposed upon
request.

Ethical Consider ations

The study was approved by the University of California, San
Francisco Institutional Review Board (IRB #11-05329), and
the requirement for informed consent was waived. The system
was deployed within a secure, HIPAA-compliant clinical
environment using the interna UCSF Versa GPT-4 API,
ensuring that PHI remained confined to institutional systems.
All reports were de-identified prior to processing.
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Results

Praocessing Perfor mance and Resour ce Utilization

The anaysis of system logs demonstrated consistent
performance metrics, with an average processing speed of 8.90
seconds per report across 1800 reports. UODBLLM maintained
100% completion rates across all test runs, with batch sizes of
100 reports. Token utilization, representing the count of
model-specific numerical tokens generated from the input and
output text viaByte Pair Encoding (cal culated using thetiktoken
library), averaged 2692 tokens per report. Given the model’s
context window capacity relative to typical report lengths,
specific token optimization techniques like input text chunking
were not required for this implementation. This resulted in an
input-to-output ratio of approximately 13:2 (4,196,697 input
tokens, 648,723 output tokens), resulting in an average
processing cost of US $0.009 per report. The total processing
run successfully analyzed all 1800 test reports in 4.45 hours,
showing sustained performance at scale.

Prior Validation

Although the present study did not re-evaluate extraction
accuracy on this corpus, the underlying extraction logic and
prompt structure have been previously validated in two
independent studies by our group. In one effort involving 424
prostate MRI reports, the system achieved amedian field-level
accuracy of 98.1% (IQR 96.3% - 99.2%) for key clinical
variables [21]. A subsequent study with 228 MRI reports
demonstrated similarly high extraction fidelity, with all
structured elements exceeding 95% accuracy [17]. These
findings confirm the robustness of the prompt design and model
configuration across settings, supporting their reliability in the
context of the current implementation.

Experience

Researchersinteract with UODBLLM by selecting the clinical
report category (eg, MRI reports or pathology reports) through
a secure web-based application that integrates with the UODB
and is accessible only through local institutional network
connections. UODBLLM displays quantitative processing
metrics for the selected report type, including extraction
completion timestamps, LLM prompts, and performance
gtatisticsfrom previous analyses. Thislongitudina view enables
investigators to evaluate existing structured data's temporal
relevance and compl eteness before proceeding with additional
processing.

Researchers can use previously extracted structured data or
initiate a new extraction cycle with refined extraction
parameters. When opting for new extraction, investigators can
specify tempora bounds for report inclusion and modify
extraction prompts stored in the database tables. This
parameterization enablesthe analysis of specific clinical cohorts
while ensuring consistent extraction methodology across
research protocols.

Upon initiating the UODBLLM process, the system executes
batch processing of identified reports, with real-time logging
providing visibility into extraction progress. Researchers can
monitor the system performance through logs that track
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Carlideet d

processing times, successrates, and any encountered exceptions.
The structured JSON output isautomatically integrated into the
UODB, enabling immediate access for researchers.

Quality assurance is implemented through a review interface
whereresearchers can perform comparative analysis of extracted
data elements against source reports and any pre-existing
manually abstracted data with the opportunity to iteratively
refine prompts. Successfully processed reports are flagged in
the database, preventing duplicate processing while maintaining
a comprehensive audit trail of all data extraction operations.

Discussion

Principal Findings and Comparison With Previous
Works

In this study, we developed and validated an automated
LLM-based integration for UODB management that achieved
a 100% completion rate across 1800 clinical documents, with
an average processing time of 8.90 seconds per report. The
UODBLLM demonstrates an implementation of a PHI-secure,
LLM-agnostic system for automated data extraction from
urological outcomes documentation. By leveraging institutional
cloud infrastructure and established database architecture, we
created ascalable solution that significantly reduces the manual
effort traditionally required for data extraction while maintaining
high accuracy rates[19]. Thisadvancement representsacrucial
step toward efficient, accurate, and comprehensive research
database management [18].

The integration of generative artificial intelligence in clinical
data management has seen rapid evolution, with severa
institutions developing speciaized approaches for extracting
structured data from clinical documentation [1,2]. While the
validation of alocal GPT model showed promising accuracy
in the low 90th percentile for biomedical data collection, their
focus on chromatin expression in cell lines addressed a more
constrained data domain [20]. UODBLLM demonstrates
comparable accuracy rates with the ability for researcher
customization. Recent oncology initiatives using LLMs for
clinical note evaluation have shown potential, but our approach
differs by providing a complete pipeline that not only extracts
data but aso integrates directly with existing database
infrastructure [5,6]. The problem of integration from clinical
care to research database is common in clinical trials, clinical
record management, and safety reports, encouraging other
groups to design automated data capture and transfer pipelines.
These pipelines have historically been evaluated as successful
by the variables they extract, efficiency gained, and
interoperability they provide, aligning with our key performance
indicators [22,23]. The pipeline here described and designed
has been estimated to improve data extraction manua time
efficiency by asmuch as90% if pulling multiple variablesfrom
hundreds of reports, although this enhancement varies based
on report type, variable, and iterations of prompt refinement.

The technical robustness of our approach is supported by key
design decisions and validated through comprehensive testing.
Our choice to leverage a PHI-secure institutional version of
GPT-4 addresses performance and privacy requirements, crucial
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considerations for clinical data management [5]. The system’s
integration within the UODB piggybacks off a validated
foundation for data structure and management [19]. Our
validation protocol included processing reports across various
batch sizes, achieving consistent performance and reliable
operation at scale. The ability of the UODBLLM to efficiently
process clinical documentation while maintaining high accuracy
suggests the potential for significant resource optimization in
research operations [6]. These efficiency gains could
dramatically accel erate research timelines and expand the scope
of feasible clinical studies.

Although this study did not re-assess extraction accuracy, this
was a deliberate design choice. The extraction framework
employed here has already undergone validation in prior work,
with element-level accuracies exceeding 95% across multiple
prostate MRI cohorts[17,21]. In contrast, our current objective
was to evaluate the system-level performance of a scalable,
generalizable implementation pipeline deployed within asecure
clinical environment. Notably, the architectureismodel-agnostic
and allows for future integration of various LLMs or prompt
schemas. This decoupling of model validation from pipeline
implementation facilitates adaptability while building on
established, validated components.

The limitations of our approach warrant careful consideration.
While UODBLLM performsrobustly for current use cases, the
accuracy of LLM-based data extraction still requires human
validation for critical data points, a challenge noted across
multiple studies[4,5,8]. The evolving nature of clinical research

Carlideet d

means that prompt engineering must continually adapt to new
data types and research questions. Additionaly, while our
pipeineisLLM-agnostic, our specific performance resultswere
achieved using aPHI-secure version of GPT-4, and performance
may vary with different models or implementations. Whilethis
implementation focused on prostate MRI reports, the
UODBLLM pipelinewasdesigned for broad applicability across
diverse clinical documents. This generalizability is enabled by
its modular, model-agnostic architecture and a flexible
prompting system where extraction templates are stored as
configurable components in the database. The design alows
the pipeline to be readily adapted for other unstructured texts,
such as pathol ogy results or operative notes, which aligns with
plans to expand its use to other urologic cancers.

Conclusions

Our study demonstrates the feasibility and effectiveness of
integrating LLM-based automation into UODB management.
Our system'’s perfect completion rate, rapid processing speed,
and cost-effective operation provides a robust framework for
modernizing clinical research datamanagement. Looking ahead,
weaimto develop protocolsfor using LLMsto validate existing
dataentries and expanding to renal and bladder cancer radiology
and pathology texts. The potential benefits of increased research
efficiency and data quality suggest that L L M-based approaches
will play an increasingly important role in clinical research
infrastructure [4]. These advances may ultimately accelerate
the pace of discovery in clinical oncology and serve asamodel
for other medical specialties.
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Multimedia Appendix 1

Example of the UODBLLM Data Extraction Workflow. (A) The original unstructured text from a sample magnetic resonance
imaging report. (B) The corresponding extensible markup language-structured prompt containing instructions and specific data
extraction queries sent to the large language model (LLM). (C) The structured JSON data returned by the LLM based on the
prompt and report.
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Abstract

Background: Non—small cell lung cancer (NSCLC) is one of the leading causes of cancer-related mortality. Programmed cell
death receptor-1 (PD-1) immunotherapy has shown resultsin the treatment of NSCL C; however, not all patients respond effectively
toit. Identifying predictive biomarkersfor PD-1 therapy responseiscritical toimproving patient outcomes and treatment strategies.
Traditional methods of biomarker discovery often fall short in terms of accuracy and comprehensiveness. Recent advancements
in deep learning provide a powerful approach to analyze complex genomic data to resolve thisissue.

Objective: This study aims to leverage deep neural networks (DNNSs) to identify genomic biomarkers predictive of patient
responses to PD-1 immunotherapy in NSCL C. DeeplmmunoGene isamodel designed using areduced feature set to identify the
most critical biomarkers. We use feature selection to reduce the space and apply deep learning to identify the highly predictive
gene subset.

Methods: Differentially expressed genes were identified in RNA-seq data from 355 patients with NSCLC using the LIMMA
package in R, followed by preprocessing with log2 transformation, removing outliers, and detecting easily identified genes.
Machine learning models, including support vector machines, extreme gradient boosting (XGBoost), and DNNs, were applied
to gene expression data to predict patient responses to immunotherapy. Key predictive genes were identified through model
interpretation techniques, and differences in model performance were assessed for statistical significance. Primarily, the metric
used identifies which genes serve as key biomarkers in regard to immunotherapy detection.

Results: Initialy, we identified 1093 differentially expressed genes from RNA-seq data of 355 patients. We then trained models
using SVM, XGBoost, and DNN to predict immunotherapy response. The DNN model outperformed both SVM and X GBoost
with an accuracy of 82%, an area under the curve of 90%, and recall of 85%. To identify key biomarkers, we performed a
permutation importance analysis, narrowing down the gene set to 98 genes. DeeplmmunoGene, trained on these 98 genes, showed
superior results, with an accuracy of 87% and an area under the curve of 95%. The top 36 upregulated genes in responders and
62 upregulated genes in nonresponders were identified, which could serve as potential biomarkers for predicting response to
PD-1inhibitors. Thesefindings suggest that DeeplmmunoGene can reliably forecast immunotherapy outcomesand aid in biomarker
discovery, supporting the development of more personalized treatment strategiesin NSCLC.

Conclusions: The DeeplmmunoGene predictive model identified 36 upregulated genes that may represent candidate genomic
biomarkers associated with response to PD-1 immunotherapy in patients with NSCLC. Notably, the 10 most significant genes
offer valuable insights into the underlying mechanisms of treatment responses. These biomarkers may not only aid in predicting
which patients are morelikely to respond to PD-1 immunotherapy but also offer insightsinto the molecul ar differences associated
with nonresponse.

(JMIR Bioinform Biotech 2026;7:€70553) doi:10.2196/70553

KEYWORDS

lung cancer; machine learning; deep neural network; DeeplmmunoGene; biomarkers, RNA-seq analysis; differential gene
expression; programmed cell death receptor-1; immunotherapy
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Introduction

Lung cancer isaleading cause of cancer-related deaths globally,
with approximately 238,340 new cases and 127,070 desths
annually in the United States [1,2] and 2.5 million new cases
and 1.8 million deaths worldwide [3]. Smoking accounts for
approximately 90% of lung cancer cases [4], whereas the
remaining cases in nonsmokers are due to other factors,
including environmental exposure to ashestos, arsenic, nickel,
pesticides, other toxic chemicals, and air pollution [5,6]. Lung
cancer is classified into 2 main groups: small cell lung cancer
(SCLC) and non—small cell lung cancer (NSCLC) [4]. SCLC
is a rare, fast-growing form of lung cancer that primarily
developsinindividualswith along history of tobacco smoking,
whereas NSCL C is more common, accounting for 85% of lung
cancer cases compared to 15% for SCLC [5]. Although tobacco
smoking is amajor risk factor for NSCLC, it can also develop
in nonsmokers. NSCLC is divided into 3 man types:
adenocarcinoma, squamous cell carcinoma, and large cell
carcinoma [5,6]. Among these, adenocarcinoma is the most
prevalent type, typically developing in the outer parts of the
lung and being more common in individuals aged <45 years
[5,6]. In contrast, squamous cell carcinoma originates from the
epithelial cells of the central airways and is strongly associated
with smoking [7,8].

Over the last 10 years, lung cancer treatment has undergone
significant changes, with advancements in understanding its
biology leading to the development of immunotherapy, which
has emerged as a promising therapeutic option [9,10].
Immunotherapy works by enhancing theimmune system through
the use of drugs that block inhibitory signaling pathways,
allowingit to better recognize and eliminate cancer cells[9,10].
Cancer can evade immunosurveillance by expressing ligands
for inhibitory checkpoint molecules, such as programmed cell
death receptor-1 (PD-1) and cytotoxic T-lymphocyte—associated
protein-4, which prevent T cellsfrom recognizing and destroying
cancer cells [11]. Thus, immune checkpoint inhibitors (1Cls)
have become an effective cancer therapy [12]. In recent years,
ICls have been used asthe first line of treatment for metastatic
NSCL C aswell as consolidation therapy after surgical removal
and chemotherapy [10]. PD-1 is a surface receptor found on T
cellsin lung cancer that acts as a negative regul ator of immune
responses [13-15]. Recent studies have shown that inhibiting
PD-1 or programmed cell death-ligand 1 (PD-L1) restores T
cell function, enabling the immune system to recognize and
destroy cancer cells, suggesting their potential as promising
therapeutic targets for NSCLC treatment [15-17]. However,
only a fraction of patients respond to this immunotherapy.
Therefore, we aimed to investigate genomic features that may
help distinguish responders from nonresponders to PD-1
inhibitorsand to gaininsight into potential underlying biological
differences. Furthermore, researchers have increasingly turned
to bioinformatics and machine learning (ML) techniques to
discover more precise biomarkers by anayzing large-scale
genomic and molecular data. Among ML techniques, deep
neural networks (DNNS) are particularly well suited for these
tasks due to their ability to process and analyze vast,
high-dimensional datasets. The use of ML in this research is
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indispensablefor tackling the complexity of RNA-seq dataand
addressing the limitations of traditional analytical methods.
Traditional statistical methods, such as ANOVA and t tests,
rely on assumptions such as a normal distribution of the data,
which is generadly violated in gene expression data
Furthermore, as sample sizes and feature dimensions expand,
these approaches a so face computational constraints. In contrast,
deep learning (DL) methods are particularly well suited to
capturing the complex patterns present in genomic data [18].
Such models enable the identification of high-impact
biomarkers, uncover nonlinear relationshipsin gene expression,
and generate robust predictions for patient responses to PD-1
immunotherapy.

Severa DL approaches have previously been proposed to predict
immunotherapy outcomes, including survival-focused models
such as DeepSurv and attention-based architectures designed
to capture complex transcriptomic interactions [19-23]. These
models demonstrate the growing interest in applying advanced
DL to immunogenomics. We build upon this foundation by
integrating interpretability into our approach. Furthermore, other
existing approaches typically rely heavily on imaging-based
methods, which can suffer from scanner or protocol
heterogeneity and spurious correlation, among others. This study
highlights the potential of ML techniques, particularly DNNS,
in advancing precision medicine for patients with NSCLC
undergoing PD-1 immunotherapy. We applied permutation
importance in conjunction with DeeplmmunoGene, which
identified 98 important genes from alarge RNA-seq dataset of
19,911 genes in the Gene Expression Omnibus (GEO)
Repository [24]. We trained the Deepl mmunoGene model on
these genes, which outperformed linear models, achieving an
accuracy of 87% and an area under the receiver operating
characteristic curve (AUC) of 95%. This model identified a set
of 36 upregulated genes in patients with NSCLC who are
responders, which may serve as potentia biomarkers for
predicting responses to PD-1 immunotherapy for this group.
Additionally, it identified another set of 62 upregulated genes
in patients with NSCLC who are nonresponders, which could
act as potential biomarkers for developing ICI therapy for this
subgroup. These findings not only offer a foundation for
improving patient stratification but also provide insights for
tailoring therapeutic strategies. Despite significant advancements
in treatment over the past decade, including the development
of immunotherapy as a promising strategy for NSCLC, the
prognosis for many patients remains poor [25,26]. Although
ICls targeting PD-1 and PD-L1 have shown potential as
immunotherapy for patientswith NSCLC, only asmall fraction
of patients respond to PD-1 inhibitors [24].

This underscores the need for more reliable biomarkers to
accurately identify patients who will benefit from PD-1
inhibitors. The core work tries to answer 2 research questions
(RQs) asfollows:

«  RQ1: How do ML models perform in predicting patient
response to PD-1 immunotherapy based on differentially
expressed genes (DEGs)?

« RQ2: What are the key biomarkers identified through
feature selection and DL that predict patient response to
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PD-1 immunotherapy, and how do they contribute to model
performance?

Methods

Overview

The study was carried out according to the workflow presented
in Figure 1. Thisworkflow delineates the steps, beginning with

Mubarak et a

the identification of significant DEGs from RNA-seq data [27]
using the LIMMA package and culminating in the application
of the DeeplmmunoGene framework to identify and validate
key genes associated with the response to PD-1 immunotherapy
in patients with NSCLC.

Figure 1. Workflow for identifying biomarkers and predicting programmed cell death receptor-1 immunotherapy response in non—small cell lung
cancer. DEG: differentially expressed gene; DNN: deep neural network; SVM: support vector machine; X GBoost: extreme gradient boosting.
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RNA-seq (GES 218989) DNN 1 DeeplmmunoGene |

Data Acquisition and Preprocessing

We used one RNA-Seq dataset (GSE218989) from the GEO
public database GEO Repository [24]. This dataset included
gene expression datafor 19,911 genes across 355 patients with
lung cancer who were treated with either PD-1 or PD-L1
inhibitors. It consisted of 187 nonrespondersand 168 responders.
Responsiveness was determined by Kang et a [24] using
Response Evaluation Criteriain Solid Tumors (RECIST; version
1.1) [28]. Progression-free survival [29] was measured from
the start of PD-1/PD-L 1 inhibitor therapy to either documented
disease progression or death from any cause. Overal survival
was measured from the start of PD-1/PD-L 1 inhibitor therapy
to death from any cause[24]. A responder istherefore classified
asapatient who showed improvement under the RECI ST criteria
or, in other words, a patient who experienced improvements
after the PD-1 immunotherapy was administered. At the same
time, a nonresponder is a patient who did not meet the criteria
showcased by aworsening or stable disease.

The raw gene expression count data were already normalized
in the transcripts per million (TPM) value for the 19,911
protein-coding genes. Wefirst identified the DEGs between the
responders and nonresponders using the LIMMA package [30]
in R (version 4.4.1; Bioconductor, USA). LIMMA was used to
createalinear function to model the entire dataset and to develop
correlations with response status as the main variable in the
design matrix. Empirical Bayes moderation was performed to
model and stabilize the gene-wise variances using a prior
marginal distribution of the data [30]. Genes with a
LIMMA-calculated P value less than .05 were considered
significantly differentially expressed and were selected for all
subsequent analyses and modeling. For model training and
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testing, the data were further processed by performing alog2
(TPM+1) transformation on each gene expression value to
stabilize the variance in gene expression.

ML Models

Overview

The application of ML is vita in this research due to the
complexity, scale, and dimensionality of RNA-seq data, aswell
as the intricate, nonlinear biological mechanisms underlying
immunotherapy response in patients with NSCLC [31].
Traditional statistical methods struggle with high-dimensional
datasets, such asthe 19,911-gene RNA-seq data used here, often
succumbing to the “curse of dimensionality” and failing to
capture subtle gene interactions. ML models such as support
vector machines (SVMs) [32], extreme gradient boosting
(XGBoost) [33], and DNN [34] overcome these challenges by
effectively handling high-dimensional inputs, modeling complex
nonlinear relationships, and identifying important gene features
through built-in feature selection techniques. This enables the
discovery of meaningful gene patterns that differentiate
responders from nonresponders while enhancing predictive
power and model generalizability.

Moreover, ML methods excel in managing noiseand variability
inherent in biological data, offering robust performance through
techniques such as regularization and early stopping [35,36].
Their scalability and automation allow for efficient analysis of
massive RNA-seq datasets, ensuring accuracy and rapid
processing, essential for clinical trandation. By integrating
advanced techniques for hyperparameter tuning, ML provides
a unified, systematic workflow that optimizes predictive
performance[37]. These capabilitiesfacilitate the identification
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of potential predictive biomarkers from gene expression data,
which may serve as afoundation for future precision medicine
efforts aimed at tailoring immunotherapy strategies in patients
with NSCLC. This study used severa ML models, including
SVM, XGBoost, and DNN [11]. Their predictive performance
was evaluated to identify the model that worked best. We built
the SVM model using the Python package Scikit-learn (sklearn);
for XGBoost, we used the X GBoost Python package [38]; and
for the DNN, we used the Keras and TensorFlow Python
packages[11]. The details about each ML approach are further
described below.

Table. Summary of model architectures hyperparameter settings.

Mubarak et a

Support Vector Machine

SVM isakernel-based binary classifier that separates key data
featureslinearly into 2 groupsin ahigh-dimensional space called
the feature space [38,39]. It searches for the optimal decision
boundary (hyperplane) to separate the features by maximizing
the margin between the hyperplane and the nearest training data.
SVM effectively extracts key but subtle patterns in a complex
dataset, alowing for low-error, high-precision sample
classification [40]. The model architecture's hyperparameter
settings are given in Table 1.

Model Key hyperparameters tuned

Final settings Optimization approach

sVM? C, kernel, gamma

X GBoost® p_esti mators, max_depth, learn-
ing_rate, sampling

DNN® batch_size, epochs, initializer, opti-

mizer, activation, dropout, layers,
nodes

C=0.1, kernel=linear, gamma=0.1 GridSearchCV (5-fold va)

n_estimators=300, max_depth=100, GridSearchCV (5-fold CV)
learning_rate=0.1, sampling=uni-

form

Input=256; hidden layers=[128, 100,
100]; activation=ELUS; optimiz-
er=Adam; dropout=0; epochs=100;
batch size=100

Multistage GridSearchCV

83VM: support vector machine.

BCV: cross-validation.

EX GBoost: extreme gradient boosting.
9DNN: deep neura network.

®ELU: exponential linear unit.

XGBoost

XGBoost is an ensemble learning algorithm that builds
gradient-boosted decision trees one by one and passes the
residuals of the previous tree to train the following model. It
uses the second partial derivative of the loss function and adds
an L1 and L2 regularization term to reduce overfitting [41].
Similar to SVM, we optimized the hyperparameters using
GridSearchCV to evaluate a combination of parameters. The
hyperparameter settings are given in Table 1.

Deep Neural Network

DNN isanonlinear model that combines neuronsthat simulate
the human brain to make predictions [41,42]. It consists of 3
layers: the input layer, hidden layers, and output layer, which
arelinked by weightsto allow the model to understand complex
patterns in the data. We used a DNN because they have been
previously applied for genomic-based predictions for diseases
[43]. Similar to the previous 2 models, we started with
hyperparameter optimization using GridSearchCV. Asthe DNN
has more parameters to tune, we split the Grid Search into 3
stages. (1) batch size and epoch; (2) weight initializer, optimizer,
and activation function; and (3) hidden layers, nodes per hidden
layer, and dropout optimization. The resulting network consisted
of an input layer with 256 nodes, 3 hidden layers with 128
nodes, 100 nodes, and 100 nodes, respectively, an exponential
linear unit activation function, Adam optimizer, zero dropout,
and normal initializer. The details are summarized in Table 1.
We applied the binary cross-entropy loss function as shown in
Equation 1 so that the model minimizes to learn the optimal
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weights for each gene to classify responder and nonresponder
patients.

(DLBCE=—1INYi=1Nyixlog (p(yi))+(1-yi)xlog (1-p(yi))
The model was trained for 100 epochs with a batch size of 100
based on the GridSearchCV results. After identifying these
optimal hyperparameters for the DNN, we used it to construct
the architecture for the Deepl mmunoGene network.

Permutation I mportance

To develop the DeeplmmunoGene framework, we used the
permutation importance method from scikit-learn to identify
the subset of genes that most significantly contributed to the
DNN’s prediction of patient outcomesto PD-1 immunotherapy
[11]. Basicdly, this technique improves model accuracy by
removing the “noisy” genes. First, we used the original DNN
trained on the 1093 gene expression datato establish abaseline
performance using the accuracy score. Then, we randomly
shuffled each gene's expression values across the 71 testing
patients one at atimeto disrupt any existing association between
that gene and the response classification. After shuffling agene,
the DNN was run again to recalculate the accuracy. If the
accuracy decreased after shuffling, that gene wasimportant for
predicting the response. Conversely, if the accuracy increased
or did not change after shuffling, that gene showed little to no
correlation with response prediction. Given the nonlinearity of
PD-1 immunotherapy genetics, a standard linear model, such
as least absolute shrinkage and selection operator or stepwise
regression, is unable to capture the noise in the genes. Feature
permutation ignores this weakness by using a direct DNN
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architecture to quantify the decrease in performance due to a
change in the feature. By exploring the performance of the
model directly, we remove the uncertainty of a linear model
and guarantee the importance of the features in the deployed
solution. To evaluate the stability of the features identified, we
ran the analysis 3 additional times, each with 50 iterations. We
then compared the resulting gene sets to quantify their overlap.
We a so trained and evaluated the model using each gene set to
determine the superior cohort for all subsegquent analyses.
Equation 2 was used to cal culate the importance score assigned
to each gene.

(2)Importance score=accuracybasdine-accuracypermutation
Training and Testing
We executed our code for the ML models in Google Colab
notebooks [44] using an NVIDIA T4 GPU [45] operating with
15 GB of RAM. For al models, 284 patients were used for
training, and 71 patients were used for testing. This provided
an 80/20 percentage split of the data. For the DNN, an additional
validation split of 10% was applied to the training data to
monitor model performanceduring training. Thisvalidation set
was extracted from the training data, leaving the test set of 71
patients unchanged. During the training of the DNN, an early
stopping method was used to monitor the validation loss after
each epoch to stop training if the model’s performance
diminished. The state of the model was saved after each epoch
so that it could revert to the optimal state for testing. This was
doneto mitigate any overfitting that might occur during training.
All ML models were executed 15 times.

Evaluation Metrics

To evaluate the models’ performance, we used accuracy, AUC
score, recall, specificity, precision, and F;-scores [46], which
are standard metrics used to assess classification performance.
These metrics can be found using the confusion matrix, a 2x2
matrix with the number of true positives, true negatives, false
positives, and false negatives that the model predicts, with the
equations listed below to calculate each metric.

(3)Accuracy=TP+TNTP+TN+FP+FN x [0,1]

(4)Recal=TPTP+FNx[10,1

(5)Specificity=TNTN+FPx0,1

(6)Precision=TPTP+FPx[0,1

(7)F1=2 xPrecision xRecall Precison+Recall x [J[0,1]
Accuracy (Equation 3) measuresthe overall correct predictions
out of al predictions made. Recall evaluatesthe model’s ability
to correctly identify PD-1 responders as positive out of all PD-1
responders, as shown in Equation 4. Specificity (Equation 5) is
the opposite; it measuresthe model’s ability to correctly identify
PD-1 nonresponders out of al nonresponders. Precision
(Equation 6) istheratio of al correctly identified positive PD-1
respondents to all the patients the model assigns as positive,
and the F;-score (Equation 7) is a harmonic mean of precision
and recall that penalizes extreme values [47]. AUC measures
the trade-off between specificity and recall [38,48].
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Bioinformatics and Statistical Analysis

All computations and analysesin this study were performed in
Google Colab notebooks using Python (version 3.10) and R
(version 4.4.1). Differentialy expressed genes were analyzed
with LIMMA in R [30]. Upregul ated genes were classified for
responders and nonresponders by calculating log fold changes
(LogFC). Accuracy, AUC, recdll, specificity, precision, F;-score,
true positives, true negatives, fal se positives, and fal se negatives
were calculated using sklearn Metrics. Statistical analyseswere
conducted using GraphPad Prism (version 5.01; GraphPad
Software). The Kruskal-Wallis nonparametric test, followed by
the Dunn post hoc multiple comparison test, was used to
compare predictive performance between the models. A P value
less than .05 was considered statistically significant.

The next section delves into the detailed analysis of the genes
identified through the DeeplmmunoGene framework and their
relevance in predicting immunotherapy response. It outlines
how the permutation importance method was used to isolate
key genes associated with positive or negative treatment
outcomes and discusses the biological significance of these
genesin the context of immune response modulationin NSCL C.
Additionally, the section provides an in-depth comparison of
the ML models' performance, highlighting the strengths and
limitations of each approach, and evaluates their potential
applications in clinical settings for improving patient
dtratification and personalized treatment strategies. By
integrating these findings, the study aims to contribute to our
understanding of molecular biomarkers that may inform future
efforts to optimize the use of PD-1 inhibitorsin cancer therapy.

External Validation

To externaly validate the biomarkers identified by
DeeplmmunoGene, we obtained a bulk RNA-seq dataset
(GSE207422) from the GEO public database. This dataset
included gene expression data for 58,387 genes across 24
patients with NSCLC who were treated with PD-1 inhibitors
combined with chemotherapy [49]. Patient responsiveness was
determined using RECI ST, where compl ete response and partial
response were considered responders, whereas stable disease
was considered a nonresponder. The cohort comprised 17
responders and 7 nonresponders. This external dataset was
processed using the aforementioned workflow applied to the
training dataset. The Mann-Whitney U test was used to
determine whether the difference in gene expression between
responders and nonresponders was statistically significant. We
generated violin plots of the top-ranked responder and
nonresponder biomarkers identified by DeeplmmunoGene to
assess Whether their expression patterns in the test set were
consistent with the model’s predictions using the ggplot2
package [50].

Ethical Considerations

This study used only publicly available or fully deidentified
secondary data; therefore, institutional review board approval
and informed consent were not required. No personal identifiers
were accessed, and privacy and confidentiality were strictly
maintai ned.
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Results

ML PredictsResponseto PD-11mmunotherapy (RQ1)
DEGs were identified using LIMMA power anaysis of bulk

Mubarak et &

RNA-seq data (GSE218989) from the GEO public database
GEO Repository. LIMMA identified 1093 important DEGs
fromatotal of 19,911 genesin patientswith lung cancer, where
522 genes were upregulated in responders, and 571 genes were
upregulated in nonresponders (P=.04), as shown in Figure 2.

Figure2. Identification and stratification of differentially expressed genes associated with programmed cell death receptor-1 immunotherapy response
in non—small cell lung cancer. Bulk RNA-seq datafrom 355 patients (GSE218989) were analyzed using LIMMA differential expression analysis (P=.04),
identifying 1093 differentially expressed genes. These genes were stratified by direction of differential expression into responder-upregulated (n=522)
and nonresponder-upregulated (n=571) gene sets, forming the initial feature space for downstream machine learning analyses. DEG: differentialy

expressed gene.
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Here, we trained SVM and XGBoost models using the 1093
identified DEGs to predict patient response to PD-1
immunotherapy. The performance of the modelswas evaluated
using several metrics, including accuracy, AUC, recal,
specificity, precision, and F4-score[46]. First, we applied SVM,
and our data showed that it achieved an accuracy of 68% and
an AUC score of 76% with recall, specificity, precision, and
F,-score values of 0.70, 0.65, 0.77, and 0.71, respectively
(Figure 3A, 3B and Table 1). Next, we used XGBoost to see if
its ensemble learning method could yield higher accuracy and
AUC scores. Our data showed that X GBoost performed slightly
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better than SVM, with an accuracy of 72%, an AUC score of
77%, arecall of 0.73, aspecificity of 0.71, aprecision of 0.76,
and an F;-score of 0.74 (Figure 3A, 3B and Table 2). The
suboptimal performance of these 2 models may be due to the
large dataset, suggesting that a more complex and nonlinear
approach, such asaDNN, isnecessary for accurately predicting
patient responses. We used SVM and XGBoost as baseline
classifiers commonly applied in gene expression studies to
provide context for the performance of our DNN. While these
models differ in complexity from DNNs, the comparison helps
demonstrate the added value of capturing nonlinear interactions
in gene expression data.
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Figure 3. Predictive performance comparison of support vector machine (SVM), extreme gradient boosting (XGBoost), and deep neural network
(DNN) models. (A) Accuracy scores and (B) receiver operating characteristic (ROC) curve analysis demonstrate that the DNN model outperformed
both SVM and XGBoost. The DNN achieved an accuracy of 82% and an area under the curve (AUC) of 90%, compared to 68% and 76% for SVM and
72% and 77% for XGBoost. These results highlight the advantage of deep learning for modeling complex, high-dimensional gene expression data.
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Table. Performance comparison of machine learning models for predicting response to programmed cell death receptor-1 immunotherapy.

Models Accuracy AUC2 Recall Specificity Precision F1-score
S\/Mb (1093 0.68 0.76 0.70 0.65 0.77 0.71
genes)

XGBOOHC (1093 0.72 0.77 0.73 0.71 0.76 0.74
genes)

DNN (1093 0.82° 0.90° 0.85° 0.78° 081 0.84°
genes)

SVM (98 genes)  0.65 0.75 0.65 0.65 0.70 0.68
XGBoost (98 0.77 0.81 0.80 0.74 0.80 0.80
genes)

DeeplmmunoGene g g7¢ 0.95° 0.87° 0.89° 0.93° 0.89°

(98 genes)

8AUC: area under the receiver operating characteristic curve.
bsvM: support vector machine.

EX GBoost: extreme gradient boosting.

9DNN: deep neura network.

A statistically significant difference from DeeplmmunoGene when compared to SVM or X GBoost.

DNN PredictsResponseto PD-1 I mmunother apy With
Higher Accuracy

Given that the RNA-seq data includes the expression of more
than 1000 genes, weimplemented aDNN to enhance predictive
accuracy. First, we set the DNN training for 100 epochs, but it
stopped at 45 epochs due to early stopping, and the model was
then reverted to the optimal state reached at 35 epochs (Figure
4). During the training process, both training and validation
accuracy and loss were monitored. We found that the accuracy
increased until it exhibited an asymptotic behavior (Figure 4A).
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Conversely, the training loss decreased steadily, while the
validation loss showed some fluctuations (Figure 4B). These
findings suggest that training the model for additional epochs
would not further improve its performance. Next, we tested the
predictive performance. Our data revealed that the DNN
achieved excellent predictive performance compared to both
SVM and XGBoost, achieving an accuracy of 82%, an AUC
score of 90%, arecall of 0.85, a specificity of 0.78, aprecision
of 0.81, and an F;-score of 0.84 (Figure 3A, 3B and Table 2).
Given the nature of the data, DNN can analyze multidimensional
geneticinformation more accurately than existing linear models.
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Thisis showcased with a21% accuracy improvement over more  to capture the intricacies of the data, it is important to use a
linear models, such as SVM, and a 14% improvement over model capable of supporting complex multidimensional
XGBoost in our experiments. Asaresult, we can showcasethat  relationships such asa DNN architecture.

Figure 4. Deep neura network training and validation performance. (A) Training and validation accuracy over epochs shows a steady increase until
convergence, with early stopping triggered at epoch 45 and the model reverting to optima weights from epoch 35. (B) Training loss decreased
continuously, whereas validation loss fluctuated dlightly before stabilizing, indicating that further training would not significantly improve model

performance.
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Key Biomarker Identification (RQ2)

We applied DeeplmmunoGene with scikit-learn permutation
importance to a set of 1093 genes. To mitigate variability in
feature importance estimates and to ensure the identification of
robust features, this procedure was repeated 3 additional times
with 50 iterations each. We then compared the gene sets
identified across all 4 total runs and observed a high degree of
overlap, with an average of 85.5% consistency among them.
The resulting analysis (Figure 5) identified a final set of 98
genes with nonzero importance scores and ranked them
according to their level of importance (Figure 6). Although
individual gene importance scores below 0.0025 may appear
low, the combined contribution of these genes accounts for
approximately 18% of the total model importance, indicating
they meaningfully improve the moddl’s predictive performance.
These 98 genes were subsequently used to train
DeeplmmunoGene. Testing this model revealed an accuracy of
0.87 and an AUC of 0.95, arecall of 0.87, aspecificity of 0.89,
a precision of 0.93, and an F;-score of 0.89, demonstrating
superior performance across all metrics. To vaidate the
necessity of aDL approach for our feature selection and to better
contextualize the significant performance improvement of
DeeplmmunoGene, we conducted a comparative analysis with
the traditional ML models. We trained and tested both SVM
and XGBoost on the same 98 genes identified via permutation
importance. The 98-gene SVM model attained an accuracy of
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65%, an AUC of 75%, a recall and specificity of 0.65, a
precision of 0.70, and an F;-score of 0.68. The 98-gene
XGBoost model achieved an accuracy of 77%, an AUC of 81%,
arecall of 0.80, a specificity of 0.74, a precision of 0.80, and
an Fj-score of 0.80 (Table 2). This indicates that
DeeplmmunoGene outperformed all other models in every
metric (Table 2). Genes with a LogFC greater than 0 were
considered upregulated in responders, whereas genes with a
LogFC less than O were considered upregulated in
nonresponders. We discovered that 36 genes were upregulated
in patients with NSCLC who responded to PD-1
immunotherapy, with the top 10 most significant being
GSTT2B, HMGA2, AC135050.2, ANKRD33B, MMP13,
PLA2G2D, RASGEF1A, BIRC7, DCAF4L2, and CHMP7
(Figure 7). These genes may serve as potential biomarkers for
predicting response to PD-1 immunotherapy. Additionally, we
identified 62 upregulated genes in nonresponder patients with
NSCLC, withthetop 10 most important being SPINK 1, FEZF1,
THBS4, BEST3, TESC, Ce6orf226, TSSK2, SFRP2,
C1GALT1CIL, and RARRESL (Figure 7).

The top 10 most significant upregulated genes were identified
for both responder and nonresponder patients with NSCLC
based on the DeeplmmunoGene model. In responders, genes
such as GSTT2B, HMGA2, and MMP13 were prominent,
whereas SPINK1, FEZF1, and THBS4 were among the top in
nonresponders. These genes may serve as potential predictive
biomarkers for PD-1 treatment outcomes.
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Figure 5. Workflow for identifying predictive biomarkers using Deepl mmunoGene. Schematic of the DeeplmmunoGene model pipeline. The 1093
differentially expressed genes were subjected to permutation importance analysis to extract the 98 most informative features, which were then used to
train the final model. This approach enabled identification of key genes associated with programmed cell death receptor-1 (PD-1) immunotherapy

response.
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Figure 7. DeeplmmunoGene-based stratification of predictive biomarkers associated with programmed cell death receptor-1 (PD-1) immunotherapy
response. Using permutation importance and deep neural network modeling, 98 high-importance genes were identified and stratified based on direction
of differential expression. Thirty-six genes were upregulated in responders and 62 in nonresponders. The top 10 genes in each group are shown as
candidate biomarkers for predicting PD-1 treatment outcomesin non—small cell lung cancer.

External Validation of Biomarkers | dentified by
Deepl mmunoGene

Here, we sought to determine whether DeeplmmunoGene's
predicted biomarkers showed consistent expression patternsin
an independent dataset. We generated violin plots comparing
log2 (TPM +1) gene expression between responders and
nonresponders. Of the top 10 nonresponder-upregulated
biomarkers identified by DeeplmmunoGene, 6 genes were
present in the independent dataset and analyzed. We found that
4 of these 6 genes (SPINK1, THBS4, TESC, and SFRP2)
showed a consistent trend of higher median expression in
nonresponders (Figure 8A). Of these, 3 genes (THBS4, TESC,

https://biocinform.jmir.org/2026/1/€70553
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and SFRP2) demonstrated statistically significantly higher
expression (P=.04) in nonresponders.

Of the top 10 responder-upregulated biomarkers identified, 6
genes were present in the independent dataset and analyzed.
We found that 4 of these 6 genes (HMGA2, ANKRD33B,
PLA2G2D, and RASGEF1A) showed higher median expression
in responders (Figure 8B). BIRC7 and MMP13 had similar
median expression in both groups; however, their violin plots
displayed extended upper tails, indicating that some patients
exhibited markedly higher expression levels. While these
patterns suggest differences in expression between responders
and nonresponders, statistical significance was not reached in
thisanalysis.
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Figure8. Vaidation of biomarkersidentified by DeeplmmunoGene. Violin plots showing differencesin the expression of (A) 6 nonresponder-upregul ated
biomarkers and (B) 6 responder-upregulated biomarkers. P values determined by Mann-Whitney U test. *P=.05, **P<.01.
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Discussion

Principal Findings

We aimed to identify DEGs associated with response to PD-1
immunotherapy in patientswith lung cancer using aDNN model
to explore the biological mechanisms underlying immunotherapy
response. Here, we developed DeeplmmunoGene, a
computational framework that uses an advanced neural network
with an integrated approach to predict patient responseto PD-1
immunotherapy with high accuracy. Our model identified 36
upregulated genes, including the top 10 (GSTT2B, HMGAZ2,
AC135050.2, ANKRD33B, MMP13, PLA2G2D, RASGEF1A,
BIRC7, DCAF4L 2, and CHMP?7), which were associated with
positive responses to PD-1 immunotherapy in patients with
NSCLC. However, apart from the 10 described, our model was
ableto find approximately 96 total critical genes. If wewereto
leverage only differential gene expression rather than
DeeplmmunoGene, more than 1000 genes would be present,
many of which are not significant biomarkers for identifying
responders. Asaresult, we deployed a permutation importance
feature selector to identify from the potential 1000 expressive
genesthe onesthat are critical in theidentification of the patient,
reducing the quantity of noisy biomarkersin the dataset. These
findings suggest that these genes could serve as the candidate
biomarkers for predicting patients who respond to PD-1
inhibitors. Some of these genes (HMGA2, MMP13, BIRC?,
and PLA2G2D) have been reported to be overexpressed in
various cancers, including lung adenocarcinoma, and are
associated with tumor progression and metastasis [51-54],
supporting their potentiadl as biomarkers for PD-1
immunotherapy. We can identify these genes by ranking based
on feature importance. We identify the most important genes,
given the decrease in performance once permutated. The 10
most critical genes show the greatest declinein model accuracy
oncethey are shifted. Furthermore, existing literature has shown
many of these genesto be capableidentifiers of immunotherapy.
Genes such as HMGA2 and MMP13 are currently in the
literature to identify ahigh likelihood of therapy success[55,56].
Our primary contribution lies not in introducing a novel DL
architecture, but in devel oping DeeplmmunoGene, aframework
that complements prior frameworks, integrating interpretability
and ML with the novelty to identify key genomic markers for
PD-1 immunotherapy response.

In addition to their differential expression patterns, several of
the top-ranked genes identified in our model have established
roles in cancer-related biological processes. HMGA?2 is a
well-characterized architectural transcription factor associated
with epithelial-mesenchymal transition and metastatic
progression [57]. MMP13 contributes to extracellular matrix
degradation and tumor invasion [55]. BIRC7 (also known as
Livin) has been implicated in the inhibition of apoptosis and
immune evasion mechanismsin solid tumors [58]. PLA2G2D
isknown for itsinvolvement in inflammatory signaling and has
been shown to modulate dendritic cell function and T-cell
recruitment in the tumor microenvironment [59]. These
functional insights, drawn from existing literature, suggest that
many of the identified genes may influence immunotherapy
response through diverse oncogenic and immune-related

https://biocinform.jmir.org/2026/1/€70553

Mubarak et a

pathways. Although aformal pathway enrichment analysiswas
not performed, the biological relevance of these genes supports
their potential as markers of therapeutic response.

Our analysis began with the application of the LIMMA method
to bulk RNA-seq data, whichidentified 1093 DEGsfrom atotal
of 19,911 genes in patients with lung cancer [24]. LIMMA is
a widely used tool for differential gene expression analysis,
facilitating the identification of genes linked to disease
pathogenesis, particularly in RNA-seq and microarray data[30].
We evaluated these 1093 genes using 3 different ML models,
including SVM, XGBoost, and DNN, to assesstheir predictive
performance. The SVM showed moderate performance in
classifying patient response with an accuracy of 0.68 and an
AUC of 0.76, suggesting that it was unable to effectively capture
the underlying correl ations between gene expression and patient
response. This may be due to the nonlinear nature of gene
expression data, which likely hindered the SVM model’s ability
to generalize its predictions across patients [11,60]. While
XGBoost outperformed SVM by a dlight margin (0.04 for
accuracy and 0.01 for AUC), there is no significant difference
between these models, indicating that neither model could
provide sufficiently robust predictions. These findings suggest
that the high dimensionality, small sample size, and categorical
imbalance of RNA-seq data pose significant challenges for
traditional ML approaches [61].

To addressthelimitations of traditional ML models, we applied
a DNN, a nonlinear model capable of capturing complex
relationshi pswithin large gene expression datasets by mimicking
the information-processing patterns of the human brain to
generate predictions[11,40,60]. Unliketraditional modelssuch
as SVM and XGBoost, the DNN consists of multiple layers of
neurons connected by weighted links, which allow the model
to learn intricate patterns within the data. DNNs have shown
strong performancein genomic predictionsfor various diseases
[43]. The DNN model using the 1093 DEGs significantly
outperformed both SVM and XGBoost. It exceeded SVM by
14% in both accuracy and AUC and outperformed X GBoost
by 10% in accuracy and 13% in AUC. This improved
performance of the DNN is attributed to its ability to capture
and learn from the high-dimensional, nonlinear interactions
inherent in gene expression data, which are challenging for
traditional linear models to predict accurately [61]. This
capability allowsthe DNN to generalize more effectively across
diverse patient data, leading to more accurate and robust
predi ctions than those made by more basic, linear computational
models.

To reduce the number of genes and enhance the reliability of
our model, we performed a permutation importance analysis
using the scikit-learn framework. This analysis was repeated 4
times, each with 50 iterations to ensure the identification of a
robust gene set to build DeeplmmunoGene on. This
subsequently reduced the set of 1093 genes to 98 genes based
on nonzero importance scores, which were correlated with the
response to PD-1 inhibitors and ranked according to their
importance [62]. The Deepl mmunoGene model wasthen trained
using this refined set of 98 genes. Compared to our previous
models, Deepl mmunoGene demonstrated superior performance
and robustness across all metrics (Table 2), indicating that the
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application of permutation importance effectively eliminated
irrelevant, noisy genes, allowing the model to focus exclusively
on the most relevant geneswithout interference during training,
such as overfitting. However, we also observed that specificity
was consistently slightly lower than recall across all models,
indicating that the models had more difficulty discerning
nonresponders. This suggests that nonresponders may not have
responded to immunotherapy due to external factors, such as
the tumor microenvironment, age, or gender [24]. The
comparative analysis with traditional ML models using the
98-gene subset found through permutation importance validates
the core framework of DeeplmmunoGene. Theresults highlight
a specific synergistic effect between our feature selection
method and the DNN, which is critical for achieving superior
predictive performance. Although reducing the feature set to
98 genesimproved computation efficiency no less, the fact that
SVM and XGBoost trained on this same reduced feature set
still failed to achieve comparable performance suggeststhat the
DNN is better suited to capture the complex, nonlinear
relationships and subtle gene-gene interactions underlying the
RNA-seq data. Ultimately, the strength of DeeplmmunoGene
lies in this integrative approach of first identifying the most
influential genes for accurate prediction and then leveraging a
sophisticated DL model to interpret their combined predictive
signal.

Further analysis revealed that 36 genes were upregulated
(LogFC>0) in patientswho responded to PD-1 immunotherapy,
whereas 62 geneswere upregul ated (LogFC<0) in nonresponders
[63]. These results suggest that Deepl mmunoGene could serve
as a robust ML-based tool for predicting immunotherapy
outcomes in patients with lung cancer. The identification of
these genes linked to responders and nonresponders not only
offers potential biomarkers for predicting immunotherapy
success but aso enhances our understanding of the molecular
mechanisms underlying the immune response in cancer. This
could help guide more personalized treatment strategies,
ultimately reducing unnecessary side effects and financial
burdensfor patients and health care systems, asimmunotherapy
is currently administered without prior knowledge of its
effectiveness or safety for each patient [24,26]. Recent studies
showed that only approximately 25% of patients show apositive
response to immunotherapy, as PD-1/PD-L 1 expression is not
asufficient biomarker to select patientswho arelikely to benefit
[25,26]. Therefore, in addition to PD-1/PD-L1 expressions,
these genes could be used as clinically actionable biomarkers
for predicting response to 1Cls with high accuracy.

Finaly, we externaly validated the predictive biomarkers
identified by DeeplmmunoGene using an independent bulk
RNA-seq dataset of patients with NSCLC treated with PD-1
inhibitors (GSE207422) [49]. Given the small size of the
external validation cohort (n=24) and the notable class
imbalance (17 responders vs 7 nonresponders), we anticipated
limited statistical power to detect meaningful differences (67).
Additionally, the dataset itself includes patients receiving PD-1
inhibitorsin combination with chemotherapy, which introduces
treatment heterogeneity that may cause much of the variations
observed in the expression patterns. Despite these limitations
inherent to the available data, our analysis found that 4 of 6
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nonresponder-upregulated genes showed higher median
expression in nonresponders, with 3 achieving statistically
significant differences in the predicted direction (P<.05).
Similarly, 4 of 6 responder-upregulated genes demonstrated
higher median expression in responders, although none reached
statistical significance. Thispartial agreement offersencouraging
evidence that the model-identified biomarkers capture
biologically meaningful expression trends even in an
independent, clinically redlistic cohort. While these results
should be interpreted cautioudly, given the small sample size,
class imbalance, and treatment variability, they support the
potential utility of these gene markers for predicting
immunotherapy response. Future validation in larger,
well-annotated cohortswith consistent PD-1 treatment protocols
is warranted to confirm their clinical relevance, fully validate
the model’s predictive classification performance, and further
refine the list of biomarkers.

To contextualize Degpl mmunoGene among existing approaches,
we compared our method to previously published biomarker
studies in NSCLC using PD-1 datasets. For example, Hwang
et a [64] devel oped immune gene signatures derived from small
patient cohorts with a limited number of features, which can
restrict the model’s ability to generalize to diverse patient
populations or capture variability in gene expression. In contrast,
Ravi et a [65] applied regression-based linear models that
assume compounding, independent effects of genes on treatment
response, which may fail to capture complex, nonlinear
gene-gene interactions. By leveraging a DNN architecture,
DeeplmmunoGene is designed to learn these nonlinear
dependencies across large-scal e gene expression data, enabling
more comprehensive and potentially generalizable biomarker
discovery for predicting immunotherapy response. Other
approaches, such asLeeet al [66], propose an ensemble method
incorporating different models for the classification from gene
expression profiles and additional information. This adds
informative features, which may not always be available; in
contrast, DeeplmmunoGene reduces the feature space of RNA
sequencing, helping isolate and detect features that are more
likely to carry correct information.

Conclusions

Our DeeplmmunoGene predictive model identified 36
upregulated genes in patients with NSCLC who responded to
PD-1 immunotherapy. Among these, the 10 most significant
genes(GSTT2B, HMGA2, AC135050.2, ANKRD33B, MMP13,
PLA2G2D, RASGEF1A, BIRC7, DCAF4L2, and CHMP?)
may serve as potential genomic biomarkersfor predicting which
patients with NSCLC are most likely to respond to PD-1
immunotherapy. Our external validation on an independent
cohort supported several of the model-identified biomarkers,
demonstrating partial agreement with DeeplmmunoGene's
predicted expression patterns despite the small sample sizeand
class imbalance. These findings offer a promising foundation
for future research aiming to improve patient stratification for
PD-1 immunotherapy. Further validation in larger,
well-annotated datasets and biological systems is needed to
confirm their correlation with PD-1 inhibitors, which could lead
to the development of more personalized and effective
immunotherapies for lung cancer. Although the
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DeeplmmunoGene model demonstrated promising predictive
performance, this study has severd limitations. Firgt, theanalysis
was conducted on arelatively small cohort of 355 patientswith
lung cancer. Second, we relied on a single publicly available
RNA-seq dataset, which limited our ability to perform external
validation. Third, key demographic and clinical variables, such
as cancer stage, NSCLC subtype, age, and sex, were not
available in the dataset. These factors are known to influence
both immune response and gene expression, and their absence
restricts the model’s robustness assessment across patient
subgroups. Asaresult, wewere unableto evaluate the potential
influence of demographic biases on model predictions. Future
work with more comprehensive and diverse datasetsis essential
to validate the model’s generalizability and to assess its
consistency across clinically relevant subpopulations. We plan
to conduct a follow-up study using external datasets when
available and collaborate with clinics to validate our findings
and further refine the list of biomarkers.

Mubarak et a

We al so acknowledge that more advanced DL models exist for
thistask. Futurework will involve evaluating DeeplmmunoGene
against state-of -the-art architectures, incorporating multimodal
data, and validating performance on larger and more diverse
cohorts. In this study, while DeeplmmunoGene demonstrated
strong performance metrics, future research should focus on
improving the model’s robustness through external validation
across diverse datasets, including those from different
geographical regions, patient demographics, and cancer stages.
Thiswould help assess how well the model generalizes beyond
the current cohort of 355 patients. Moreover, the bias-variance
tradeoff is crucial in this context. Our current model, which is
highly sophisticated (DNN), likely strikes a balance between
bias and variance, but there may still be room for improvement.
High bias could occur if the model isoverly smplified, missing
important patterns in the data, whereas high variance could
result from overfitting the model to the training data, leading
to poor performance on new, unseen data.
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Abstract

Background: Risk group stratification based on the prediction of survival of patients with acute myeloid leukemia (AML) is
complex. Despite common risk group categorization guidelines, the overall prognosis remains poor. Machine learning techniques
have been shown to provide more accurate risk group stratification than conventional approaches using trial data. However, many
time-to-event (TTE) models do not use training sets constrained to specific time windows, instead using aggregations of trial
data

Objective: This study aimed to evaluate the performance of (1) random survival forest (RSF) and (2) Cox proportional hazard
regression with elastic net regularization (CoxNet) for survival prediction of patients with AML within a censoring window
trained with available datarecorded at discrete time points during the United Kingdom National Cancer Research Institute Acute
Myeloid Leukaemia 17 randomized controlled trial (AML17).

Methods: For each stageinthe AML17 trial, separate model s were trained for each exhaustive k-choice combination of available
AML 17 data subsets. Data combinations for each model were further constrained according to the respective trial stage to avoid
dataleakage. Preliminary Pearson correlation methods were used to remove directly correlating features with the TTE prediction
(time-to-death/5-y censoring point). Repeated k-fold stratified cross-validation was used on each dataset ablation to find candidate
models. Permutation importance and elastic net regularization were used to monitor stability across validation folds and reduce
the feature set of the highest performing stage RSF and Cox proportional hazard regression models, respectively. Finally, selected
ablated models were re-evaluated using the nested, k-fold, stratified sampling cross-validation method with bootstrapping.

Results. Concordance index ranked the best models for data constricted up to the end of induction (RSF=0.68, CoxNet=0.67),
stages 1 (RSF=0.69, CoxNet=0.68), 2 (RSF=0.68, CoxNet=0.66), and 3 (RSF=0.69, CoxNet=0.63) of thetrial.

Conclusions: Thisstudy detailsthe high prediction accuracy for time-to-survival-event predictionswhen training sets of CoxNet
and RSF models, which are sequentially constricted to data measured up to the end of respective AML17 trial stages. The
performance of these sequential TTE models is intended to justify their use as part of a wider digital twin system simulating
multiple TTE outcomes for patients with AML.

(JMIR Bioinform Biotech 2026;7:€75678) doi:10.2196/75678

KEYWORDS

acute myeloid leukaemia; AML17; time-to-event; survival prediction; digital twin; random survival forest; cox proportional
hazard regression; elastic net

Introduction

Cancer is an enigmatic issue with its pervasiveness seemingly
as wide as the depth of its biological origins. As a group of
diseases, cancer is highly variable in form, with roughly 200
types according to the National Cancer Ingtitute [1]. One such

https://bioinform.jmir.org/2026/1/e75678

type of cancer, acute myeloid leukemia (AML), occurs from
genetic abnormalities in precursory cells responsible for
differentiating into mature platel ets, white blood cells, and red
blood cells. Genetically, AML ishighly stratified, with multiple
potential mutation points in the lineage of precursory cells
responsible for mature blood cell types, such as within the
earliest hematopoietic progenitor cell stage, or by mutation of
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immature intermediate blast cells[2]. Ultimately, AML causes
uncontrolled proliferation of immature or nonfunctional blood
cells, leading to systemic immune dysfunction and organ
complications. AML is often subcategorized into primary (or
denovo) AML and secondary AML; secondary AML isfurther
subdivided into therapy-related AML or acute myeloid leukemia
derived from antecedent hematological disorders, such as
myelodysplastic syndrome [3]. Multiple genetic and
environmental factors contribute to the cause and progression
of AML, such as trisomy 21 (Down syndrome) [4], Fanconi
anemia[5], Nucleophosmin 1 (NPM1) [6], or FMS-like (Feline
McDonough Sarcoma [7]) tyrosine kinase 3 (FLT3) [8§]
mutations. External factors associated with AML include
prolonged exposure to benzene [9], history of smoking [10], or
cancer therapy—induced AML [11]. This heterogeneous nature
of AML attributes to its difficulty to precisely diagnose and
treat effectively [12].

Deriving accurate survival predictions of patientswith AML is
an important foundational step in establishing risk groups upon
which accurate treatment methods can be produced. Resultingly,
thereisagreat emphasis on risk group stratification of patients
with AML as a precursory step for optimized resource
alocations and identification of biomarkers contributing to
trestment response, as seen in the European LeukemiaNet (ELN)
project [13] or the World Health Organization (WHO) risk
grading of AML [14]. Within recent years, the availability of
genomic data through next-generation sequencing (NGS) [15]
techni ques combined with randomized controlled trial datasets,
such as*“the United Kingdom National Cancer Research I nstitute
Acute Myeloid Leukaemia 17 (AML17) trial” [16-18], offers
awealth of information to make inferences on the disease and
improved treatments. Indeed, 5-year overall survival rates for
AML have improved, from 13% in 1970 to 55% (P<.001) in
2010 for patients younger than the age of 60 years at the MD
Anderson Cancer Center hospital and from 8% in 1970 to 17%
for those older than 60 years [19]. The Surveillance,
Epidemiology, and End Results program based in the United
States estimates the 5-year overall survival rate of patientswith
AML to be 31.9% based on survival data between 2014 and
2020, and estimates 20,800 new cases of the disease, congtituting
approximately 1% of new cancer cases in the United Statesin
2024, with 11,220 AML-related deaths [20].

Despiteimprovementsin outcome, it isapparent that traditional
hierarchical approachesfor risk grouping are not ableto capture
the full complexity involved in dtratification of AML [21],
shown by the still dismal net survival rate of 13.6%, 5 years
after diagnosisin England [22]. With the sheer quantity of data
now available from NGS and randomized controlled trial
databases, alternative machine learning (ML) techniques used
within oncology [23] have been shown to capture complex
features stratifying patients with AML [24,25]. The United
Kingdom National Cancer Research Institute (UK-NCRI)
AML17 trial contains detailed records of clinical, longitudinal
minimal residual disease (MRD) reports and genetic sequence
mutation profiles of approximately 3142 patients with AML
younger than 60 years between 2007 and 2014. Such a large,
time-based dataset offers an ideal training set for ML models
to capture complex risk stratification of the disease. Theoriginal
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AML17 protocol used standard statistical methods, such asthe
log-rank test for time-to-event (TTE) outcomes (survival for all
randomizations), Mantel-Haenszel tests for dichotomous
outcomes, and Wil coxon rank-sum and t testsfor resource usage
data. It has more recently been shown that data from AML17
can be used for highly accurate ML risk group stratification
based on survival prediction. Tazi et a [26] applied several ML
models trained on demographic, diagnostic, and genetic
variablesfrom several UK-NCRI AML trias, including AML17.
By fitting models to predict overall survival via TTE of patient
death up to censoring points, patients could be stratified by
predicted survival risk measurements and separated into distinct
groups based on delineating features. When compared with the
ELN guideline, this new framework restratified 1 in 4 patients,
with significantly improved prognostic accuracy. Another study
using the following AML18 trial [27] used a random survival
forest (RSF) model to update risk group stratification categories
based on overall survival using age, sex, white blood cell count,
gene mutations, and cytogenetic abnormalities of patients.
Subsequently, numerous patients were restratified from risk
groups in the standard 2022 ELN guideline, which could be
used to retrospectively identify more optimal treatment paths
[28].

Several ML models are specifically designed or adapted for
TTE outcome prediction using right-censored data [29,30] as
seen in AML trial datasets.

One such ML model, an adaptation of the random forest
algorithm [31], RSF [32], as previously mentioned, has been
used for time-dependent survival predictions, which excludes
the proportional hazards assumption of statistical Cox
proportional hazard regression (CPHR) models. CPHR is a
statistical model commonly used across multiple scientific
domains, including cancer research [33] for TTE predictions.
In the case of AML, where multiple interacting and
time-dependent biomarkers affect survival outcome [12],
collinear features can negatively impact prediction accuracy
when the independent features and proportional hazards
assumptions of CPHR models are violated [34]. In such cases,
the standard CPHR model can be adapted using regularization
techniques such as the “Elastic Net” method (also known as
“CoxNet” [Cox proportional hazard regression with elastic net
regularization]) [35].

Performance between the 2 models varies depending on the
datasets and implementation. Several instances in literature
show that RSF prediction is comparable with or even
outperforms CPHR models [36-38]. However, the converse is
also referenced [39-41], suggesting that the application of these
models is highly dependent on initial training datasets,
preprocessing, model building methodologies, and the overall
complexity of the predicted outcome. Pickett et al [42] conclude
that RSF performs best when leveraging its nonlinear nature
with multiple, longitudinal data points, many of which have
unknown levels of significance.

None of the ML-based studies reviewed involved static and
longitudinal training setsthat were constricted according to trial
time frames and sequentially exposed to more data, instead
using an aggregation of data. This study seeks to investigate
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the predictive performance of individual TTE models, beginning
with 5-year survival status, which are sequentially exposed only
to data available up to the conclusion of major time pointsin
the AML17 trial. RSF and CPHR with Elastic Net have been
chosen as TTE predictive models given their previous
application in this context. A pipeline involving necessary data
preprocessing, feature selection, and hyperparameter tuning
used to build each will be detailed. Finally, after evaluation
using the primary concordance index (c-index) metric alongside
additional dynamic area under the receiver operating
characteristic curve (also known as dynamic AUC) and Brier
loss scores, the optimal models for survival prediction at select
trial stages will be selected for future analysis. Future studies
will analyze select model feature importance and significance
with respect to state-of-the-art literature on AML risk
stratification. The generalized pipeline will also serve as a
template that can be adapted for additional TTE predictions
other than death status. In the wider context of a“digital twin”
[43] system, this multiple time-constrained model approach
could provide accurate simulations of awide variety of patient
outcomes, not solely focused on risk stratification but also
patient quality of life (QoL) and optimized care for additional
comorbidities during treatment.

Methods

AML17 Trial Data

Data are sourced from the AML17 [17] drug trial for patients
younger than 60 years, which includes 3142 clinical records.
Patient clinical recordsare combined with MRD (n=2587), NGS
mutation profiles (n=3579), and a separate collection of NPM1
[6] and FLT3 specific mutation profiles (n=3142) [44]. A
pseudonymization process converted patient trial 1Ds into
dummy IDs before data access, ensuring compliance with
participant privacy and data protection regulations. Access to
the pseudonymized dataset was stored on the Cardiff University
Research Data Store [45] with access restricted to authorized
researchers. Clinical records contain measures at induction,
including previous blood disorders, height, weight, the
French-American-British 8-category AML classification [46],
WHO and Eastern Cooperative Oncology Group performance
status [47], cytogenetic, karyotype, ethnic background, and
more. Metadata references to al used data are available in
Multimedia Appendices 1-4.

After early diagnostic and comorbidity measurements during
theinduction stage, the proceeding 4 stages contain longitudinal
records on periodic treatment, response, toxicity, and supportive
care. The MRD subset includes quantitative polymerase chain
reaction on peripheral blood and bone marrow samples, and
multiparameter flow cytometry using the leukemia-associated
immunophenotype and “different from normal” techniques.
MRD measurementsare longitudinal; thetrial protocol involved
readings at the end of each mgjor trial stage investigated in this
study. AML17 collected FLT3 and NPM1 mutation profiles
with automated flow cytometry and manual bone marrow and
peripheral blood cytology measurements at days 2 - 3 from
patient induction to the trial.
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Ethical Consider ations

Access to data from the UK-NCRI AML17 clinical trial was
provided by the Cardiff University Centre for Trials Research
[48], which curates and governsthe trial database.

All data were pseudonymized before being released to the
research team. No direct patient identifierswereincluded in the
dataset. All analyses were conducted on secure Cardiff
University computing infrastructure. Ethical approval for the
use of these data was granted by the Cardiff University School
of Computer Science and Informatics Research Ethics
Committee on  February 28, 2025 (approva
COM S/Ethics/2024/014). The research used secondary analysis
of previously collected clinical trial data and did not involve
direct contact with participants. Participants in the original
AML17 trial provided written informed consent for their data
to be used for research purposes. No compensation was provided
to participants for this study, asit involved secondary analysis
of previously collected trial data.

Data Cleaning

Overview

Paper Case Report Formsrecorded datathroughout the AML 17
trial. An initial screening process of longitudinal data found
value errorsin the exported dataset, predominantly within date
fields. The following sections detail the conditions for sample
exclusions based on erroneous record entries.

Erroneous Record Removals

Most detectable erroneous values are date records, leading to
the exclusion of 85 patient records with date values written
outside of the trial time bounds between 2007 and 2014
(excluding annual follow-up datesthat proceed after the official
trial end date, ie, July 31, 2014) or with nonsequential or
otherwise nonchronological trial stage entry times, likely due
to data entry errors or outstanding queries with sites at trial
closure. The exclusion of nonsequential course start dates
removed 19 patient records from the study. After al initial
exclusions, 3057 AML patients remained eligible for model
training.

Feature Removals Before Feature Selection

The pseudonymized dummy ID was dropped before model
training to avoid spurious correlation from potential protocol
batch induction bias. Other exclusionsinclude nonstandardized
clinician notes, making them highly varied text fields, which
are not immediately processable by RSF and CPHR models.
Traditional preprocessing methodologies, such as dummy
encoding, would introduce many Boolean representations of
these features, most of which, given their variability, would
have occurrences recorded seldomly, increasing data sparsity
and potentially increasing model risk of overfitting [49].
Consequently, categorical or continuous features from these
columns cannot beimmediately cataloged. Information held in
these fields is of potential clinical and ML model importance.
However, additional preprocessing techniques are needed to
scrape the potentially multiple continuous and categorical
features existing in a single record. Data capture would also
need to handle the detection of differently written versions of
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the same category (eg, syntactic, spelling, or grammatical
variations). Datamining using ML techniques, such asthe usage
of natural language processors [50], may be explored for text
classification of these fields in future studies. A breakdown of
such excluded featuresis available in Multimedia Appendix 5.

Preprocessing

Overview

Clinical, NGS, FLT-3, and MRD statusrecordsinitially existed
as separate pseudonymized comma-separated values (csv) files
exported from the original AML17 tria database within the
Cardiff University Centre for Trials Research. Each file was
merged using the pseudonymized “DummyID” of each patient
to produce unique patient records of all exported csv data. The
training set was initialized using the Python “Pandas’ [51]
library “ DataFrame” object [51], storing merged patient records.
The data type was specified for each column and
programmatically converted individual records that violate the
expectation, if possible; otherwise, the patient record was
dropped. This ensured that each feature vector is readable to
the applied CoxNet and RSF models. The following sections
define the data preparation steps necessary for model training.

Feature Set Data Representations

The AML 17 dataset contains 2 general datatypes—continuous
and categorical. Continuous features were scaled using Sci-Kit
Learn’s “StandardScaler” function [52], which computes a
standard score of each sample based on its variance from the
mean of the feature vector. The standardized continuous Unix
Epochtimeisused to represent all instances of datefields. Unix
Epoch time denotes the total nonleap seconds elapsed since
00:00:00 UTC on January 1, 1970 [53]. While scaling is not a
requirement for tree-based ensemble models, such as RSF,
whoseresultsareinsensitive to the transformation [54], applying
it to continuous variables avoids scenarios where features that
are orders of magnitude higher than others influence the
objective function disproportionately within CPHR models.
This also standardizes data representations for training sets of
both models. Dummy encoding is used to convert categorical
features into discrete Boolean features for each level, whichis
readable to the CPHR model.

Given that the AML17 dataset includes many categorical
features, dummy encoding drastically increasesthetotal number
of features fed into both models, increasing the potential
complexity of themodel and potentially introducing overfitting.
Feature reduction techniques are used to attenuate this. For RSF,
the permutation importance [55] technique is used to quantify
feature importance. This involves randomly shuffling feature
values aset number of times and measuring the effect on model
performance each time through the c-index evaluation.
Degradation of performance when changing these values
indicatesthe RSF'srelative reliance on aparticul ar feature. The
combination of 2 regularization methods, known as elastic net,
was used to reduce the CPHR feature set. This combines ¢1and
{2 regularization methods [35], simultaneously handling issues
of collinearity within the dataset as well as feature reduction.
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TTE Predictor Variable

CoxNet, RSF, and similar models used for time-based
prediction, such as support vector machinesfor survival [56,57],
use a target variable known as the “time-to-event” (TTE)
variable, formalized by Equation 1 :

(Dy=min(t,c)={tif 6=1,cif 6=0
where 0 is a Boolean value representing event occurrence (in
thisinstance, patient death), t being the time range from patient

trial induction to the event, and c being the time range from
patient trial induction to the censoring threshold.

Equation 1 is modified to shift the censoring window of patient
recordsto 5 years from induction, formalized as Equation 2:

(2)y={tifd=100t<c,cotherwise

This accounts for instances of patients who have died on either
side of a5-year censoring window, athreshold seen infollow-up
analysisof AML17[58]. A 5-year cutoff point provided amore
even distribution of noncensored patients than lower thresholds
for TTE prediction models. Clinical variables define the TTE
variable as atuple: (6,(t|c)), with inclusion of t or ¢ depending
on the censoring status of the event as described in equation 2.
Both the ablation and final model tuning methods stratify each
fold to ensure that the distributions of TTE indicators are
approximately equally distributed with respect to the entire
cohort to avoid nonrepresentative sampling issues.

Trial-Stage Sensitive Ablation Study

To determine what broad groups of initial training datasetswere
most important for each model, we conducted an ablation study
that selected possible combinations of NGS, FLT3 and NPM 1,
clinical, and MRD data subsets. C-index evaluations of tuned
and validated models ranked the combination relative
importance. Permutation importance [55] and nonzero
coefficient values determined individual featureimportance for
RSF and CoxNet models, respectively. Multiple RSF and
CoxNet models predicted the TTE target after being trained on
subsets of patients surviving up to the end of each AML17
course stage, that is, induction, C1, C2, and C3. We trained
models at each stage on varying degrees of information based
on precomputed data subset combinations. The datapulled from
clinical and MRD subsetswere constrained such that each model
only had access to features recorded up to the end of their
respective course stage to avoid potential data leakage and
provide predictions using data measurements only available up
to specific trial time points. We define the set of training data
combinations as all possible K-choice, non-order-specific,
nonrepeating items at each tria stage, formalized as:

(3)3 c=155 k=133!(3-K)!k!=35

where ¢ representsthe current trial stage (induction, C1, ..., and
C3), and k the number of selected data sources.

The protocol recorded FLT3, NPM1, and a broader collection
of NGS mutation panel measurements for patients 2 - 3 days
after their randomized induction to the trial; therefore, not
necessitating further constriction, asall-time points are set after
recording of these data.
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Direct Pearson linear correlations to death status determined
the exclusion of features from all data combinations. Likewise,
we excluded categorical features with options that inferred
patient death status. Excluded features are detailed in
Multimedia Appendices 1-3. In total, with 4 time point stages
(induction, C1, C2, and C3), the total k-choice combinations
across each stage equaled 35 training sets. These trained a
combined total of 70 CoxNet and RSF models.

Model Building

Overview

The model building processis divided into four major phases,
that are (1) preprocessing; (2) ablation study; (3) fina
evaluation, based on the highest performing candidate ablations
for RSF and CoxNet models at each trial stage; and (4) a
baseline risk model comparison, which compares RSF and
CoxNet c-indices against astandard Cox model used withinthe
trial protocol to stratify patients post stage 1.

Preprocessing Phase

The following defines the overall steps involved in the
preprocessing pipeline on datathat are made consi stent between
both of the following phases. Cleaning methods detailed in
earlier sections have been excluded for simplicity (refer to Data
Cleaning section). The preprocessing pipelineis called and fit
to data only available within the scope of the fold used within
cross-validation (CV) of the ablation study and final model
evaluation phases.

1. Drop all features with total missing entries >95%.

2. Create missing indicator features for each feature with at
least 1 occurrence of amissing value.

3. Flatten the NGS data subset of gene mutation entries,
dummy encode, and merge with the rest of the combined
dataset (clinical, MRD, FLT3, and NPM1 subsets).
Encoding is based only on available samples within the
fold to avoid potential leakage of nonfold sample gene
mutation entries.

4. Dummy encode karyotype features, labeling rare entries
(n<5) to a “rare_class’ category to avoid dimensionality
explosions.

5. Dummy encode all other standard categorical features.

6. Preserve the ordinality of the identified ordinal record by
keeping them as individua features, using predefined
integer mappings from the protocol. Missing features are
labeled with the sentinel value —999 consistently outside
of al ordinal ranges.

7. Scale identified numerical features by removing the mean
and scaling to unit variance (using Sci-Kit Learn’'s
StandardScaler)

Ablation Study Phase

The goal of this phase is to act as a sensitivity analysis of the
major data sources available from the AML17 trial. By using
every possible combination of these data sources (refer to
equation 3), the most influential data can be determined using
the average c-index performance. This, inturn, actsasafeature
reduction step and ensures selected ablations for downstream
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analysisare using features of importance relative to the specific
model and respective trial stage.

Thefollowing steps define the preliminary ablation study phase.
For each ablation at each trial stage, the cohort applies repeated
(n=3), stratified, 5-fold CV using a consistent random state seed
for reproduction.

1. Feature preprocessing phase pipelinefit to the training set
and transformed on the train and validation set within the
fold scope.

2. Train abaseline RSF model on the fold's training set.

3. Apply permutation importance on the baseline model (using
150 ensembl e estimators and a consistent randomized state
seed), recording feature stability per repeated fold.

4.  Measure the c-index and inverse probability of censoring
weights (IPCW) c-index of the baseline ablation RSF model .

5. For the samefold repetition, train abaseline CoxNet model
and record feature stability using model coefficient values.

Final Evaluation Phase

The following steps define the final model-building and
evaluation phase:

1. At each stage, select a CoxNet and RSF ablation model
with the highest recorded average c-index across all
repeated CV folds from the ablation study.

2. For each selected model, using their respective ablated
dataset and trial cohort, use nested k-fold, stratified CV,
with sample shuffling and the same randomization seed
used consistently across all experiments.

a The outer loop is reserved for unbiased performance
estimation across 10 folds of the training set.

b.  Theinner loop is reserved for hyperparameter tuning
across 3 folds. Validation samples are never included
in model training in their respective loop, ensuring
strict separation between training and validation data
to avoid bias or overfitting. Grid search spaces for
hyperparameter tuning of the models are:

i. RSF ‘n_estimators = [500, 750, 1000, 1250,
1500]

ii.  RSF: ‘max_features =['sgrt, ‘log2,’ 0.33, 0.5]

iii. RSF: ‘max_features =[3, 5, 10, 15]

iv. CoxNet: ‘11 ratio’ = [0.01, 0.25, 0.5, 0.75, 0.8,
0.85, 0.9, 0.95, 0.99, 1.0]

c. Record fold's bootstrapped performance estimates
across 250 bootstrapped samples (250 samples chosen
as a compromise between sample variance for Cl
precision and processing time constraints with the
already expensive nested CV operations). Metrics
include c-index, IPCW c-index, dynamic AUC, and
dynamic Brier loss.

Asfold event times vary across bootstraps, dynamic AUC and
Brier loss metrics for fold bootstrap samples are interpolated
to the nearest predefined “ universal” time pointsfor consistency
between selected samples across the validation process.
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Baseline Risk Model Comparison Phase

For comparison with the Cox linear regression model used in
the AML17 tria protocol for risk assessment used on the cohort
ending their first stage of treatment, an additional non-nested
grid search CV assessment on a 90%:10% train-test split with
1000 bootstrapped samples was conducted. We recorded
dynamic AUC, Brier loss, IPCW c-index, and c-index scores
of both models at this stage. The purpose of this analysisisto
suggest improved c-index performance of the respective CoxNet
and RSF stage models against the protocolsmodel. Therationale
for using larger sample sizesfor this assessment wasto provide
amore readlistic indication of the model’s performance relative
to the protocol’s model when trained with a sample size closer
to real-world cases. Asthetest set is smaller and overlaps with
hyperparameter tuning, this assessment isinherently optimistic.
Therefore, it remains that the nested CV results with
bootstrapped Clsillustrated in the Final Evaluation Phase section
remain asthe primary, more sensitive, and pessimistic evaluation
of generalized model performance.

Model Evaluations

Overview

The c-index evaluated model performance from a held-out test
set not used in previoustraining. The standard (Harrel) c-index
used for survival model evaluation is dependent on the
distribution of the censored events. Therefore, to avoid potential
bias, we recorded an alternative adapted form of c-index based
on the IPCW. However, likely due to the inner handling of
censoring by the models, differences in IPCW c-index and
standard c-index were none, or at most minuscule, so standard
c-index remained the primary performance metric for model
assessments. Both standard and IPCW adapted c-index results
for al fina models have been included for transparency.
Secondary performance metrics involved:
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1. Dynamic AUC[59] assessed predictive performances across
patients selected at discrete time points from the end of the
model’srespectivetrial stageto the 5-year censoring point.

2. Atime-dependent Brier |0ss score, measuring mean square
difference between predicted and real TTESat iterativetime
points, indicated the models' calibration.

Cumulative-Dynamic AUC

This performance metric assesses the model’s ability to
discriminate between patients who experience an event before
a specific time period (t), and those who experience an event
after [59]. AUC ranges from 0 to 1 inclusively, with higher
values indicating better discrimination between patient events
before and after t.

Dynamic Brier Loss Score

This performance metric assesses how well a model is
calibrated, evaluating how closely model predictions match the
real labeled TTE variable of a patient at time point t, typically
referred to asthe “ground truth.” Thisis done by evaluating the
difference in mean square predicted event times and the ground
truth TTE at t. Brier loss at t is measured between O, for models
with perfect accuracy, and 1, for perfect inaccuracy. The
integrated Brier loss score can also be measured to evaluate
overal model calibration throughout the 5-year period since
patient induction.

Pipeline Summary

A diagrammatic summary of the model training pipeline, briefly
describing the 4-phase process detailed before, is presented in
Figure 1. Descriptions of CoxNet and RSF are detailed in
Multimedia Appendix 6 and Multimedia Appendix 7. Codefor
relevant experiments is available in Multimedia Appendix 8.
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Figure 1. Summary of the 4-phase pipeline process for survival time-to-event prediction model building at the AML17 trial stages. AML17: United
Kingdom National Cancer Research Institute Acute Myeloid Leukaemia 17 randomized controlled trial; AUC: area under the receiver operating
characteristic curve; c-index: concordance index; CoxNet: Cox proportional hazard regression with elastic net regularization; CV: cross-validation;

FLT3: Feline McDonough sarcoma-Like Tyrosinekinase 3; MRD: minimal residual disease; NGS: next-generation sequencing; NPM 1: Nucleophosmin
1; RSF: random survival forest.
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Results

Overview

Results are composed of, first, event (patient death within
censoring window) status and timing distributions are measured,
describing the spread of target events across cohorts and time
for RSF and CoxNet models. Second, a Kaplan-Meier survival
curve is shown for each cohort, including the full AML17
cohort, after cleaning for erroneous TTE indicators described
in the Data Cleaning section. These curves provide a visua
summary of the baseline survival patterns between cohorts,
which the stage-specific survival models are tasked with
capturing. Third, feature missingness correlationsare visualized
using heatmaps for data sources across AML17 cohorts,

Brady et a

highlighting potential missingness mechanismsand motivating
the usage of missing indicator variables for models. Fourth,
Table 1 reportsfeature set sizes before and after reduction steps
for RSF and CoxNet models, showing how reduction methods
remove redundant features, focusing on the most informative
and stable predictors quantitatively selected during phase 3 of
the methodology. Fifth, c-index, dynamic AUC, and dynamic
Brier quantify ranking accuracy, time-dependent discrimination,
and overall predictive accuracy for each stage, providing asuite
of metrics for crossreference with similar work and
reproducibility. Finally, feature importance is visualized using
Venn diagrams of overlapping top-ranked features between
stage-specific RSF and CoxNet models, and vertical bar charts
illustrate the relative importance of the top 30 highest-ranking
predictors in each model.

Table. Feature set reductions for each RSF? and CoxNet® model at their corresponding trial stage.

Trial stage Feature reduction (n before, n after, n after encoding)
Post induction « RSF:78,70,392
o  CoxNet: 56, 45, 205
Post-C1 . RSF: 156, 126, 479
. CoxNet: 115, 85, 225
Post-C2 . RSF: 228,173,596
o  CoxNet: 228, 168, 463
Post-C3 « RSF: 290, 142, 478

o  CoxNet: 211, 174, 452

3RSF: random survival forest.

bCoxNet: Cox proportional hazard regression with elastic net regularization.

Target Class Distributions

TTE (event=death status) of both modelsisthe predictor variable
of both models. Class imbalances influence the overal
performances of a model [60]. There were no mgjor class
distribution imbalances for each of the 5 trial stages used for
model training. No training sets had minority class percentages
<41% and the average minority class percentage was
approximately 44% (induction=42.8%, C1=46.9%, C2=48.9%,
C3=41.3%, C4=42.9%). In literature, there is no definitive
threshold at which imbalances are considered severe enough to
affect the performance of ML models. A rule of thumb is that
an imbalance is considered “moderate” when minority classes
are 1% - 20% of the dataset [61]. Since this was not the case,
the use of over- or undersampling techniques or synthetic data
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generation techniques such as the Synthetic Minority
Oversampling Technique [62] was deemed not necessary.

Event Time Distributions

Analysis of event time distributions in Figure 2 shows a
disproportionate number of right-censored events for patient
sets used for each of the 5 selected trial stages. This initially
justified the usage of a c-index based on IPCW, which is
specifically adapted for this situation [63] rather than the
standard c-index, which is dependent on TTE distributions.
However, it was found that differences between c-index and
adapted IPCW c-index readings of CoxNet and RSF models
were identical for stage models (eg, postinduction stage mean
¢-index=0.6760, mean IPCW c-index=0.6760). Full performance
metric results across all stage ablation models are included in
Multimedia Appendix 9.
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Figure 2. Distribution of time-to-event target variables in each of the four trial stages with censoring 5 years from patient induction. The distribution
isirregular for all stageswith the final histogram bin of induction, C1, C2, and C3 stages (C4 was excluded from further experiments because of small
sample size concerns [n=177]).
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distinguishable baseline survival patterns that vary between
AML 17 stage cohorts, which each model is tasked to predict.
Kaplan-Meier survival curves for each patient cohort for  Forvisual clarity, the posttreatment stage 4 cohort was excluded
modeling show distinct survival patterns between trial stage from Figure 3, asit overlaps across many cohorts. Notethat the
cohorts, excluding the full cohort upon tria entry and the posttreatment stage 4 was excluded from further modeling due
postinduction stage, as it began within 1 - 3 days accordingto  to small sample size concerns (n=177).

the AML17 protocol. This gives an indication of the

Cohort Kaplan-Meier Survival Curves
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Figure 3. Kaplan-Meier survival curves for each cohort used by random survival forest and Cox proportional hazard regression with elastic net
regularization models after data cleaning. The full AML17 cohort (post data cleaning) is also shown (blue). Shaded regions represent upper and lower
Cls, solid lines (made dashed orange for postinduction for readability) represent average survival probability at the time point. Vertical dashed lines
show trial stage cohort earliest start times since induction, with exact values shown in the legend.
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Data Missingness

Datamissingness, nonexistent trial records, per trial stage cohort,
and full AML17 cohort (post—data cleaning record exclusions)
have been visualized using heatmaps for missingness correlation
between features and frequency missingness plots for overall
record missingness. Given the volume of total features, each
figure has been further divided by data subset (eg, Clinical or
NGS). Thefollowing matrix shows the missingness correlation
between all clinical variables across the whole AML 17 cohort
used in this study. This provides justification for the usage of
the missingness indicator features supplied as additional
predictors for each model, which can be used to assess the
informativeness of missingness and additional follow-up
analysis. All additional figures have been included in
Multimedia Appendix 10.

Acrossthe entire AML 17 cohort, the clinical subset has strong
missingness correlations, suggesting a possible missing not at
random mechanism for clinical data recorded at specific trial
stages, indicated by the dark blue blocks of longitudinal features
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recorded at each trial stagein Figure 4. Thisisexpected for any
patients failing to proceed to a stage due to death or exclusion
criteria.

When restricted to individual stage cohorts, the missingness
correlation of clinical data shows a less pronounced block of
strong positive relations, as this stage excludes patients who
died beforehand (and thus have missing records) or who were
otherwise no longer eligible based on tria protocols.
Correlations that remain often are clinically explainable, for
instance, records for comorbidity timings, such as those
indicating nausea durations  (“NausesstartCl” and
“NauseastopC1"), are obviously both missing if the patient did
not have such a symptom. However, to avoid possible
assumptions, such variables, even if frequently missing across
entire cohorts, were investigated for informativeness to model
survival predictions by including an additional missing indicator
variable for each; informativeness was then identified through
stable feature importance analysis of final modelsillustrated in
the Feature Importances section.
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Figure 4. Missingness correlation per feature across the full AML17 cohort for the clinical data subset.

Missingness by variable (with >5% missingness) for clinical dataset across entire AML17 cohort
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Final Optimized Trial Stage M odel M easurements

The highest performing models selected via c-index and feature
stability selection defined in phase 3 (refer to Final Evaluation
Phase in Methods section) were retrained for hyperparameter
tuning under nested CV and re-evaluated according to c-index.
Key dtatistics, such as training sample size, the ablation
components, and feature set pre- and postreduction, are
measured. Feature reduction was model-specific. RSF pruned
features with average rel ative permutation importance. Nonzero
feature coefficients determined by elastic net regularization
remained in the CPHR model. Tables 1 and 2 show feature
reductions, best performing data source ablations, training
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sample sizes, and average c-index with 95% Cls of each
stage-specific model. Raw JSON metric files can be found in
Multimedia Appendix 11.

RSF shows higher c-index readings across all stages. However,
CoxNet had smaller Clsacross al stages, suggesting it may be
more generalizable, which requires further analysis using an
external dataset. Given that the bootstrapping across each nested
fold was set to 150, which was used as a compromise between
precision and computational runtimes, it may be the case that
a higher number of sample iterations could yield more precise
and potentially smaller intervals in both models. All recorded
eva uation metrics for final models trained with nested CV are
available in Multimedia Appendix 11.
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Table . The highest-performing ablation components, training set sample sizes, and respective c-indices for each model after average performance
from the ablation analysis phase. Subscripts below longitudinal ablation components indicate the cohort data subset is additionally constrained to only

recorded prior to the respective stage.

Trial stage Ablation components Training sample size Model average c-index (95% CI)
Postinduction . RSF> Cllnlca“ MRDib, NGSC, 2989 . RSF: 0.68 (062 - 074)
d o « CoxNet: 0.67 (0.62 - 0.72)
FLT3", and NPM1
*  CoxNet": Clinicalj, FLT3, and
NPM1
Post-C1 « RSF: Clinicacy, MRD¢y, 2609 « RSF:0.69(0.63 - 0.76)
FLT3, and NPM1 « CoxNet: 0.68 (0.62 - 0.74)
o  CoxNet: Clinicalcy, FLT3, and
NPM1
Post-C2 « RSF: Clinicalcp, MRDeo, 1917 « RSF:0.68(0.61 - 0.74)
FLT3, and NPM1 . CoxNet: 0.66 (0.58 - 0.74)
. CoxNet: CliniCa|c2, MRDco,
FLT3, and NPM1
Post-C3 « RSF: Clinicalcz, MRDc3, 761 « RSF: 0.69(0.56 - 0.81)

FLT3, and NPM1
CoxNet: Clinicalcz, FLT3, and
NPM1

CoxNet: 0.63 (0.49 - 0.77)

8RSF: random survival forest.

PMRD: minimal residual disease.

°NGS: next-generation sequencing.

4FLT3: FelineM cDonough sarcoma-Like Tyrosine kinase 3.

®NPM1: Nucleophosmin 1.

fCoxNet: Cox proportional hazard regression with elastic net regularization.

Evaluation of the AML 17 Protocol M odel

Using the full posttrial stage C1 cohort, the AML17 trial
protocol risk assessment Cox linear regression model was
compared with the RSF and CoxNet models at the same stage
using a 0.9:0.1 train-test split and 1000 bootstrapped samples
by c-index.

These results show the potential performance gain between trial
risk-based models, such as the one used in AML17 for patient
treatment stratification, and the RSF and CoxNet models used
within this study. The reader is reminded that this specific
protocol comparative analysis was exploratory and excluded a
nested CV process, unlike those used to produce results
highlighted in Table 2. The larger training sample set used for
these specific models, while suggesting nonpessimistic
performance with more realistic training set sizes, is at risk of
overfitting against an external dataset and should beinterpreted
with caution. It should also be noted that Clsbetween all models
overlap. Futurework will include obtaining additional trial data
from subsequent AML18 and AML19 trials as an externa
validation source.

Dynamic AUC

Dynamic AUC was computed for each stage-specific model
(RSF and CoxNet) from the beginning of the stageto the 5-year
censoring point. Dynamic AUC quantifies a model’s
discriminative ability at a given point in time t, representing
how well the mode distinguishes between patients who

https://bioinform.jmir.org/2026/1/e75678

experience an event before t and those who remain event-free
beyond t. AUC scores are bounded between values O and 1
inclusively, with higher valuesindicating better discrimination.
A value of 0.5 corresponds to random chance, where a model
cannot distinguish between patients. Values below 0.5 indicate
amodel makes predictionsin the opposite ordering, effectively
inverting therisk estimate. Note that an AUC of O indicates that
the model perfectly ranks patients in the reverse order of risk;
in such cases, inverting predicted risk scores would yield an
AUC of 1, corresponding to perfect discrimination.

Following the ablation study, candidate models were evaluated
by their mean c-index across all repeated, stratified folds of the
CV process. At each trial stage, the highest performing RSF
and CoxNet model swere selected for afinal, more robust nested
CV with additional bootstrapping per fold for performance
estimates. As observed, event time points differ across
bootstrapping samples, auniversal set of equally intervaled time
points was first predefined. Each fold bootstrap sample AUC
measurement was then interpolated to its nearest universal time
point.

AUC shows an initial period of instability immediately after
the stage's baseline. This behavior was expected—early time
pointswill have asmaller cumulative observed event count than
theremaining time window of thetrial stage. Additionally, risk
distributions shift rapidly in these early time windows as patients
transition into new treatments based on the existing protocol
risk assessment and randomized all ocation. Astime progresses,
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all models tend to a more stabilized AUC score, shown by the
plateau of the mean AUC and narrowing of Cls.

Later stages, (particularly poststage 3) exhibit visibly wider Cls
and flatter trajectories. This reflects the considerably lower
samplesizes of thisstage (“Post-C3” n=761, Table 2) and higher
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censoring proportions (Figure 2) at this deeper tria stage.
Consequently, this limits statistical power and increases
uncertainty in time-dependent discrimination estimates.
Therefore, dynamic AUC curves at poststage 3 (Figures 5G and
5H) should be interpreted with greater caution.
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Figure5. Dynamic AUC performance of each stage-specific model plotting average dynamic AUC performance as a dark blue line and 95% CI asthe
light blue shaded region. AUC: area under the receiver operating characteristic curve.
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Dynamic Brier Loss

Dynamic Brier loss was computed for each stage-specific RSF

score measures the mean square difference between the predicted
survival probability at t and the observed event status. Score

and CoxNet model selected via the ablation study to evaluate
prediction accuracy over time. At each time point t, the Brier
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represents a perfectly accurate model and 1 a completely
inaccurate model.

To enable consistent comparison across CV fold bootstrapped
samples, dynamic Brier loss curves were evaluated over the
same set of predefined, equally intervaled time points used for
the dynamic AUC assessment.

Across all stages, dynamic Brier loss scores begin with very
low loss values and narrow ClIs. This behavior is expected—a
smaller proportion of events has been observed at these baseline
windows, most patients remain event-free, resulting in highly
accurate short-term predictions at low variance. As time
progresses throughout each stage model, the Brier loss score
increases and the Cls widen. This reflects both the increasing
difficulty of long-term survival prediction and the gradual
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decrease of the at-risk population contributing to the estimate
(as the number of patients experiencing an event before t
increases, decreasing the remaining subset of at-risk patients
available from t).

Similarly, to dynamic AUC results, later stages (particularly
poststage 3) show visibly wider Cls. This pattern arises from
the reduced sample size available within the cohort (761
patients; Table 2) and higher censoring proportions (Figure 2),
which limit the precision of time-dependent accuracy estimates
and increase variance at later t evaluation points. Therefore,
poststage 3 (Figure 6G and 6H) should be interpreted with
caution.

Full resolution dynamic Brier lossand AUC plots are available
in Multimedia Appendix 11.
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Figure 6. Dynamic Brier loss of each stage-specific model plotting average Brier'sloss as adark blueline and 95% Cl as the light blue shaded region
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Feature Importances
The following figures show the feature importance of the
best-performing tuned models at each select stage of the trial.
Importance was ranked according to rel ative importance scores
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caculated from permutation importance for RSF and by
coefficient values from CoxNet. For postinduction, post-C1,
post-C2, and post-C3 models, RSF's feature selection method
included more features in the final model. Given the small
differencein c-index and dynamic AUC performance between
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RSF and CoxNet during trial stage predictions, it is unlikely
that the increased feature pool holds strong predictive
candidates, suggesting that the increased RSF feature
dimensionality from the feature selection process could pose a
risk to overfitting and lack of generalizability.

Feature importance for each trial stage model has been ranked
to highlight the strongest predictors. For figure readability
below, only thetop 30 highest-ranked features are included; the
total number of features for al stage models exceeds this
number, as illustrated in Table 1. While the principal goa of
this study concerns the performance of time-sequential TTE
prediction models through the trial, future works investigating
and explaining generalizations of these models are necessary.
Therefore, as a precursory step for future work, we have
highlighted the most important features of the best models for
each stage in Figure 7. Features that consistently mapped over
all or the majority of (often excluding the early postinduction
stage as longitudinal records did not exist at this time point)
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trial stage models include known AML prognosticators—age,
white blood cell count, marrow blast values, cytogenetic risk
groups (such asthe core-binding factor t(8;21)/inv(16)), NPM1,
and FLT3 markers[13,64,65]. There are also several consistently
important predictors unreferenced as biological risk factors.
Missing indicators (eg, blast marrow, FLT3 mutation type, and
internal tandem duplication length value entries) suggest
predictive informativeness of missing measurements, which
may reflect selection bias, measurement practicesfrom clinical
sites, or the severity of a patient’s condition. Other predictors
include administrative timing fields, such as marrow blast test
dates or chemotherapy timings, which, while not strictly
biological risk factors, suggest the importance of treatment
timing or intensity. It is possible that more precise dosage levels
and treatment timings could be recommended from such a
system on aper-patient basis. Predictors measured asimportant
but not referenced within the literature most likely reflect
measurement practice bias or even dataleakage, not necessarily
causal disease biology, and warrant further analysis.
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[

Figure 7. Top 30 ranked relative feature importance of trial stage specific models.
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throughout all major stages of the trial, with differences in
performance becoming more apparent throughout successive
trial stages. This suggests the optima simulation of TTE
outcome prediction would incorporate RSF or additional

Discussion

Principal Findings
The primary performance metric, c-index, of the best models
for each tria stage shows that RSF outperforms CoxNet
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nonlinear model types that can capture nonlinear, complex
relationships.

Brier loss of stage models appears similar in mean square error
trendsfor all stage models except at stage 3, likely dueto having
the smallest sample size for training. In the instance of stage 3,
the difference in accuracy is larger between RSF and its lower
accuracy counterpart, CoxNet. However, it must be noted that
the sample size for training of this model isthe lowest, asfina
trial arm branches become increasingly fractional, using 761
samples. Therefore, overfitting is increasingly more likely at
this stage, and conclusions made for the outperforming model
should be made with caution.

Cumulative AUC shows that both models tend to perform
similarly throughout time, being most unstable at the initial
stages of the model’s available prediction window before
censoring (which spans from the end of the respective stage to
the 5-year censoring point since patient induction). Notable
inflection points occur at similar early time frame windows,
which eventually plateau into a stabl e time-dependent prediction.
The degree of change during the initial window of each stage
model before stabilization appears more drastic for both models,
showing instances of under- and overperformance relative to
their mean AUC score. Thisindicates that theinitial periods of
all trial stage models are the most sensitive zones in terms of
predictive performance. While it cannot necessarily be
concluded that the large performance differences before plateaus
are solely aresult of inadequate sample sizes, there are naturally
fewer total event instances in the earliest sample periods with
respect to the aggregate of events throughout the entire 5-year
window. With low event counts at the earliest AUC time points,
variability may be higher, resulting in an overestimate of
performance as seen across dynamic AUC plots of all stage
models. This would explain the noticeable fluctuations before
stabilization of the mean AUC value for each stage model. This
initial window would also be the most dynamic point in time
with respect to patient treatment selection, where the tria
protocol outline determined the treatment stratification of
patientsinto one of multiple arms and so was highly influential
on overall survival. Thisinitial unstable period approximately
coincides with the worst-case trial length for patients from
induction to the end of stage 4, roughly 230 days [16]. Aside
from effective sample sizes, it seems intuitive that the most
sensitive prediction period of models trained on longitudinal
datawould betheinitial timewindow after their measurements,
as they more accurately reflect the real state of the patient, in
the sense that there has been less time for longitudina
measurements to differ from their latest recorded value.

The ablation study stresses the importance of data held in the
clinical dataset as well as FLT3 and NPM1 and longitudinal
MRD records (metadata available in Multimedia Appendices
1-3), which were used for all the highest-ranked RSF models
for each stage. The differences in ablated data sources will
provide contextual pointersfor future analysis of model features
with traditional techniques (such as survival curves) or ML
techniques (such as clustering), prioritizing features ranked most
important by their respective model (Figure 1). Surprisingly,
the NGS subset was only included in the postinduction stage
RSF model, indicating that the strongest mutational markers

https://bioinform.jmir.org/2026/1/e75678
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came from the FLT3 and NPM1 dataset and karyotype
information held intheclinical dataset, both of which remained
consistently important across al stage CoxNet and RSF models,
asseenin Table 2. NGS mutational biomarkersremained sparse
per cohort and most likely effectively acted as noise to both
models. This suggests further sensitivity analysis with awider
range of available features via composite NGS feature
engineering. The preprocessing of NGS data in these
experiments only used available gene mutation indicators to
avoid catastrophic explosions in feature set dimensionality by
the creation of composite variables. Some excluded features
include tumor variant allele frequency and gene mutation base
start and end | ocations, which are candidates for future analysis.
A list of all available NGS features can be found in Multimedia
Appendices 1-3.

Performance analysis of models constrained to data available
up to trial stages approximately equates to performances in
literature for a Cox proportional hazard model used for risk
group stratification based on aggregate non-time point
constrained data[26]. In the wider context of digital twins[43],
theresultsin performancein this study, particularly at the earlier
stage time points, suggest that it is possible to provide accurate
simulationson survival risk based on modelstrained at iterative
stages of treatment. A digital twin would simulate multiple
AML patient outcomes that are relevant to patient well-being;
this invites further study on other time-based outcome
predictions using the generalized method of this study, such as
for QoL or comorbidity prediction.

Approaching adigital twin system with a core prediction layer
using ML models should have access to longitudinal datawith
a temporal resolution, optimal for AML-based predictions.
Given longitudinal records, such as MRD, were used by the
highest performing stage models (excluding the initial
postinduction stage), future work should also involve sensitivity
analyses on model prediction accuracy using more frequent,
intrastage measurement. Thisis a practically challenging area
of research as trial-based data, such as AML17, even with
longitudinal records, is often restricted to stage-wise updates
which last several weeks or more depending on chemotherapy
regimen. Such a system also demands an automated, digitalized
data collection scheme, which isnot the normintrial protocols,
where many records are paper-based. Currently existing ML
models trained on stage-wise model, such as those shown in
these experiments, indicate the promising practicality of their
usage in clinical environments when used as the core
stratification method within a digital twin system. However,
the surrounding architecture necessary to feed models with
accurate patient data with high temporal resolution is lacking.
The total man-hours to preprocess trial-specific records and
validate models with comparable features across trial or
real-world data sources for such a system would greatly
compromiseitsapplicability, unless astandardized data capture
process which records data in an ML model—friendly manner
(eg, with improved error handling — particularly for critical
date-time entries, mandatory classification levels instead of
clinician written note fields, stricter numerical field unit
standardizations, a higher volume of QoL records, and higher
resolution of longitudinal record entries) is developed for
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patients with AML. While RSF can model complex nonlinear
relationships, they do not explicitly account for sequential
dependencies; when higher resolution longitudinal data are
available, researchers should evaluate the performance and
feasibility of ML modelsdesigned to exploit temporal structures,
such as recurrent or long short-term memory neural networks.

In the context of an AML digital twin, the presented RSF and
CoxNet models here would act as the core prediction layer,
updating patient-specific risk estimates whenever new
measurements become available. AsAML data are collected at
discrete protocol-defined intervals (per trial treatment stages),
this framework does not make use of real-time streamed data
(which typically do not exist in trial-based datasets) but instead
“real-time upon update” recal culation of risk as new clinical or
MRD entries are recorded for a patient. Generalizability across
clinica sites would be supported by a standardized
preprocessing pipeline like what has been developed in this
study. The monitoring of feature distribution drift (eg, via
Population Stability Index) would allow for precise trigger
points for model retraining when necessary. The planned
external validation of RSF and CoxNet models as core digital
twin predictive layers on AML18 and 19 datasets will further
quantify cross-site robustness.

Run Times

Model training and validation were computed on the Cardiff
University “Hawk” high-performance computing cluster. Jobs
were submitted via Simple Linux Utility for Resource
Management, using 1 node, 1 task, and 14 CPU cores with the
high-throughput partition. Processing time measurements show
that RSF is much more intensive to validate than CoxNet,
primarily due to the time complexity of the exhaustive feature
importance method used—permutation importance. For
example, when comparing runtimes of the largest cohort and
ablation set—postinduction stage, with ablation components
(clinical, MRD, NGS, FLT3, and NPM1)—averaged acrossthe
3repeated, k=5 split CV loop, RSFtook on average 147 seconds
per fold, while CoxNet on average took 1 second. This
difference is made more apparent after the more robust internal
nested CV process, where the same RSF and CoxNet models
and ablationstook 7.9 hoursand 1.4 hours, respectively, for the
entire validation process across al folds. A caveat arises,
particularly with the usage of the RSF model in clinical
applications with large sample sizes; while predictions from
trained models are near instantaneous, the full training and

Table. C-indices for each model trained on alarger cohort sample size of d
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validation times of such models may be costly for critical
patients relying on fast treatment delivery. In practice, it may
be necessary to use CoxNet (or asimilar “fast” baseline model)
for predictions and counterfactual simulations as a preliminary
tool while more sensitive, albeit slower models, such as RSF,
are trained. With respect to identifying when models should be
retrained, a quantifiable approach to determine the threshold
should be calculated. For example, the Population Stability
Index can be used to measure if thereis a significant drift in a
feature between the reference (trained) sample set and the new
dataset. This would minimize redundancy and processing
congtraints in retraining by otherwise using an arbitrary
threshold for determining when amaodel should beretrained, in
turn minimizing potential performance or generalizability loss.

Comparisons With Previous Work

Using a Cox proportional hazards model with ridge regression,
Tazi et al [26] recorded an IPCW c-index of approximately 0.7
with acombined total of 26 clinical, demographic, FLT3 (ITD),
and other molecular class features aggregated from UK-NCRI,
such as AML11, 12, 14, 15, 16, and 17 trids. Models
constrained to data at each trial stage in this study have
comparable IPCW c-index scores of around 0.69 using RSF.
The number of features retained in this study after model
reduction processes is variable per stage, highlighting the
significance of specific features at select time points for TTE
predictions. Many features consistently shared across stagesare
noted in existing ELN risk classification, and those not
referenced indicate the potential importance of timing and
informativeness from both administrative and testing fields.
The total number of retained features is higher for each stage
model than in the study by Tazi et a [26], which used 26
features, as opposed to over 160 features across all RSF stage
models. Future analysis will involve all features used at each
stage in comparison with existing literature and guidelines for
risk stratification, in addition to external validation to assess
model generalizability.

RSF and CoxNet models outperform the AML17 protocol’s
Cox model for risk stratification based on c-index (“ Evaluation
of AML17 Protocol Model” in Table 3, showing c-index
readings of AML17 Protocol Cox Linear Regression=0.66,
CoxNet=0.68, and RSF=0.70), suggesting both implementations
can more accurately predict TTE. However, Cls overlap,
suggesting larger datasets may be necessary to conclude an
absolute improvement in generalized performance.

ata available from post stage.

Model

C-index (95% CI)

AML 172 Protocol Cox Linear Regression
CoxNet”

RSF¢

0.66 (0.63 - 0.68)
0.68 (0.63 - 0.73)

0.70 (0.64 - 0.76)

SAML17: United Kingdom National Cancer Research Institute Acute Myeloid Leukaemia 17 randomized controlled trial.

BCoxNet: Cox proportional hazard regression with elastic net regularization.
®RSF: random survival forest.
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Limitations

Since the completion of the AML17 trial, substantial progress
has been made in patient therapy options through the
identification of prognostic, predictive, and targetable molecular
abnormalities [19]. While the analysis of models used in this
study provides insight into survival prediction performance
using longitudinally restricted data, future work would benefit
from the inclusion of more recent trial datasets using newly
approved first-line treatment options, such as Midostaurin and
CPX-351. Additionally, AML17 patient-reported outcomes,
including QoL, were excluded from model training due to
concerns on overall sample size within trial stage time points.
The future inclusion of datasets with larger pools of
patient-reported outcomes data is of particular interest for the
prediction of additional outcome responses that may reflect on
the social and psychological health of patientsat different stages
of disease treatment and progression. Further research into
additional outcome predictions can be integrated as part of a
generalized AML digital twin that can inform patients and
provide accurate recommendations to health care practitioners,
particularly where survival risk between treatmentsis marginal,
but there are clear differencesin secondary predictions, such as
patients’ QoL.

Brady et a

Conclusion

This study shows the practicality of time-to-survival-event
predictions when training sets of CoxNet and RSF models,
which are sequentially constricted to data measured up to the
end of respective AML17 tria stages. The performance of these
sequential TTE models is intended to justify their use as part
of awider digital twin system simulating multiple TTE outcomes
for patients with AML. The primary c-index metric shows
comparable scoresto the literature that uses similar models on
aggregate sets of similar trial data. Consistent and stable
important features relative to each stage-specific model are
supported by ELN literature on AML classification, and
additional nonreferenced predictors suggest the importance of
stage-specific administrative and timing fields. Additional
cumulative-dynamic AUC and Brier loss metrics have been
provided. The most immediate future work includes feature
analysis of the best models at each stage, further comparison
with existing risk group stratification guidelines such as ELN,
external validation with follow-up AML18 and 19 tria
programs, the implementation of aminimally adapted pipeline
for different outcome measurements, and theinclusion of patient
self-assessed QoL form records aongside a broader collection
of longitudinal MRD data, which have been recorded after trial
treatment stages as detailed in the AML17 protocol and
follow-up AML18 and 19 trials.
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Abstract

Artificial intelligence (Al)—generated content on glucagon-like peptide-1 receptor agonists (GLP-1RAS) gave informationally
detailed responses, but its readability remains suboptimal for many patients. Incorporating literacy-sensitive design principles
into Al health communication is essential to ensure equitable access to digital medical information.

(JMIR Bioinform Biotech 2026;7:€90572) doi:10.2196/90572
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Introduction

Methods

Glucagon-like peptide-1 receptor agonists (GLP-1RAS) have
become cornerstone therapies for type 2 diabetes mellitus and
obesity, with additional benefits extending to cardiovascular
risk reduction and metabolic health [1,2]. Their rapid clinical
uptake has been paralleled by a surge in public interest and
online information-seeking [3-5]. Artificia intelligence
(A—based conversational toolsareincreasingly used by patients
asinformal sourcesof medical guidance. However, engagement
with digital health information is strongly influenced by health
literacy. Patient education materials are generally recommended
to bewritten at or below an eighth-grade reading level to ensure
comprehension across diverse populations [6,7]. Datafrom the
OECD Survey of Adult Skills indicate that a substantial
proportion of adults demonstrate limited literacy skills, raising
concerns that complex digital health content may exacerbate
existing health disparities [8]. Given the expanding role of
Al-generated medical information, evaluating whether such
content is accessible to patients is crucial. This study assessed
the readability of Al-generated responses to common patient
questions regarding GLP-1RAS, hypothesizing that language
complexity would exceed recommended thresholds for
patient-facing materials.

https://bioinform.jmir.org/2026/1/€90572

A cross-sectional descriptive analysiswas conducted using two
large language models. ChatGPT (GPT-4.1; OpenAl) and
Google Gemini (Gemini 2.5 Flash; Google DeepMind). Ten
frequently asked patient questions related to GLP-1RAs were
identified through review of online patient forums and routine
clinical encounters. Topicsincluded dosing, side effects, safety,
insurance coverage, off-label use, and expected outcomes.

Each question was submitted to both models using identical
prompts requesting a “clear, patient-friendly response”
Responses were collected verbatim between June and August
2025. All queries were submitted using the models' web-based
interfaces. Each query was entered in a new session to avoid
retention of prior conversational context. No system-level
prompts, role instructions, or parameter adjustments (eg,
temperature, top_p) were applied; therefore, outputs reflect
default model behavior asexperienced by typical users. Identical
prompt instructions were used for al queries across both
platforms.

Readability was evaluated using three validated measures: (1)
Flesch Reading Ease Score, where higher scoresindicate easier
readability; (2) Flesch-Kincaid Grade Level (FKGL), estimating
required US school grade level; and (3) mean sentence length
and word count as proxies for textual complexity.
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Analyses were performed using ReadablePro software and
cross-validated with Microsoft Word readability tools. In
addition, two independent health communication experts
qualitatively reviewed responses for tone, sentence structure,
and technical language use. Paired t testswere used to compare
mean readability scores between ChatGPT and Gemini
responses. In addition to P values, paired mean differenceswith
95% Cls and effect sizes (Cohen d,) were calculated to assess

the magnitude of differences.

Before readability analysis, al outputs were standardized to
plain text format. Formatting elements such as bullet points,
headings, and line breaks were removed to ensure consistent
processing across readability tools.

The full list of patient questions, verbatim model outputs, and
per-question readability metrics are provided in Multimedia
Appendices 1-3.

Williams et al

Results

Across al 10 questions, both models generated detailed
responses ranging from 150 to 450 words. Gemini produced
shorter sentences and more concise explanations, whereas
ChatGPT responses were longer and moretechnically detailed.

Mean Flesch Reading Ease Score was significantly higher for
Gemini than for ChatGPT (47.97 vs 31.65; P=.004), indicating
superior readability (Figure 1). Similarly, mean FKGL was
lower for Gemini (10.2) compared with ChatGPT (13.1),
although both exceeded the recommended eighth-grade level.

Using FKGL asthe operational measure, both models exceeded
the recommended <8th-grade level for patient education
materials by approximately 2 - 5 grade levels on average.

Qualitative analysis revealed that ChatGPT frequently used
complex sentence structures and specialized terminol ogy, while
Gemini responses adopted a more conversational tone with
simpler vocabulary.

Figure 1. Comparison of readability metrics between ChatGPT and Google Gemini responses. ChatGPT responses demonstrated lower Flesch Reading
Ease Scores (FRES) and higher Flesch-Kincaid Grade Levels (FKGLS) compared to Gemini, indicating greater linguistic complexity. Both models
exceeded recommended readability thresholds for patient education materials.
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Discussion g Y 9

This study demonstrates that Al-generated patient information
on GLP-1RAs varies significantly in readability depending on
the model used. Although Gemini responses were more
accessiblethan those generated by ChatGPT, neither consistently
met recommended readability standards for patient education.
These findings align with prior evidence showing that online
health information frequently exceeds the literacy capacity of
the general population [9-12]. These findings also highlight
limitations of general-purpose Al modelsin health care contexts.
Domain-specific, medically trained Al agentsmay provide more
consistent, context-aware, and clinically appropriate outputs.
Such systems could incorporate structured medical knowledge,
terminology control, and longitudinal context, which are critical
for reliable patient communication. In clinical applications, Al
systems must also include mechanisms for uncertainty

https://bioinform.jmir.org/2026/1/€90572
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responses is low, falback strategies, such as retrieval from
validated medical sources or escalation to health care
professionals, are essential to ensure reliability and patient
safety.

Given that Al tools prioritize completeness and accuracy,
readability may be unintentionally deprioritized. Without
deliberate incorporation of plain-language principles,
Al-generated health content risks widening disparities among
individuals with limited literacy or digital health skills.

It isimportant to note that outputs from large language models
are highly sensitive to prompting strategies. This study
intentionally used identical prompts to simulate a real-world
patient scenario, in which users typicaly enter similar queries
across platforms without advanced prompt engineering.
However, more sophisticated prompting approaches or
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orchestration layers may yield responses with substantially
different readability profiles. Future studies should explore the
impact of prompt design on health communication outcomes.

Al systems also offer the potential for interactive, bidirectional
communication and personalization, which may enhance patient
engagement. However, without appropriate attention to
readability and comprehension, these advantages may not
translate into meaningful improvementsin patient outcomes.

An important opportunity for future development is the
integration of literacy-adaptive mechanismswithin Al systems.
Tailoring responses to a user’s health literacy level, through
simplified language or dynamic adjustment of complexity, could
significantly enhance accessibility and patient understanding.

This study has severa limitations. First, Al-generated outputs
are subject to variability over time due to model updates and

Williams et al

changes in system behavior; therefore, the findings reflect the
specific models, settings, and time frame studied. Second, results
may differ with alternative prompting strategies. Third, this
study evaluated readability but did not assess factual accuracy
or patient comprehension outcomes, which should be addressed
in future research.

ChatGPT and Gemini provide clinically relevant responses on
GLP-1RAS, but responses remain insufficiently readable for
many patients. Integrating literacy-sensitive frameworks into
Al health communicationisessential to ensure equitable access
to digital medical information and maximizethe clinical benefits
of emerging therapies.

Implementation of standardized readability frameworks within
Al systems may represent a key step toward equitable digital
health communication.
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