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AIHealth 2026

Foreword

The Third International Conference on AI-Health (AIHealth 2026), held between March 8 - 12,
2026, covered topics blending Artificial Intelligence and health sciences.

Quality healthcare should be extended to all communities. Independent of how big and complex
the healthcare systems are, physicians are under increasing time and workload pressures and spending
less time with patients. The challenge to deliver high-quality healthcare against administrative burdens
is big and increasing.

Healthcare facilities also produce great amounts of data and record high volumes of patient
records information. This information is valuable and necessary to quality patient care. This information
requires an enormousness effort (time, personnel) to be timely processed for prediction, evaluation and
monitoring patients' health.

Artificial Intelligence (AI) comes to rescue in terms of accuracy, precision, rapidity and
processing a large volume of data. AI-based health systems benefit for recent advances in sophisticated
AI mechanisms for predicting patient health conditions (personalized, at large scale), producing useful
analytics on varii patient health aspects, as well as monitoring and controlling patient under scrutiny.

We take here the opportunity to warmly thank all the members of the AIHealth 2026 Technical
Program Committee, as well as the numerous reviewers. The creation of such a high quality conference
program would not have been possible without their involvement. We also kindly thank all the authors
who dedicated much of their time and efforts to contribute to AIHealth 2026.

Also, this event could not have been a reality without the support of many individuals,
organizations, and sponsors. We are grateful to the members of the AIHealth 2026 organizing
committee for their help in handling the logistics and for their work to make this professional meeting a
success.

We hope that AIHealth 2026 was a successful international forum for the exchange of ideas and
results between academia and industry and for the promotion of progress in the fields of AI and health
sciences.

We are convinced that the participants found the event useful and communications very open.
We also hope that Valencia provided a pleasant environment during the conference and everyone saved
some time for exploring this beautiful city
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Real-World Validation of Arkangel AI: A 
Conversational Agent for Real-Time, Evidence-

Based Medical Question-Answering

Natalia Castano Villegas, Isabella Llano
Evidence Department

Arkangel AI
Bogotá, Colombia

natalia@arkangel.ai, isabella.llano@arkangel.ai

Maria Camila Villa, Jose Zea
Product Department

Arkangel AI
Bogotá, Colombia

camila.villa@arkangel.ai, jose@arkangel.ai

Abstract—The paper presents the first  external validation of 
Arkangel  AI  (formerly  MedSearch),  a  retrieval-augmented 
large language model-based conversational agent for evidence-
based  medical  question-answering.  Problem: Large  language 
model-powered conversational agents are evaluated mainly on 
medical  question-answering datasets  with  strong benchmark 
performance; however, multiple-choice formats do not assess 
complex,  open-ended clinical  reasoning or  real-world search 
behavior.  Why it  matters: In healthcare,  validity,  safety,  and 
currency of answers matter as much as speed; prior work has 
not  fully  addressed  these  in  ecologically  valid  settings  with 
mixed healthcare personnel.  Gap: Existing evaluations rarely 
combine time-to-answer, number of searches, and expert-rated 
validity  across  multiple  domains  in  a  single  blinded  trial. 
Solution: The authors conducted a randomized, double-blind 
trial comparing Arkangel AI versus traditional non-AI search 
in  healthcare  personnel  answering  four  clinical  cases  (four 
questions  each).  Validity  was  assessed  with  six  domains 
(accuracy, consensus, bias, currency, safety) on a 3-point scale; 
specialists were blinded to group. Main outcome: Arkangel AI 
users  achieved  higher  validity  scores  across  all  domains 
(p < 0.01), arrived at a final answer in less than half the time 
(three  minutes  faster)  than  the  control  group,  with 
approximately  50%  fewer  searches  per  case;  total  average 
acceptability  score  2.86  on  a  scale  from 1  to  3.  Most  users 
found  Arkangel  AI  helpful  for  daily  practice  and  would 
recommend  it.  The  main  conclusion  is  that  large  language 
model-supported  methods  can  improve  clinical  search 
efficiency  without  sacrificing,  and  even  augmenting,  answer 
quality in this setting; broader validations are needed.

Keywords—Large  language  model  assessment;  human 
evaluation; healthcare; real-world validation.

I. INTRODUCTION

Application  of  large  language  models  (LLMs)  as 
conversational agents (CAs) in healthcare has been evaluated 
using  medical  question-answering  (QA)  datasets,  with 
excellent performance on international licensing-style exams 
[1, 2, 3]. Multiple-choice formats fall short when the goal is 

to assess open-ended clinical reasoning, source traceability, 
and  real-world  search  behavior.  To  address  this,  we 
developed  Arkangel  AI  (formerly  MedSearch),  an  LLM-
powered  CA  that  performs  real-time,  evidence-based 
searches  and  provides  curated  references  [4].  Our  first 
manuscript  reported  internal  validation  (90.26%  on 
MedQA). Here we report the first external validation using 
real-world healthcare personnel.
Research  questions. (RQ1)  Does  Arkangel  AI  improve 
response validity versus traditional  search? (RQ2) Does it 
reduce time and number of searches? (RQ3) How acceptable 
is it to users? (RQ4) How much does evaluator variability 
affect scores?
Limitations  of  this  work. The  sample  was  predominantly 
clinical-year  medical  students  (>70%)  and  all  cases  were 
non-urgent,  outpatient;  one  specialist  per  specialty  scored 
answers, so classical inter-rater agreement is not reported for 
this dataset.
Paper  structure. Section II  describes  methodology; 
Section III  reports  results;  Section IV  discusses  findings; 
Section V concludes.

II. METHODOLOGY

Design  and  participants. Randomized,  double-blind  trial; 
over  100  healthcare  personnel  recruited  in  Colombia  via 
social media, professional networks, and masterclasses. After 
informed  consent,  participants  were  randomly  assigned  to 
Group A  (Arkangel  AI)  or  Group B  (traditional  search: 
Google, PubMed, guidelines; no AI). Four outpatient clinical 
cases (orthopedics, psychiatry, pediatrics, gynecology), four 
questions  per  case  (diagnostic,  management,  research, 
general),  were  designed  by  external  specialists.  Quizizz 
recorded  time  per  question;  Airtable  captured  specialist 
ratings.  Researchers  and  evaluators  were  blinded  to 
participant identity and group assignment.
Outcomes. (1) Validity: six domains (correctness, consensus 
alignment,  demographic  bias,  treatment  bias,  currency, 
patient  risk)  on a  3-point  ordinal  scale;  one specialist  per 

1Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-362-0
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specialty  scored  all  QA  pairs.  Total  Average  Validity 
Score = mean of the six domain scores. (2) Efficiency: time 
per  case  and  number  of  searches  per  case  (self-reported). 
(3) Acceptability: four items on a 3-point scale, assessed in 
Group A only.
Analysis. Distributions  were  non-normal  (Shapiro–Wilk); 
Mann–Whitney U test for group comparisons; medians and 
IQR  as  primary  estimates;  means  (SD)  and  95% CI  also 
reported. Subgroup analyses by specialty and question type 
are exploratory.

III. RESULTS

106 participants answered 1600 questions (406 case-units). 
After  exclusions  (platform  error  n = 2,  protocol  violation 
n = 1), 55 remained in Group A and 48 in Group B; more 
than 70% were medical students.
Validity. Group A (Arkangel AI) scored higher than Group B 
on  all  six  validity  domains  (all  p < 0.01).  Largest  relative 
improvement:  response  accuracy  (13.12%);  smallest: 
medical consensus alignment (3.25%). Table I  summarizes 
the key outcomes across both groups.

TABLE I. KEY OUTCOMES: ARKANGEL AI (GROUP A) VS. TRADITIONAL 
SEARCH (GROUP B)

OUTCOME GROUP A GROUP B P-VALUE

Validity  (1–
3)

Higher  in  all 
6 domains

Lower < 0.01

Time  per 
case

3∼  min 
faster (69%)

— < 0.001

Searches  per 
case

50% fewer∼ — < 0.001

Efficiency. Group A reached a final answer in less than half 
the time (approximately three minutes faster per case) than 
Group B, with approximately 50% fewer searches per case. 
Mann–Whitney U, p < 0.001.
Acceptability. In Group A, total average acceptability score 
was 2.86 on a scale from 1 to 3. Dimension scores: utility 
2.98,  daily  use  2.87,  recommendation  2.93,  truthfulness 
confidence 2.65 (lowest).
Evaluator variability. Linear mixed models (group as fixed 
effect, evaluator as random effect) showed significant group 
effects  across  all  six  validity  domains  (all  p < 0.01).  ICC 
values  indicated  that  most  variance  was  within-evaluator 

(intra-evaluator).  The  single-rater-per-specialty  design  is  a 
stated limitation.

IV. DISCUSSION

Results support that Arkangel AI improves efficiency (time 
and searches) and validity scores versus traditional search in 
this  predominantly  student  sample.  Strengths  include  the 
randomized,  double-blinded  design,  expert-designed  cases, 
and  multidimensional  validity  framework.  Key  limitations 
are  the  overrepresentation  of  medical  students  (>70%), 
single  specialist  per  specialty,  and  acceptability  assessed 
only in the intervention group. All authors are affiliated with 
Arkangel AI; evaluators and case designers were external. 
Findings  align  with  recent  work  showing  that  retrieval-
augmented  LLM  workflows  can  reduce  clinical  search 
burden [5], while persistent physician skepticism toward AI-
driven tools remains a barrier [6].

V. CONCLUSION AND FUTURE WORK

This extended abstract presents the first external validation 
of Arkangel AI, demonstrating superior validity, efficiency, 
and  acceptability  versus  traditional  search  in  an  elective 
clinical setting. Large language model-supported, evidence-
based  search  can  enhance  physician  workflows  in  this 
context. Future work includes multicenter recruitment, two 
independent raters per answer with adjudication and inter-
rater  reliability,  pre-registered  protocols,  and  validation  in 
general practitioners, specialists, and higher-acuity scenarios.
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AI for Referable Knee Radiograph Detection in Primary Care: A Pathway-Specific
Taxonomy for Dataset Generation from Reports
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Abstract—Radiologist shortages often delay musculoskeletal
radiograph interpretation in primary care, with the knee among
the most frequently imaged regions. To our knowledge, we
developed the first Artificial Intelligence (AI) system for knee
radiograph assessment in this setting, using a pathway-specific
taxonomy to automatically label reports, thereby advancing
the field of medical disease extraction. A total of 57,460 knee
radiology reports (2010–2024) from the Public Healthcare Service
of Navarre, Spain, were retrospectively processed with a Natural
Language Processing (NLP) pipeline guided by this taxonomy.
The pipeline extracted thousands of frequent and relevant
findings, reliably linked them to images through a projection
and laterality classifier, and organized them into 43 hierarchical
categories for dataset generation. To assess feasibility, we trained
a ConvNeXt-Small model to classify radiographs as referable
(requiring specialist review) or non-referable, and validated it
on an independent test set of 494 studies (39.7% referable).
Ground truth was defined by consensus of three radiologists from
a panel of five experts. On this test set, the model achieved an
Area Under the ROC Curve (AUC) of 0.880 (95% Confidence
Interval [CI]: 0.843–0.915), with 81.9% sensitivity and 83.1%
specificity, significantly outperforming routine reports (AUC
0.798; p=0.0002). Compared with the individual radiologists,
the model achieved comparable sensitivity but lower specificity
(3.6–11% below radiologists). These results support the potential
of our deep learning algorithm as a primary care decision-
support tool, helping reduce unnecessary referrals and radiologist
workload, while showing how pathway-specific taxonomies enable
scalable, efficient AI in data-limited settings.

Keywords-Deep Learning for radiology; Medical disease extrac-
tion; AI-based health systems and applications; Knee Radiography;
Primary Care

I. INTRODUCTION

Musculoskeletal (MSK) conditions are one of the most
frequent reasons for patient visits in primary care, where
plain radiography constitutes the primary modality for initial
imaging assessment [1][2]. Nevertheless, delays in expert radi-
ological interpretation represent an obstacle in many healthcare
systems, often postponing diagnosis and subsequent treatment.
Therefore, addressing these delays is essential for improving
administrative efficiency in primary care. In this context,
general practitioners frequently assume responsibility for pre-
liminary image review despite lacking specialized training to
identify the full spectrum of MSK conditions.

Recent advances in Artificial Intelligence (AI), particularly
in Deep Learning (DL), have demonstrated strong performance

in the analysis of MSK radiographs [3]. Building on this
progress, we present an AI-based framework designed specif-
ically for the evaluation of knee radiographs in primary care
—one of the most frequently imaged anatomical regions in
this clinical context, second only to the spine [1][2]. Knee
radiographs offer an ideal starting point for AI-based decision
support due to their relatively simple anatomical structure and
standardized diagnostic criteria, in contrast to the spine, which
presents greater complexity both anatomically and diagnosti-
cally [4][5].

Despite this opportunity, there are no studies focusing on
AI tools for preliminary interpretation of knee radiographs in
primary care settings. Most existing research concentrates on
specific MSK disorders, such as osteoarthritis [6], fractures
[7], bone age [8] and tumors [9], using manually annotated
datasets and specialist-oriented labels [10].

To address this gap, we implemented a data pipeline that
takes advantage of routinely collected clinical data from the
Public Healthcare Service of Navarre (Servicio Navarro de
Salud–Osasunbidea, SNS-O) to create a large-scale training
set. The pipeline uses an image classifier to reliably identify
target knee radiographs, and applies Natural Language Pro-
cessing (NLP) to radiology reports to extract clinical findings,
which are then organized into categories using a custom
taxonomy that reflects primary care decision-making needs.

We assessed the effectiveness of this approach by training
a DL model on the resulting dataset and evaluating it on a
radiologist-annotated test set, achieving promising results.

To our knowledge, this is the first AI system specifically
designed for preliminary knee radiograph assessment in pri-
mary care. In this context, emulating the diagnostic approach
of a radiologist, the proposed AI system analyzes a broad
range of radiological findings. Our methodological framework
advances the field of medical disease extraction and illustrates
how NLP-based labeling, guided by a taxonomy aligned with
the clinical pathway, can enable the development of AI-
based health systems and applications in settings with limited
annotated data.

This paper is organized as follows: Section II reviews related
work, Section III describes the methodology and dataset
creation, Section IV presents validation results, and Section
V discusses conclusions, limitations, and future work.

3Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-362-0
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II. RELATED WORK

The application of AI to MSK radiology has advanced
rapidly, particularly for trauma detection [7], bone-age as-
sessment [8], osteoarthritis grading [6] and implant evaluation
[10]. Meta-analyses and large studies report high diagnostic
accuracy for fracture detection on plain radiographs (pooled
sensitivities/specificities often >91%) and demonstrate that
AI assistance can improve clinician performance in rou-
tine practice [7][11][12]. For the knee, DL models have
achieved expert-level performance in Kellgren–Lawrence (KL)
osteoarthritis grading, with reported AUCs up to ≈ 0.96
and Cohen’s kappa around 0.86 [6][13]. While large MSK
repositories exist, such as MURA for upper limbs [14] and
the Osteoarthritis Initiative for knee osteoarthritis [15], to our
knowledge, no comparable large-scale, multi-label (multiple
findings per image) knee datasets are currently available.

To address the scarcity of annotated data, prior thoracic
imaging studies have applied NLP to radiology reports to
generate large-scale, weakly supervised labels (e.g., PadChest
[16], CheXpert [17]). Since chest imaging taxonomies cannot
be directly applied to knee radiographs, we developed a novel
taxonomy for primary care, grounded in real-world finding
prevalence and clinical relevance. This taxonomy enables the
construction of large-scale, multi-label knee datasets and the
development of AI models tailored to general practitioners’
needs.

III. METHODS

This study focuses on developing and evaluating an AI
framework for knee radiograph assessment in primary care.
Rather than aiming for maximal model performance, our
primary goal was to demonstrate the feasibility of creating a
clinically meaningful decision-support system from automati-
cally labeled retrospective data.

A. Dataset Creation

The SNS-O comprises 63 primary care centers and 3
hospitals, serving a population of over 600,000 patients. From
its radiology information system, we retrieved 263,763 knee
radiograph studies requested by general practitioners (in pri-
mary care) between 2010 and 2024, of which 57,460 (21%)
had an associated formal radiology report and were available
for analysis.

Each study typically contained multiple radiograph images
of one or both knees, often captured in multiple projections
(anteroposterior, lateral, axial and others) and of varying later-
ality (right, left, or bilateral), and interpreted by a radiologist
in a single report. To transform this unstructured material into
an AI-ready dataset, three tasks were required: (1) mapping
radiological findings from the free-text reports into structured
categories, (2) reliably identifying projection and laterality for
each image, and (3) linking each image with its corresponding
findings.

Accordingly, as illustrated in Figure 1, we developed a
data pipeline with two main branches: label generation and
image selection. Label generation involved the use of NLP

techniques to extract radiological findings from reports, which
were selected and organized using our primary care–oriented
taxonomy, detailed in Section III-B. As image metadata was
usually missing, we developed a neural network to perform
image selection, specifically to determine projection and lat-
erality.

The resulting dataset comprised 63,976 single-knee radio-
graph studies from 28,719 patients (54% female; mean age
58.2 years). For each knee, findings were mapped to a category
within our taxonomy and assigned a global grade of refer-
able or non-referable, indicating whether expert radiologist
evaluation was recommended. The pipeline yielded a dataset
of 56,152 non-referable studies (87.77%) and 7,824 referable
studies (12.23%), each consisting of a single knee report linked
to its corresponding radiographs.

Figure 2 illustrates an example study alongside its radiology
report (translated to English), extracted finding categories, and
identified projections and laterality. In this case, since the
study involved only a single knee, no laterality-based splitting
was required. The two core components of the pipeline (label
generation and image selection) are described below.

Label generation. Our label generation pipeline processed
each report in four main steps: (1) laterality analysis, splitting
reports that described both knees into separate reports, one per
knee; (2) biomedical named entity recognition, extracting all
mentioned medical entities; (3) negation detection, discarding
entities appearing in a negated context; and (4) taxonomy
mapping, filtering entities, assigning them to relevant finding
categories, and generating a final binary label (referable/non-
referable).

Reports were split by laterality using regular expressions,
since most included distinct sections for each knee. Single-
laterality reports were left intact. Entity recognition used a
Spanish RoBERTa-base biomedical model [18], while negation
detection relied on a fine-tuned BERT-base multilingual model
trained on the NUBES Spanish clinical dataset [19][20].

When applied to our retrospective dataset, the NLP pipeline
extracted 102,127 entity mentions (6,676 unique entities).
Of these, 87,189 (85%) were successfully mapped using the
taxonomy detailed in Section III-B. A report was labeled as
referable if at least one referable finding category was present.

Image selection. Most radiographs lacked reliable DICOM
metadata to accurately determine laterality and projection. To
address this, we manually annotated 2,214 knee radiographs,
assigning one of the following nine labels: anteroposterior
(right/left), lateral (right/left), axial (right/left), bilateral, bi-
axial, or other. We then trained a ConvNeXt-Tiny model
on this task using Fast.ai and Timm libraries [21][22], with
ImageNet pretraining and input images resized to 350×350px.
The network was trained for 22 epochs with a learning
rate of 0.006, using standard augmentations, such as re-
sizing, brightness/contrast adjustments, random erasing, and
geometric transformations. Horizontal and vertical flips were
deliberately excluded to preserve anatomical laterality. The
model achieved an AUC of 0.9984 and an accuracy of 97.4%,

4Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-362-0

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

AIHealth 2026 : The Third International Conference on AI-Health

                            12 / 97



Figure 1. Data pipeline for dataset creation. The NLP pipeline (top) and the image selection (bottom) branches are merged to produce our dataset.

Report

"No conclusive fracture is observed. Mild osteopenia.
Early chondrocalcinosis. Patellar fracture sequelae."

Data Pipeline Output

Report:
• Finding categories: osteopenia, chondrocalcinosis, fracture se-

quelae.
• Label: referable.

Radiograph:
• Laterality: left.
• Projections: anteroposterior, lateral.

Figure 2. Example knee study with corresponding radiology report and two projections (left). The outputs of the data pipeline are also displayed (right).

enabling reliable assignment of radiographic laterality and
projection across the dataset. For the purposes of this study,
only anteroposterior and lateral projections were retained, as
they are the standard views for clinical knee assessment. When
a radiograph was classified as bilateral, the image was divided
in two standard projections.

B. A Taxonomy for Primary Care Knee Radiography

A radiographic finding taxonomy was developed to cate-
gorize the reports. The complete taxonomy is presented in
Figure 3, which shows the resulting finding categories and
their relative frequencies, selected based on entity frequency
and clinical relevance in primary care.

Finding categories were initially defined by a senior MSK
radiologist based on SNS-O clinical pathways and subse-
quently reviewed and refined within a multidisciplinary work-
group comprising five MSK radiologists and one senior gen-
eral practitioner. Categories were retained if they appeared
in at least 0.9% of the dataset or posed significant clinical

risk. Findings were classified as referable when they typically
required radiologist review, advanced imaging, or management
changes beyond primary care. In the absence of formal guide-
lines, decisions were guided by routine SNS-O practice to
safely reduce radiologist workload.

Using this taxonomy, extracted clinical entities were con-
solidated into broader categories and classified as refer-
able or non-referable, providing practical guidance for gen-
eral practitioners (e.g., “chondrocalcinosis” and “calcification”
were mapped to non-specific calcification, classified as non-
referable). Detailed entity mapping is provided in the Supple-
mentary Material.

C. Model Training

To evaluate the utility of the generated dataset, we trained a
baseline ConvNeXt-Small model to classify knee radiographs
as referable or non-referable. The dataset included 62,309
anteroposterior and lateral radiographs, each labeled according
to the overall referability grade of its corresponding knee. A
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Figure 3. Taxonomy tree of knee radiological findings in primary care, with relative frequencies calculated from the 87,189 mapped entities.

validation set of 10,711 images was reserved, ensuring patient-
level separation. During DICOM-to-JPG conversion, we ap-
plied the windowing configuration stored in each DICOM
study, to preserve clinically optimal brightness and contrast.

Leveraging the Fast.ai library [21], the model was initialized
with ImageNet weights and trained on 900×900 padded images
using cross-entropy loss, default augmentations, and a learning
rate of 0.01. The best performance was achieved at epoch 6,
with an AUC of 0.8413 and an accuracy of 89.85% on the
validation set.

We tried several variations in architecture, image size,
learning rate, and training duration, but none yielded meaning-
ful improvements. We chose a ConvNeXt-Small architecture
for its strong ImageNet results, fast inference, and modern
design, serving as a robust baseline. Further gains are expected
with targeted model refinement, improved preprocessing and
enhanced training strategies tailored to our dataset.

D. Reference Standard Test Set

We created a random test set of 494 radiographic single-
knee studies (anteroposterior and lateral images), enriched
to increase the proportion of referable knees from 11.60%
to 39.70%, ensuring one knee per patient and strict patient-
level separation to prevent data leakage. Each study was
independently reviewed by three expert radiologists drawn
from a pool of five, with each radiologist reviewing a different
but overlapping random test set partition (around 250 studies).
Reviewers identified all relevant findings according to the
predefined categories of the taxonomy (Section III-B), and

a study was deemed referable if any finding mapped to a
referable category.

The image model was evaluated against the three-radiologist
majority vote, which served as the clinical reference standard,
and was also compared with each individual radiologist, using
the majority vote of the other two as ground truth (exclud-
ing cases where the two remaining radiologists disagreed).
In parallel, all test set reports were manually annotated by
engineers based solely on their clinical text, providing the
reference standard for evaluating the NLP pipeline.

IV. RESULTS

A. NLP pipeline validation

The NLP pipeline, when evaluated against the manually
annotated reports from the test set, achieved micro- and macro-
averaged F1-Scores of 0.8968 and 0.9219, respectively, across
all finding categories. The lowest performance was observed
for osteoarthritis KL 3–4 category (a referable category), with
an F1-Score of 0.1714, while all other findings achieved
F1-Scores above 0.7368. Detailed per-category results are
provided in the Supplementary Material.

Error analysis revealed that misclassifications mainly arose
from complex degenerative cases where the KL grade was
not explicitly indicated in the report. For instance, reports
often document "gonarthrosis" without explicit grading, de-
spite providing a descriptive context that implies advanced
osteoarthritis. In such cases, the pipeline tended to assign a KL
1–2 label, although these reports would likely be interpreted
by a radiologist as KL 3–4. This systematic bias was more
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frequent in the enriched test set, where KL grades were
less often documented explicitly, than in the training set.
Nevertheless, many KL 3–4 cases were correctly captured
when the grade was explicitly stated, allowing the trained
image model to successfully classify most KL 3–4 radiographs
as referable in the test set (see Section IV-B).

B. Model validation

Image classification performance was evaluated against the
majority vote of the radiologists (Table I). The model achieved
a higher AUC than the manually annotated reports (0.8800
vs. 0.7983), with significance confirmed by 100,000 paired
bootstrap iterations (p = 0.00019). At a matched sensitivity of
81.94%, the model achieved higher specificity than the reports,
reaching 83.14% compared to 77.71%.

TABLE I. PERFORMANCE ON THE TEST SET FOR CLASSIFYING KNEE
RADIOGRAPHS AS REFERABLE OR NON-REFERABLE.

Source AUC Kappa Sensitivity2 Specificity

Model 0.8800
0.8434–0.9147

0.6098
0.5428–0.6778

81.94%
75.00–87.52

83.14%
79.14–86.86

Reports1 0.7983
0.7560–0.8361

0.5393
0.4669–0.6185

81.94%
75.69–88.19

77.71%
73.43–82.00

The ground truth was obtained with the majority vote of three expert radiolo-
gists. All confidence intervals are 95%, estimated via 1,000-iteration bootstrap
resampling with replacement.

1 Radiology reports, produced during routine clinical practice, were manually
labeled here without image review.

2 The model’s operating point was adjusted to match the sensitivity of the
radiology reports.

At a more granular level, Table II breaks down detection
performance on the test set by grouped finding categories,
where recalls reflect the proportion of correctly identified
studies. Both the model and reports show minor differences
identifying referable findings, and notably, they both detected
all six suspicious lesions (osteosarcoma and periosteal reac-
tions). However, the model was more effective at identifying
normal cases, achieving higher recall for these than the reports
(95% vs. 85%).

TABLE II. COMPARISON OF MODEL AND MANUALLY ANNOTATED
REPORTS IN THE TEST SET, STRATIFIED BY FINDING CATEGORY.

Finding Category1 Total Model Recall Report Recall

Non-referable
Benign finding 272 55.15% 52.57%
Osteoarthritis (KL 1–2) 208 66.83% 65.39%
Anatomical variant 145 66.21% 64.83%
No finding / Normal 80 95.00% 85.00%

Referable
Osteoarthritis (KL 3–4) 59 83.05% 76.27%
Acute fracture 20 80.00% 90.00%
Suspicious lesion 6 100.00% 100.00%
Referable benign finding 24 70.83% 70.83%
Postsurgical findings 47 100.00% 97.87%
Healed / Sequelae fracture 9 100.00% 88.89%
1 Please refer to the taxonomy tree (Figure 3) for a detailed decomposition.

Then, the model’s performance was compared with indi-
vidual radiologists and the manually annotated reports (Table
III). Across all partitions (i.e., the subsets of studies reviewed

by each radiologist), it consistently outperformed the reports
in AUC, sensitivity, and specificity. Compared with individual
radiologists, the model reached similar or slightly higher sen-
sitivity (up to +14%), but generally lower specificity (3.6–11%
below) and kappa (0.66–0.72 vs. 0.70–0.86). As shown in
Figure 4, its ROC curves indicated strong performance, though
still below 3 of 5 radiologists.

These results prompted a detailed error analysis, in which
we reviewed each discordant case by reading the origi-
nal reports and comparing them with the model outputs.
We found that model errors were usually straightforward
misclassifications—such as false negatives of fractures or pos-
itives for benign calcifications. In contrast, report errors often
stemmed from textual ambiguity, incomplete descriptions or
lack of sufficient clinical context, which either prevented the
reader from extracting findings or rendered them too am-
biguous to be reliably mapped into the taxonomy. Therefore,
despite the measured metrics, the nature of the errors between
the model and the reports differed.

V. CONCLUSION AND FUTURE WORK

We introduced a novel system for AI-assisted general in-
terpretation of knee radiographs in primary care, leveraging
automatically generated labels from real-world radiology re-
ports through NLP. To support this, we developed a pathway-
specific taxonomy that organizes findings into 43 categories
and evaluated the resulting model against a reference test set
annotated by expert radiologists. Importantly, the taxonomy
was grounded in retrospective finding prevalence, ensuring the
meaningfulness of both the categories and the resulting labels.

The model, trained to classify a knee radiograph as referable
or non-referable, outperformed manually annotated routine
radiology reports (AUC 0.880 vs. 0.798) and successfully
referred all suspicious lesions—the most critical referable
cases—while maintaining high specificity. Although its overall
performance was generally below that of individual expert ra-
diologists, it achieved comparable agreement in certain cases,
suggesting its potential as a decision-support tool for general
practitioners in primary care.

Error analysis showed that most report-related errors
stemmed from the inherent challenges of clinical text in-
terpretation (ambiguity, incomplete descriptions, or lack of
context), while model errors reflected more straightforward
misclassifications. In fact, our NLP pipeline, based on entity
recognition and regular expressions, particularly struggled to
assign osteoarthritis grades when they were not explicitly
stated—introducing a performance ceiling for the model.
These limitations highlight opportunities for improvement
through advanced NLP methods, such as recent large language
models [23].

While the test set was enriched to 39.70% referable cases
to ensure statistical power for rare pathologies, we acknowl-
edge that in a natural primary care prevalence (12.23%), the
3.6–11% specificity gap compared to radiologists might lead
to increased false-positive referrals. Future deployment would
require calibration and a configurable threshold to prioritize

7Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-362-0

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

AIHealth 2026 : The Third International Conference on AI-Health

                            15 / 97



TABLE III. PERFORMANCE COMPARISON PER INDIVIDUAL RADIOLOGIST ON TEST SET PARTITIONS.

Radiologist 1 partition
252 knees, 27.8% referable

Radiologist 2 partition
246 knees, 24.4% referable

Radiologist 3 partition
259 knees, 23.9% referable

Radiologist 4 partition
253 knees, 30.8% referable

Radiologist 5 partition
250 knees, 22.4% referable

AUC Kappa Sens / Spec AUC Kappa Sens / Spec AUC Kappa Sens / Spec AUC Kappa Sens / Spec AUC Kappa Sens / Spec

Radiologist 0.9220 0.8591 87.14 / 97.25 0.9204 0.8178 90.00 / 94.09 0.8826 0.6995 88.71 / 87.82 0.8248 0.7073 66.67 / 98.29 0.9167 0.7836 91.07 / 92.27
Model 0.9175 0.6963 88.57 / 86.26 0.9429 0.6883 88.33 / 87.10 0.9231 0.6553 90.32 / 84.26 0.9049 0.7220 80.77 / 91.43 0.9292 0.6902 89.29 / 87.63

Reports 0.8313 0.5877 87.14 / 79.12 0.8312 0.5664 86.67 / 79.57 0.8450 0.5755 90.32 / 78.68 0.8367 0.6393 83.33 / 84.00 0.8536 0.5941 89.29 / 81.44

Each radiologist annotated a different partition of the test set, resulting in six overlapping partitions whose union constitutes the entire test set.
For each partition, the ground truth was defined by the majority vote of the other two radiologists; samples without consensus were excluded.
Sens / Spec denote sensitivity and specificity, respectively; values are reported as percentages.

Figure 4. ROC curve of the model on the test set partitions. The operating points of radiologists and manually labeled radiology reports are overlaid.

either high-sensitivity screening or high-specificity workload
reduction.

As a first step toward clinical use, we aimed to provide gen-
eral practitioners with a tool that could help avoid unnecessary
referrals, reduce radiologist workload, and shorten diagnostic
times. We acknowledge that this approach simplifies decision-
making in primary care by grouping important findings to-
gether, regardless of urgency or pathway—for example, ad-
vanced osteoarthritis and suspicious lesions are both classified
as referable. Nevertheless, our results illustrate the feasibility
of developing clinically meaningful AI systems based on NLP
pipelines guided by pathway-specific taxonomies, offering a
scalable strategy to extend AI to other body regions or imaging
modalities, especially in contexts with limited labeled data but
abundant radiology reports.

This study has several limitations: the small test set size
and rarity of many findings limited per-finding evaluation; no
external dataset was available to assess generalizability; weak
labels derived from radiology reports may miss visible but
unreported findings; plain radiographs have inherent diagnostic
limitations; and potential selection bias arises from including
only studies requested by general practitioners.

Future work will focus on developing multilabel models to
stratify findings and enhance explainability, further improving
the NLP pipeline, expanding the test set, and using pseudo-
labeling to incorporate images without radiology reports.
Prospective, multicenter, and multimodal studies will be essen-
tial to evaluate real-world impact and ensure safe integration
into clinical workflows.
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Abstract—Root Cause Analysis (RCA) is widely used to
investigate adverse events in healthcare settings, yet hands-on
RCA training is often constrained by instructor time, standardized
patient availability, and logistical burden. This paper documents
the implementation of an AI-based RCA simulation for an ICU
adverse event case, with an emphasis on prompt engineering
for large language model (LLM) components. Specifically, we
present necessary details for implementation, including: (1) a
fully specified ICU case narrative, (2) role schemas and system
prompts for virtual avatars, (3) states-of-mind prompts that
modulate interviewee behavior, (4) voice design specifications for
virtual avatar, and (5) analytic rubrics and assessment prompts
for formative and summative feedback. We also include examples
of LLM-generated dialogue and assessment reports to illustrate
expected outputs and formats. Lastly, we discuss limitations and
future directions for the presented system.

Keywords-root cause analysis; AI; virtual avatars; healthcare
education; ICU; formative assessment

I. INTRODUCTION

Adverse events remain a major patient safety challenge.
Estimates suggest that more than 250,000 patients in the
United States experience adverse events each year [1], in
which medical treatment itself contributes to patient harm [2].
Root Cause Analysis (RCA) is widely used to investigate
such events and reduce recurrence by focusing on system-level
contributors rather than individual blame [3][4]. RCA is broadly
adopted across healthcare organizations to examine failures
involving workflows, communication, and policy gaps [5][6].
In large systems, RCAs occur routinely; for example, Veteran
Affairs medical centers report multiple RCAs per year on
average [7]. Although procedures vary, most RCAs follow a
common structure: describing the event, identifying contributing
factors, determining root causes, and proposing corrective
actions [8][9].

Despite its value, RCA is often inconsistently executed,
in part because the skills it requires are difficult to develop
without repeated practice. Effective investigations depend on
eliciting detailed accounts, reconciling conflicting perspectives,
distinguishing proximate from systemic contributors, and
translating findings into feasible corrective actions [10][11].
Yet hands-on RCA instruction is frequently constrained by
instructor time and logistical burden [12]. Although RCA
content appears in medical education, nursing programs, and
continuing education, training depth and consistency vary
widely [13]–[17]. As a result, learners may receive limited
opportunities to practice the interpersonal and investigative

components of RCA, particularly interviewing stakeholders
who may be defensive, uncertain, or emotionally affected by
the event.

Recent advances in AI, especially large language models
(LLMs), create opportunities for scalable, interactive practice.
LLMs can generate coherent, context-sensitive dialogue and
can be shaped through prompt engineering to produce role-
consistent responses and controlled behavioral variability [18].
In healthcare education, LLM-enabled simulations have been
explored to support clinical reasoning and communication
skills through interactive virtual agents [19]–[21]. LLMs can
also generate structured formative feedback and evaluate
open-ended learner work when paired with explicit rubrics,
improving the actionability of feedback while reducing educator
workload [22]–[24].

In this paper, we document the implementation of an AI-
based RCA simulation for an ICU adverse event case. The
system builds on Nurse Town, a Unity-based 3D simulation
game for nursing education [25], and adapts a textbook ICU
failure scenario [26]. We focus on replication-oriented artifacts
and design decisions, including: (1) a fully specified case
narrative, (2) role schemas for five virtual ICU team member
avatars, (3) states-of-mind prompts that modulate disclosure
style, (4) voice design targets that support role-appropriate
affect, (5) a structured RCA report template, and (6) analytic
rubrics for formative interview feedback and summative report
assessment.

II. RELATED WORK

A. Root Cause Analysis and Patient Safety Training

RCA gained prominence in the 1990s quality improvement
movement as healthcare organizations increasingly recognized
that harm often stems from system failures rather than isolated
individual mistakes [27]. In the United States, RCA was
promoted as a key method for investigating adverse events
and preventing recurrence [28], and it became institutionalized
through accreditation and safety oversight (e.g., sentinel event
analyses) [29][30]. Guidance from major safety organizations
has further supported broad adoption in both clinical and
administrative domains [31], and structured RCA programs
have been used in large healthcare systems to operationalize
patient safety initiatives [32]. RCA’s emphasis on learning-
oriented, system-focused improvement can support a culture
of safety, shifting attention away from blame and toward
actionable redesign [33][34].
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However, RCA effectiveness depends heavily on execution
quality. Teams must gather accurate accounts, navigate interper-
sonal dynamics during interviews, and synthesize evidence into
root causes and measurable corrective actions [3][9]. Training
gaps are common, and inconsistent preparation can limit
the rigor and impact of RCA findings [10][11]. While RCA
concepts are taught in professional programs, scalable hands-
on practice remains difficult; simulation-based or case-based
interventions can improve realism but are often constrained by
staffing and logistics [12][13][15].

B. LLM-Enabled Simulation and Automated Feedback

LLMs can sustain multi-turn, context-sensitive dialogue,
enabling conversational agents that simulate realistic interviews
for educational purposes [18]. With prompt engineering and
role constraints, LLM-driven agents can maintain persona con-
sistency, selectively disclose information, and express interview
stances that mirror real-world dynamics (e.g., defensiveness,
uncertainty) that are central to RCA practice [35]. In healthcare
education, such agents have been explored to support clinical
reasoning and communication skill development through inter-
active practice [19]–[21]. LLMs can also support assessment
and feedback on open-ended learner work; prior studies
suggest they can generate formative coaching and evaluate
text outputs, especially when guided by analytic rubrics that
clarify expectations and improve scoring consistency [22]–[24].
These findings motivate our use of rubric-guided assessment
and prompt-controlled behavioral variability within an RCA
simulation context.

III. SIMULATION SYSTEM IMPLEMENTATION

A. System Overview and Session Flow

The RCA training experience is delivered as a Unity-based
3D simulation in which learners investigate an ICU adverse
event by interviewing five virtual ICU team members. Figure 1
illustrates the overall architecture. A typical session begins with
the learner reviewing the case background and RCA instructions
in an in-game help panel, then selecting an interviewee (e.g.,
primary nurse, ICU nurse, physician, respiratory therapist, or
medical student). Interviews are conducted as speech-to-speech
conversations: the learner speaks a question, the system captures
audio and transcribes it via speech-to-text (STT), and the
transcript is appended to the ongoing interview record. The
transcript is then sent to an LLM-driven dialogue component
that generates a role-consistent response conditioned on (i)
the case facts, (ii) the character schema, and (iii) a sampled
state-of-mind prompt that controls the interviewee’s disclosure
style (e.g., defensive vs. self-reflective). Next, the generated
response is rendered through emotional text-to-speech (TTS),
while the avatar’s facial expression, lip sync, and body gestures
are animated to align with the intended affect.

After completing all interviews, the learner transitions to a
synthesis phase in which they complete a structured RCA report
using the provided template. The report is uploaded within the
system and evaluated by a separate LLM-based assessment
module guided by analytic rubrics. The module produces two

Figure 1. Architecture of the virtual RCA simulation system.

deliverables: (1) formative feedback on interviewing behaviors
(e.g., depth of inquiry, follow-up quality, and theme coverage)
based on the interview transcripts, and (2) summative scoring
and narrative feedback on the written RCA report (e.g., clarity
of problem statement, identification of direct and root causes,
feasibility of corrective actions, and use of interview evidence).
Feedback is returned to the learner in a structured report
view that can be revisited to support iterative practice and
improvement. An example of learner-virtual character dialogue
and feedback report can be found in the Appendix.

B. Simulation Scenario Overview

The simulation centers on an ICU adverse event in which
inconsistent wristband conventions and communication break-
downs during an emergency contribute to a fatal outcome. A
patient admitted for IV antibiotics for pneumonia was initially
stable; during intake, the primary nurse identified a penicillin
allergy and applied a red wristband for “no blood draw” and a
blue wristband mistakenly believed to indicate “allergy” based
on another hospital’s convention, even though in this hospital
blue signifies “Do Not Resuscitate” (DNR). Shortly after the
infusion began, the patient developed signs of anaphylaxis;
the nurse stopped the infusion, administered oxygen, and
called a code when the patient became unresponsive. During
resuscitation, an ICU nurse noticed the blue wristband and
raised concern that the patient might be DNR, prompting
the team to pause and verify code status while the primary
nurse searched for the chart; during this delay, the rhythm
deteriorated from ventricular tachycardia to asystole, and
despite resuming efforts after confirming full-code status, the
patient was pronounced dead. The case surfaces multiple
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system contributors relevant to RCA training, including non-
standardized wristband color systems, unclear ownership of
wristband application, disorganized supplies, communication
breakdowns under time pressure, and fatigue-related risk from
excessive work hours.

C. Virtual Characters in the Simulation

The simulation includes five interviewees representing key
ICU stakeholders involved in the event. Each character is
instantiated as a unique 3D avatar with an LLM-driven
persona, specified with (i) professional responsibilities and
perspective, (ii) the subset of case facts the character is
expected to know, (iii) likely concerns or biases during an RCA
interview, and (iv) communication tendencies (e.g., willingness
to elaborate, formality, and stance toward accountability). In
addition to language, each character is assigned a voice profile
to support immersion and to cue typical interpersonal dynamics
encountered in real RCA interviews (e.g., fatigue, hesitancy,
urgency). Table I summarizes each character’s role and key
attributes/actions, along with the corresponding voice design
targets used to realize their speech.

Pedagogically, the Primary Nurse serves as the central
witness and is positioned to reveal frontline workflow pressures
(e.g., workload and fatigue) as well as local conditions that
enabled the wristband mix-up. The Code Team Medical Student
represents a junior member who can surface hierarchy and
speaking-up dynamics during emergencies, creating oppor-
tunities for learners to practice eliciting information from
hesitant informants. The Code Team ICU Nurse is designed as
a more assertive safety advocate who identifies the wristband
ambiguity during the code, helping learners probe system-level
safeguards and workaround behaviors. The Code Team Doctor
reflects leadership priorities and time-critical decision-making
under pressure, allowing learners to explore how urgency and
institutional metrics can shape actions during a code. Finally,
the Respiratory Therapist/Anesthesiologist focuses on airway
management and visual status indicators, prompting learners
to examine whether safety signals were sufficiently clear and
redundant for high-acuity settings.

To ensure that each LLM-driven avatar reliably maintains
its assigned persona, we use a layered prompt structure with
explicit constraints. First, a role system prompt encodes the
character schema (profession, responsibilities, viewpoint, and
communication style) and establishes hard boundaries on
what the avatar can claim to have seen or known. Second,
a case grounding block provides the incident narrative and a
character-specific “known facts” list, reducing hallucination by
constraining answers to an approved knowledge set. Third, a
short behavioral policy enforces interaction norms (e.g., answer
strictly as the character; do not provide omniscient summaries;
if uncertain, state uncertainty and ask for clarification; avoid
inventing documentation that was not reviewed; keep answers
within a reasonable length; and remain consistent with prior
turns). In practice, these constraints are complemented by
lightweight runtime checks (e.g., maintaining a rolling memory

of prior claims and re-injecting a compact persona reminder)
to reduce drift over longer interviews.

Beyond textual persona control, we assign each character
a voice target that is consistent with their role and typical
affect during an RCA interview. These voice profiles function
as an additional modality-level constraint that helps preserve
characterization (e.g., a fatigued nurse sounds strained rather
than exuberant; a junior learner sounds hesitant; a physician
leader sounds steady and commanding). Operationally, we treat
voice design as part of the persona specification: each role
schema includes a short voice descriptor (tone, pace, intensity,
and emotional range), which is used to select or configure the
TTS voice and to maintain consistent delivery across turns.

D. Assigning States-of-Mind to Virtual Avatars

To reduce “scripted” interviews and train adaptive question-
ing, each avatar adopts one of five states-of-mind at the start of
an interview. The state-of-mind does not change the underlying
case facts the character may disclose; instead, it modulates how
information is presented (e.g., level of detail, willingness to
accept responsibility, emotional tone, and tendency to elaborate).
This design encourages learners to practice follow-up strategies,
clarification requests, and rapport-building techniques when
encountering reluctance, uncertainty, or frustration.

We implement states-of-mind using a dedicated style con-
troller prompt that is injected alongside the fixed character
schema. The prompt specifies (i) the target interview stance
(e.g., defensive vs. self-reflective), (ii) the preferred linguistic
markers (e.g., hedging, minimization, apology, formality), and
(iii) disclosure guidelines (e.g., “do not volunteer extra details
unless asked” for detached; “redirect blame unless pressed” for
defensive). Importantly, we separate content constraints from
style constraints: the character schema and case-grounding
block define what the avatar can know and say, while the
state-of-mind prompt determines how forthcoming, emotional,
or detailed the delivery should be. This separation reduces the
risk that style modulation changes factual content.

To keep behavior consistent across long interviews, the state-
of-mind is reiterated in a short reminder prefix for each turn
(e.g., “Maintain a frustrated tone; emphasize system issues;
avoid admitting fault unless directly asked.”). We also include
guardrails that prevent the avatar from breaking character (e.g.,
“do not speak as an AI”; “do not narrate the simulation”)
and from introducing facts outside the approved “known
facts” list. When the learner asks ambiguous questions, the
prompt instructs the avatar to request clarification rather than
guessing, which helps preserve both persona fidelity and factual
consistency.

E. Automated Evaluation of Simulation Sessions

The simulation includes an automated evaluation component
that assesses learner performance across two complementary
products of an RCA investigation: (i) the learner’s interview
process and (ii) the learner’s final written RCA report. At
a high level, the system treats each session as a structured
record composed of interview transcripts (time-stamped learner
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TABLE I. SUMMARY OF VIRTUAL CHARACTERS IN THE ICU FAILURE SIMULATION, INCLUDING ROLE ATTRIBUTES/ACTIONS AND VOICE DESIGN TARGETS.

Character Key attributes and actions Voice design target

Primary Nurse Fatigued and overworked; confused wrist-
band codes due to experience at another
hospital; delayed resuscitation while
searching for the chart.

Weary and slightly breathy tone reflecting
fatigue; professional but strained; may
convey frustration or defensiveness.

Code Team Medical Student Noticed the blue wristband but unsure of
its meaning; hesitant to speak up; relied
on others for direction.

Soft-spoken and hesitant with pauses indi-
cating uncertainty; youthful and tentative.

Code Team ICU Nurse Immediately raised concern about the
wristband; frustrated by lack of standard
DNR indicators; suggested DNR signage
above beds.

Direct and experienced; clear articulation;
slightly impatient at times but profes-
sional.

Code Team Doctor Led the code team; focused on rapid
defibrillation; frustrated by the delay; em-
phasized teamwork and clear protocols.

Calm and commanding; steady pacing;
urgency with control.

Respiratory Therapist / Anesthesiologist Managed airway; questioned reliance on
wristbands alone; recommended better
visual indicators for patient status.

Pragmatic and task-focused; concise de-
livery; occasional disbelief/concern when
noting system flaws.

questions and avatar responses) and a completed RCA report
template submitted at the end of the scenario. These artifacts
are then analyzed by an LLM-based assessment module guided
by analytic rubrics, producing both formative feedback (to
improve interviewing technique) and summative feedback (to
evaluate the quality of RCA synthesis and recommendations).

After completing interviews with the five virtual team
members, learners transition to a synthesis phase and complete
an RCA report using a structured template. The template first
captures basic event metadata, including the event title, date of
the event, dates the RCA was initiated and completed, and the
names and roles of the facilitator and team members. It then
guides learners through a stepwise RCA workflow. Learners
begin by selecting and describing the event, articulating why
the incident warrants investigation. They next document the
RCA charter and team formation, then build a detailed timeline
to establish a shared narrative of what occurred. The template
prompts learners to identify contributing factors linked to
specific steps in the timeline, then iteratively identify root
causes using structured “why” reasoning. Finally, learners
propose corrective actions that target identified root causes
and specify how success will be measured, encouraging a shift
from description to prevention-oriented planning.

The assessment module uses analytic rubrics to ensure
feedback is interpretable and actionable. Each rubric dimension
is scored and accompanied by a brief rationale, a description
of strengths and weaknesses, and concrete suggestions for im-
provement. For formative evaluation of interview performance,
the rubric emphasizes the learner’s depth of inquiry (e.g., use
of open-ended questions and targeted follow-ups), comprehen-
siveness of investigation (e.g., coverage of actions, decisions,
communication breakdowns, and system-level contributors such

as fatigue or unclear protocols), and active listening/adaptability
(e.g., probing inconsistencies and adjusting questioning strategy
in response to new information). The formative rubric also
evaluates whether the learner identifies and pursues key themes
relevant to the case (e.g., wristband meaning, role ownership,
protocol gaps, workload pressures, emergency communication)
and whether the learner maintains professionalism and clarity
throughout the interview.

For summative evaluation of the written RCA report, the
rubric focuses on the clarity of the problem statement and event
description, the correctness and completeness of identified
direct causes and contributing factors, and the depth of
systemic analysis (e.g., workflow design, protocol and training
gaps, and communication structures). It further evaluates how
effectively the report integrates interview evidence—including
triangulation across perspectives and acknowledgement of
contradictions or uncertainty—and whether proposed corrective
actions are specific, feasible, and appropriately targeted to root
causes rather than superficial fixes. Finally, the summative
rubric considers overall organization, coherence, and writing
quality, reflecting the expectation that an RCA report should
be clear enough to support implementation and accountability.

IV. DISCUSSION AND CONCLUSION

This paper documents an implementation-oriented RCA
simulation package for an ICU patient safety case, emphasizing
scenario specification, character and persona design, behavioral
variability via states-of-mind, learner deliverables, and rubric-
guided assessment scaffolds. A key goal of this work is
reusability: the artifacts are structured so they can be adopted
in multiple instructional formats and with varying levels of
technical infrastructure.
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TABLE II. STATES-OF-MIND USED TO MODULATE AVATAR DISCLOSURE STYLE AND TONE.

State-of-mind Behavioral signature in interviews Example dialogue snippet

Defensive Deflects blame; minimizes responsibility; may
redirect to policies, other roles, or external
constraints; can be vague unless prompted
with specifics.

“Placing wristbands isn’t really my job. I
assumed the ED had handled it. The cabinet
was a mess anyway.”

Self-Reflective / Honest Acknowledges mistakes; offers detailed
chronology; expresses regret; more likely to
volunteer contributing factors and opportuni-
ties for improvement.

“I should’ve double-checked the wristband
color. I just assumed, and that was a serious
mistake on my part.”

Confused / Uncertain Hesitant recall; inconsistent details; uses
hedging language; requires clarification and
timeline reconstruction.

“I think... it was the blue band that made
everyone pause? Or maybe someone said
something about DNR... I’m not totally sure.”

Overly Professional / Detached Formal and emotionally flat; answers nar-
rowly and literally; avoids interpretation or
speculation; limited volunteering of context.

“At the time of arrival, the patient was in
V-tach. I began airway management. I cannot
comment on code status decisions.”

Frustrated Emphasizes systemic problems; expresses
dissatisfaction with processes and resources;
may downplay personal mistakes; tends to
“vent” about organizational issues.

“This wouldn’t have happened if we had
standardized wristband colors. It’s ridiculous
how disorganized things are here.”

First, the case narrative and character role schemas can
be used beyond the Unity simulation itself. Instructors may
deploy them as paper-based RCA exercises, as interview-based
assessments (e.g., OSCE-style stations), or as guided small-
group activities in which learners practice eliciting perspectives
and reconstructing a timeline. Second, the states-of-mind
mechanism provides a lightweight way to introduce controlled
variability in interview dynamics. By shifting disclosure style
and emotional tone without altering the underlying facts, the
system encourages learners to practice adaptive questioning
strategies, clarification, and rapport-building in the face of
defensiveness, uncertainty, or frustration. Third, the structured
RCA template and analytic rubrics support consistent expec-
tations across instructors and cohorts. They can be used with
automated assessment to reduce faculty workload and provide
rapid feedback, or they can be applied in instructor-led settings
to standardize grading and feedback.

Overall, these materials are intended to lower barriers
to adopting simulation-based RCA training and to support
replication and adaptation across institutions and curricula.
Future extensions include expanding the scenario library to
cover a wider range of adverse events, refining persona
control to reduce drift over long interviews, and evaluating
how different configurations of automated feedback influence
learning outcomes and user trust.

APPENDIX

A. Sample Interview Transcript (Excerpt)

Below is an excerpt demonstrating a “Frustrated” primary
nurse interview style.

• Learner: Hello, I’m here to talk about the ICU incident
earlier.

• Primary Nurse (Frustrated): Hi. I’m here to discuss that,
too. It’s been... quite overwhelming, to say the least. Where
would you like to start?

• Learner: Why did the code team pause resuscitation?
• Primary Nurse (Frustrated): It was the wristband confusion.

At my other job, blue means allergy. Here it means DNR.
Everyone hesitated because of that.

• Learner: Have you ever seen this confusion before?
• Primary Nurse (Frustrated): Not here, but that’s exactly

the problem—different hospitals use different systems. It’s
frustrating.

• Learner: What would prevent this from happening again?
• Primary Nurse (Frustrated): Standardize wristband colors,

and organize supplies. Also, make it crystal clear who is
responsible for applying bands.

• Learner: Anything else contribute?
• Primary Nurse (Frustrated): Fatigue. I’ve been working

nonstop. That absolutely clouded my judgment.

B. Sample Assessment Output Format (Formative)

• Depth of Inquiry: 8/10. Strong open-ended questions and
relevant follow-ups; add targeted probes about decisions
during the code.

• Comprehensiveness: 7/10. Covered communication/protocol
issues; further explore staffing and training gaps.

• Active Listening: 9/10. Adapted questions to interviewee
comments; probe inconsistencies more explicitly.

Summative report feedback (example formatting):
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• Problem Statement: 9/10. Clear description of wristband
misinterpretation and resuscitation delay.

• Causes: Immediate 8/10; Contributing 9/10. Strong analysis
of fatigue and environment; add detail on hierarchy/speaking-
up dynamics.

• Solutions: 9/10. Practical and targeted; include accountability
and measurement plans.
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Abstract-Most de-identification methods are trained on English 

corpora, limiting cross-lingual transfer to German where 

annotated data are scarce. We evaluate transferability of state-

of-the-art approaches via a systematic review (Jan 2023 - Apr 

2025; 55 publications) and a controlled experiment on Graz 

Synthetic Clinical text Corpus. We compare BiLSTM-CRF, 

gELECTRA, and an 8B LLaMA-3 variant (SauerkrautLM), 

reporting entity-level precision, recall, and F1 score. The review 

shows a continued shift to transformers and hybrids but limited 

cross-language comparability due to heterogeneous datasets 

and metrics. On GraSCCo, BiLSTM-CRF is a reliable baseline 

(entity-level Micro-F1 = 0.96, Macro-F1 = 0.95). gELECTRA 

performs well on structured identifiers but drops on rare or 

variable categories (micro-F1 0.66) due to data/label sparsity. 

One-shot decoding with Llama-3.1-SauerkrautLM was 

unreliable under on-premises constraints. For German small-

corpus settings, compact encoders are the most pragmatic near-

term solution, while larger corpora will be necessary to realize 

full potential of transformer encoders like gELECTRA.  

Keywords-De-identification; GSA region; gELECTRA; 

BiLSTM; GraSCCo. 

I.  INTRODUCTION  

Clinical narratives are central to data-driven medical 
research, as they capture rich contextual information that 
structured health data cannot provide [1]. To enable secondary 
use, however, all Personally Identifiable Information (PII) 
must first be removed [2]. This process, known as de-
identification, poses particular challenges for free-text 
records, which are less predictable than structured fields [3]. 

Over the past decade, de-identification research has 
evolved considerably. Rule-based and hybrid systems remain 
relevant for well-structured entities, yet recent surveys (e.g., 
[1]) document a clear methodological shift toward data-driven 
approaches. Especially since the introduction of transformer 
architectures, such as BERT (Bidirectional Encoder 
Representations from Transformers) [4], deep learning 
methods have consistently achieved state-of-the-art (SoTA) 
performance, with F1-scores surpassing 95% on English 
benchmarks like i2b2 (Informatics for Integrating Biology and 
the Bedside) [5] and MIMIC-III (Medical Information Mart 
for Intensive Care) [1][6]. These corpora and results have 
effectively set the reference standard for de-identification. 
While these advances are impressive, they reflect an English-
centric research landscape. 

The dominance of English corpora means that most 
methods are trained and validated in data-rich settings, while 
other languages remain underexplored [7]. For German, the 
limited availability of annotated corpora presents a critical 
bottleneck. To our knowledge, as of June 2025, the only 
publicly available resource suitable for training and evaluation 
is the Graz Synthetic Clinical text Corpus (GraSCCo), which 
comprises 64 synthetic examples [8]. This scarcity not only 
limits model development but also hinders meaningful 
benchmarking and comparison [9].  

Moreover, linguistic and institutional differences reduce 
the straightforward transferability of English-trained methods 
[7][9]. High performance on English datasets does not 
necessarily generalize to German clinical contexts [10]. 
Consequently, developing effective methods for German de-
identification requires both methodological adaptation and 
careful evaluation under data-scarce conditions. 

This study addresses this gap by systematically analyzing 
SoTA approaches for clinical de-identification and evaluating 
their transferability to German data. To this end, promising 
methods are identified in international literature and applied 
to a small example dataset (GraSCCo). The study thereby 
explores the opportunities and limitations of modern 
approaches in a realistic data-limited scenario reflective of the 
current situation in clinical practice across the German-
speaking GSA region (Germany, Austria, Switzerland). The 
guiding research question is to what extent state-of-the-art 
methods can be adapted to support de-identification of 
German clinical free text under small-corpus constraints. 

This paper is structured as follows. Section 2 describes the 
methodology, combining a systematic literature review with a 
controlled laboratory experiment. Section 3 presents the 
results of both the literature review and the empirical 
evaluation on a small German clinical corpus. Section 4 
discusses the findings, focusing on methodological reliability, 
comparability, and cross-lingual transferability. Finally, 
Section 5 concludes the paper and outlines implications for 
practice as well as directions for future research. 

II. METHODS 

This study combines a systematic literature review with a 
laboratory experiment to assess the transferability of SoTA 
de-identification methods from English benchmarks to 
German data-scarce settings. 
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A. Literature Review 

As a starting point, insights into the current research 

landscape were obtained by analyzing the two major de-

identification challenges [5] and [11] and reviewing the 

recent comparative studies [1] and [2]. Building on these, a 

systematic literature review of international publications 

from January 2023 to April 2025 was conducted to capture 

the latest developments in clinical text de-identification.  

The review was guided by three central questions: (1) 

which methodological approaches have achieved the most 

reliable performance, (2) what challenges limit comparability 

across studies, and (3) to what extent can findings from 

English benchmarks be transferred to the German clinical 

context? 

The review followed Cooper’s [12] taxonomy across six 

dimensions: focus on both methods and outcomes, critical 

integration of findings, conceptual and methodological 

organization, neutral perspective, selective yet representative 

coverage, and orientation toward a scientific audience in 

natural language processing. Search was conducted primarily 

in IEEE Xplore and PubMed, supplemented by Google 

Scholar. Eligible studies focused on the de-identification of 

clinical free text, reported transparent methods and results, 

and included performance metrics, such as F1-scores (or, for 

generative models, accuracy).  

In total, 55 publications were reviewed, including more 

than 30 based on English data as well as the ten top-ranked 

methods summarized by [1]. For an in-depth analysis, the 25 

best-performing studies (measured by F1-score) were 

compared in detail. Generative language models, which often 

report accuracy instead of F1-scores, were analyzed 

separately to account for methodological differences.  

To capture the specific developments in the German 

research landscape, studies on German-language de-

identification were treated separately. In this case, all 

available publications up to May 2025 were included, 

regardless of their publication year or reported performance. 

Cooper’s taxonomy was therefore applied in a slightly 

adapted form, complemented by a chronological organization 

to trace the methodological development of German 

approaches alongside international trends. 

The insights from this review provided the basis for 

selecting candidate methods for the subsequent laboratory 

experiment, which evaluates their applicability under data-

scarce conditions. 

B. Laboratory work 

To complement the literature review and evaluate the 

most promising approaches under realistic data-poor 

conditions, we conducted a controlled experiment. 

Controlled experimentation allows for a systematic 

comparison of model architectures under constant conditions 

[13]. 

The independent variable was model architecture; the 

following systems were compared:  

• BiLSTM-CRF (Bidirectional Long Short-term 

Memory with Conditional Random Field): A 

bidirectional recurrent neural network with a 

conditional random field output layer, widely used 

for sequence labeling in data-limited natural 

language processing tasks [14][15]. 

• gELECTRA (German Efficiently Learning an 

Encoder that Classifies Token Replacements): A 

German-adapted ELECTRA transformer, fine-tuned 

for token-level de-identification [16][17]. 

• LlaMA-3.1-SauerkrautLM-8B-Instruct (Large 

Language Model Meta AI): An instruction-tuned 

large language model based on Llama-3.1-8B-

Instruct [18], fine-tuned on German-English data 

[19]. 

BiLSTM-CRF and gELECTRA were compared under 

identical conditions (dataset splits, runtime, and sentence-

aware chunking into 256-token windows with a 64-token 

stride, matching gELECTRA’s context). LLaMA-3.1 was 

evaluated separately in one-shot in-context mode on the same 

test set and metrics. Performance was measured by precision, 

recall, and F1-score (entity-level, micro- and macro-

averaged) on GraSCCo (64 synthetic German clinical notes 

annotated in accordance with the HIPAA/Safe Harbor 

identifiers [20]), split 80/20 into training and test sets. 

BiLSTM-CRF (SpaCy-based [21]) and gELECTRA were 

trained in Google Colab (T4; 20 epochs; weight_decay 0.01), 

while LLaMA-3.1-SauerkrautLM was run locally via Ollama 

[22] to simulate data-sensitive deployment without cloud 

access. The inclusion of LLaMA-3.1-SauerkrautLM was 

exploratory, intended to highlight the limitations of large 

language models (LLM) under extreme data scarcity. 

The working hypothesis was that with very small training 

sets (<100 texts), recurrent architectures, such as BiLSTM 

yield more stable de-identification performance than large 

pretrained transformer models or LLM-based one-shot 

approaches. The experiment thus examines whether compact 

recurrent or transformer models are more practical for de-

identification in GSA-region hospitals, where data and 

infrastructure are limited. 

III. RESULTS 

In the following, the results of the literature review and the 

experimental evaluation on GraSCCo are presented. 

A. Literature Review 

1) Overall trend 

Building on prior comparative reviews [1] and [2] and the 

shared tasks [5] and [11], our review of publications from 

January 2023 to April 2025 confirms the continued shift 

towards transformer-based approaches. Encoder-only 

transformer families (BERT, RoBERTa, DeBERTa, XLM-R, 

CamemBERT) dominate recent work (e.g., [37][42][46]). In 

many publications, the strongest systems appear to be hybrid 

pipelines that combine transformer encoders with rule-based 

modules, which reach top F1-scores above 0.98 (e.g., 
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[37][42]). In contrast, purely rule-based systems perform 

substantially worse on modern benchmarks (e.g., MITDeID 

around F1 ≈ 0.64 [23]).  

2) Model performance and state of the art 

Specialized transformer variants (e.g., [37][42]) and 

strong BiLSTM-CRF baselines (e.g., [39][40]) both achieve 

competitive performance with F1-scores ≥ 0.99, indicating 

that recurrent architectures can still be viable. The top 25 

systems by F1 are summarized in Table I, with hybrid and 

compact encoder models prevalent among the leaders. 

TABLE I.  TOP 25 STUDIES BY F1 SCORE  (JAN 2023 – MAY 2025) 

model lang data cat eval F1 

PubMedBERT [37] EN 
999 texts, 
i2b2 2014 

21 T, B 0.995 

Encoder with self-

attention [38] 
EN MIMIC-III 18* T, B 0.994 

LSTM-CRF [39] EN MIMIC-III 18* T, B 0.993 

BiLSTM-CRF [40] EN 
600 texts, i2b2 

2014 
5 

T, 

Mi 
0.992 

BiLSTM-CRF [41] EN MIMIC-III 21** T, B 0.991 

mDeBERTaV3 [42] ES 
MEDDOCAN 

[43] 
8 

E, 

Mi 
0.990 

BiLSTM-CRF [44] EN i2b2 2014 18* T, B 0.990 

Transformer- 

Ensemble [45] 
EN 

15’716 texts 

i2b2 2014 
21 

E, 

Mi 

0.989 

0.970 

BERT-Large [46] EN i2b2 2014 21** T, B 0.988 

BiLSTM [47] HU 15000 texts 10 T, B 0.987 

Seq2Seq [48] EN i2b2 2014 18* T, B 0.985 

BERT-Ensemble 

[49] 
EN i2b2 2014 18 

E, 

Mi 
0.985 

BiLSTM-CRF [50] EN i2b2 2014 5 T, B 0.983 

GRU [51] EN i2b2 2014 21** 
T, 
Mi 

0.981 

LSTM [52] EN i2b2 2014 7 T, B 0.980 

CamelBERT [53] AR i2b2 2014 17 T, B 0.980 

PI-RoBERTa [54] EN 
i2b2 2014 

(translated) 
8 

T, 

Mi 
0.980 

XLM-RoBERTa 
large [55] 

ES MEDDOCAN 9 
T, 
Mi 

0.976 

BERT(med)-

BiLSTM-CRF [56] 
ZH 33’107 texts 21** 

E, 

Mi 
0.976 

KoBERT [57] KO 11’281 6 T, B 0.971 

BiLSTM-CRF [58] FR 878’217 8 
T, 

Mi 
0.970 

ClinicalBERT [59] EN i2b2 2014 18* 
E, 

Mi 
0.967 

Mistral-7b [ 27] FR 9’097 texts 6 T, B 0.967 

BiLSTM-CRF [60] EN 
i2b2, CEGS 

N-GRID 
21 

E, 

Mi 
0.965 

Bert-base-german-
cased [30] 

DE 
i2b2 2014 

(translated) 
21** 

E, 
Ma 

0.960 

*18 HIPAA categories; ** i2b2 extended HIPAA categories; lang: language; cat: number of 

categories; eval: evaluation level (T: Token, E: Entity, B: Binary, Mi: Micro, Ma: Macro); 

  EN: English; ES: Spanish; HU: Hungarian; AR: Arabic; ZH: Chinese; KO: Korean; FR: French; 

DE: German. 

3) Generative LLMs  

Decoder-based LLMs are a fast-moving research area, but 

remain limited in reliability, precision, and clinical usability. 

Zero-shot named entity recognition is especially challenging. 

LLaMA-3-8B, for instance, can reach very high recall (≈ 

0.99) while yielding extremely low precision (entity-level F1 

< 0.20), reflecting hallucinations and prompt sensitivity [24]. 

GPT-4 can occasionally match the performance of fine-tuned 

BERT-class models on small datasets, but still struggles with 

complex identifiers (e.g., hospital names), risking semantic 

information loss [25]. Prompting and fine-tuning help, yet 

privacy and compliance concerns constrain the real-world 

use of cloud-hosted GPT (Generative Pre-Trained 

Transformer) models [26]. Open-source LLMs like Mistral-

7B show promise for local deployment when fine-tuned and 

quantized, though coverage across Protected Health 

Information (PHI) categories is often limited [27]. Overall, 

LLMs yield interesting experimental results, especially in 

few-shot settings, but remain less robust and transparent than 

compact encoder models, such as BERT. 

4) Datasets, Evaluation and Transferability 
Most studies rely on the i2b2-2014 benchmark, often 

combined with MIMIC-III or institutional hospital data. 
While this allows a certain degree of comparability, these 
benchmarks are repeatedly criticized for limited domain 
coverage and weak generalizability beyond the English-
speaking context [28]. Evaluations further differ in whether 
they are token- or entity-based and in the use of micro- vs. 
macro-F1, hindering cross-study comparability [1][2]. This 
heterogeneity also weakens cross-language transfer claims 
and motivates German-specific validation. 

Importantly for German, promising results were reported 
by Arzideh et al. [29] with gELECTRA and by Gunay et al. 
[30] using Bert-base-german-cased on machine-translated 
i2b2 2014 texts, both exceeding F1 > 0.95. These studies 
demonstrate that compact transformer models can achieve 
competitive performance even with limited resources, making 
them particularly relevant for the German-speaking clinical 
domain, where annotated corpora are small and access to real 
data remains highly restricted.  

B. Research Status for German De-Identification 

Research on German-language clinical text de-
identification has evolved from early rule-based and hybrid 
approaches to modern transformer-based and LLM-driven 
methods. Early work included the Averbis system [31][32], 
which combined metadata, rule-based tagging, and machine 
learning and reported near-perfect performance in specific 
settings. Subsequent studies explored regex-based methods 
[33] and sequence models, such as CRF and BiLSTM, with 
BiLSTM reaching up to 96% F-scores [34].  

More recent efforts integrated hybrid pipelines, such as 
Maskeeter [10], combining dictionaries, regex, and manual 
checks, while Gunay et al. [30] demonstrated strong 
performance (F1 ≈ 0.96) using German BERT model trained 
on synthetic and translated corpora.  

Arzideh et al. [29] benchmarked multiple transformer 
models (mBERT, medBERTde, gBERT, gELECTRA, XLM-
RoBERTa) on over 10’000 clinical documents, with ensemble 
strategies and gELECTRA achieving F1-scores up to 0.95, 
surpassing human annotators. At the same time, Sousa et al. 
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[35] tested zero- and one-shot prompting with LLMs (GPT-
3.5, GPT-4, LLaMA), which showed promising recall but still 
lagged behind classical architectures in precision and 
robustness. Finally, Wiest et al. [36] proposed a locally 
deployable, privacy-preserving pipeline based on quantized 
LLMs, achieving over 99% sensitivity and 98% specificity 
while offering end-to-end de-identification workflows, but 
PHI coverage breadth and reliability remain open issues.  

TABLE II.  BILSTM-CRF AND GELECTRA PERFORMANCE ON TEST-
SET-OBSERVED ENTITY TYPES  

Entity Precision Recall F1 Score S* 

Age 1.00 1.00 0.67 1.00 0.80 1.00 3 

Date 0.97 0.98 0.95 0.98 0.96 0.98 316 

ID 1.00 0.78 0.82 0.78 0.90 0.78 11 

City 1.00 0.89 0.92 0.89 0.96 0.89 12 

Hospital 1.00 0.57 1.00 0.67 1.00 0.62 19 

Organization 1.00 0.00 1.00 0.00 1.00 0.00 2 

Street name 0.80 1.00 1.00 1.00 0.89 1.00 12 

Postal code 1.00 1.00 1.00 1.00 1.00 1.00 5 

Clinician 

name 
1.00 0.67 0.94 0.63 0.97 0.65 68 

Patient name 1.00 0.89 0.87 0.94 0.93 0.91 55 

Title 1.00 0.78 1.00 0.85 1.00 0.81 72 

Profession 1.00 0.00 1.00 0.00 1.00 0.00 1 

Micro avg 0.98 0.89 0.94 0.91 0.96 0.90  

Macro avg 0.98 0.66 0.93 0.67 0.95 0.66  

*S: Support 

C. Laboratory results on small German corpus  

The experimental evaluation on the GraSCCo corpus (see 

Table II) revealed clear performance differences under data-

scarce conditions. 

• BiLSTM-CRF: Achieved the best overall entity-level 

performance with Micro F1 = 0.96 (Micro P = 0.98, 

Micro R = 0.94; Macro F1 = 0.95). Except for the 

entities age (F1 = 0.80) and street names (F1 = 0.89), 

all categories reached Micro F1 scores between 0.90 

and 1.00, indicating strong robustness, including on 

rare entities. 

• gELECTRA: Delivered Micro F1 = 0.90 (Micro P = 

0.89, Micro R = 0.91), but a substantially lower 

Macro F1 = 0.66, reflecting weaknesses on 

infrequent classes. Performance was near-perfect on 

structured entities (e.g., date: 0.98; postal code: 

1.00), yet lower on semantically variable or sparse 

categories (e.g., clinician name: 0.65, hospital: 0.62) 

and missed organization (support = 2) and profession 

(support = 1). 

• LlaMA-3.1-SauerkrautLM: The decoder model 

proved impractical in a one-shot setting. Although 

the output format was consistent, label assignment 

was unreliable, with frequent hallucinations, 

misclassifications, and omissions.  

IV. DISCUSSION 

On the small synthetic GraSCCo corpus (n = 64) [8][21], 

BiLSTM-CRF emerges as a reliable baseline (Micro-F1 = 

0.96; Macro-F1 = 0.95), consistent with prior evidence for 

recurrent models in data-scarce sequence tagging [15][16]. 

gELECTRA performs strongly on structured identifiers, 

while its Macro-F1 drop (Micro-F1: 0.90; Macro-F1: 0.66) 

for rare or semantically variable categories might be 

influenced by data scarcity and label sparsity and should not 

be taken as definitive evidence of an inherent encoder 

limitation [1][29][61]. Based on the results in Table I, we 

expect encoder-based transformers, such as gELECTRA to 

achieve substantially higher performance and greater stability 

on a larger, more realistic dataset. Given compliance and 

infrastructure constraints, BiLSTM-CRF provides a prudent 

baseline; hybrid systems that combine encoders with 

deterministic rules merit further exploration [1][2][10]. 

Recent work exhibits heterogeneous protocols (ranging 

from token- to entity-level metrics, and micro- vs. macro-

averaging) limiting comparability and possibly exaggerating 

perceived performance gains [1][2]. Our own experiment, 

though standardized, faces similar constraints due to its small 

synthetic corpus (GraSCCo, n = 64). In addition, 

implementation details, such as preprocessing and 

hyperparameters are often not mentioned in the publications. 

Together, these factors underline the need for transparent, 

harmonized benchmarking frameworks to ensure 

reproducibility and meaningful cross-study comparison. 
English shared Tasks and benchmarks catalyzed progress 

[5][11], yet linguistic/institutional differences and scarce 
German corpora limit direct transfer [3][7][8][9]. 
Consequently, German-specific validation is indispensable. 
Future resources will only be impactful if paired with 
consistent, openly documented evaluation protocols [1][2] 
[12][13].  

V. CONCLUSION AND FUTURE WORK 

Under small-corpus constraints, partial adaptation of 

English SoTA is feasible. When data are severely lacking, 

BiLSTM-CRF is currently the most reliable option. 

gELECTRA remains promising, but our present evaluation is 

insufficient to judge its full potential.  

 

Implications. For institutions in the GSA region with 

stringent privacy rules and limited annotation capacity, the 

most reliable near-term path appears to be a compact encoder 

(BiLSTM-CRF now and gELECTRA as data grow) 

complemented by deterministic components for highly 

structured PHI, deployed fully on-premises [1][2][10][16]. 

Results are preliminary given the synthetic, small-scale 

evaluation, and additional data plus careful tuning are likely 
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to narrow the gap for transformer encoders 

[1][8][16][17][20]. 

Looking ahead, further evaluation of gELECTRA on a real 

annotated corpus, potentially in combination with resources 

like the currently emerging German Medical Text Corpus 

(GeMTeX) [62], could provide a solid foundation for 

developing a privacy-compliant de-identification tool 

tailored to hospitals in the GSA region.  
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Abstract—Deep learning achieves high accuracy in coronary 
artery segmentation but lacks interpretability for clinical 
deployment. We present a benchmark of five Explainable 
Artificial Intelligence (XAI) methods (Gradient-weighted Class 
Activation Mapping (Grad-CAM), Grad-CAM-plus-plus, 
Score-CAM, Integrated Gradients, Local Interpretable 
Model-agnostic Explanations (LIME)) on coronary 
angiography images from the ARCADE dataset. We introduce 
a vessel-aware evaluation framework with four metrics, 
Pointing Game, Average Precision, Intersection over Union, 
Energy Concentration and systematically optimize layer 
selection and scoring strategies for each method across three 
patients. Gradient-based CAM methods achieved an aggregate 
score of 0.420, with consistent layer preferences across 
patients, while perturbation methods fail. Our 
findings establish Grad-CAM as optimal for coronary vessel 
explanation and demonstrate that layer optimization is 
method-specific but patient-invariant.  

Keywords-Explainable Artificial Intelligence (XAI); 
Coronary Artery Segmentation; Medical Imaging; Healthcare. 

I.  INTRODUCTION 
Cardiovascular Diseases (CVDs) remain the leading 

cause of mortality worldwide [1]. A critical aspect in both 
diagnosis and treatment planning is the analysis of coronary 

arteries, where stenosis, occlusions, or anatomical 
abnormalities can have life-threatening consequences. X-ray 
Coronary Angiography (XCA) is the clinical gold standard 
for visualizing the coronary vasculature [2], yet manual 
interpretation is labor-intensive, subjective, and prone to 
inter-observer variability [3]. Automated vessel 
segmentation can accelerate clinical workflows and provide 
consistent anatomical delineation, directly supporting 
decision making in coronary interventions and surgical 
planning.  

Deep learning has achieved state-of-the-art performance 
in medical image segmentation. Architectures such as U-Net 
[4] and its variants effectively capture fine vessel structures, 
enabling automated extraction of coronary artery trees from 
angiographic images [5][6][7]. However, despite these 
advances, most models are often treated as black boxes, 
offering limited insight into how predictions are made [8]. 
This opacity raises concerns in safety-critical clinical 
applications, where transparency and trustworthiness are as 
important as accuracy. In coronary imaging, a lack of 
explainability can hinder clinical adoption, as physicians 
must understand and validate the rationale behind automated 
vessel delineations before integrating them into diagnostic 
or interventional decisions. Misinterpretation of coronary 
anatomy, such as inaccurate boundary detection or missing 
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lesions, could directly affect treatment planning, stent 
placement, or surgical strategy [9].  

Explainable Artificial Intelligence (XAI) aims to bridge 
this gap by enhancing the interpretability of deep learning 
models. In coronary artery segmentation, XAI can highlight 
which image regions most influenced the model’s output, 
providing a visual rationale for automated 
predictions. While several XAI methods have been 
proposed, such as gradient-based (Gradient-weighted Class 
Activation Mapping (Grad-CAM) [10], Grad-CAM++ [11]), 
perturbation-based (Score-CAM [12]), and surrogate-model 
approaches like Local Interpretable Model-agnostic 
Explanations (LIME) [14], their effectiveness for thin, 
branching, and sparse vascular structures has not been 
systematically evaluated.  

In this work, we address this gap by implementing and 
benchmarking multiple XAI methods for coronary artery 
segmentation on the publicly available ARCADE dataset 
[6] using a U-Net model. Our goal is to provide a 
reproducible framework for evaluating explanation methods 
tailored to vascular imaging. We apply a set of vessel-aware 
quantitative metrics: Pointing Game [15], Average Precision 
[16], Intersection over Union [17], and Energy 
Concentration Ratio [18], that complement visual inspection 
and enable rigorous comparison. By analyzing results across 
multiple patients, we highlight which methods are most 
informative and practical for clinical use, ultimately aiming 
to improve the trustworthiness and adoption of AI in 
cardiology.  

The remainder of this paper is organized as follows. 
Section II reviews related work on XAI in medical imaging 
and coronary artery analysis. Section III describes the 
proposed methodology, including the dataset, model 
architecture, explainability methods, and evaluation metrics. 
Section IV presents the explanation evaluation framework.  
Section V reports the experimental results and quantitative 
comparisons. Section VI discusses the obtained findings and 
their implications. Finally, Section VII concludes the paper 
and outlines directions for future work. 

II. RELATED WORK 
In recent years, considerable research has focused on 

integrating XAI into medical imaging to enhance 
interpretability and clinical trust. These approaches aim not 
only to make deep learning models transparent but also to 
create conditions that support their safe deployment in 
clinical workflows.  

Do et al. [19] proposed a deep learning framework for 
diagnosing Coronary Artery Disease (CAD) using Single-
Photon Emission Computed Tomography (SPECT) 
Myocardial Perfusion Imaging (MPI) polar maps. Their 
ResNet152V2 model incorporated LIME, Grad-CAM, and 
RISE for interpretability, evaluated via deletion and 
insertion metrics to overcome limitations of qualitative 
heatmap inspection. Similarly, Papandrianos et al. [20] 
developed an RGB-Convolutional Neural Network (CNN) 

model for automatic CAD classification from SPECT MPI 
images, achieving 93.3 % accuracy and 94.6 % AUC, and 
used a Grad-CAM-based color visualization to explain 
model decisions. Beyond imaging, Goettling et al. [21] 
introduced xECGArch, an interpretable deep learning 
architecture for ECG analysis that combines short- and 
long-term CNN branches. They compared 13 XAI methods 
using perturbation analysis, demonstrating the value of 
systematic XAI evaluation for physiological signal 
interpretation.  

Bhandari et al. [22] applied Grad-CAM, LIME, and 
SHAP to classify chest X-ray images into COVID-19, 
pneumonia, and tuberculosis, showing that combining 
complementary XAI methods can improve visual 
interpretability. Their work highlighted the importance of 
multi-method comparison for clinical validation of deep 
learning models.  

Anand et al. [23] employed a U-Net architecture for 
coronary vessel segmentation in X-ray angiography, 
achieving strong quantitative results (mean F1 = 0.921) but 
without integrating explainability. Gao et al. [24] later 
proposed an ensemble framework combining deep learning 
and filter-based features for coronary artery segmentation, 
reporting high precision and sensitivity across 130 
angiographic images. These works demonstrate the maturity 
of segmentation pipelines but also the lack of explainability 
integration in vessel-specific contexts.  

Bhati et al. [9] provided a broad survey of XAI 
techniques in medical imaging, categorizing gradient-based, 
perturbation-based, decomposition, and attention-driven 
methods, and discussing challenges to clinical adoption and 
validation.  

Collectively, these studies show that while XAI is 
increasingly applied to medical imaging, quantitative 
evaluation of explanations, particularly for segmentation 
tasks involving thin, branching structures like coronary 
arteries, remains underexplored. To address this gap, our 
study focuses on systematically benchmarking multiple 
canonical XAI methods (Grad-CAM, Grad-CAM++, Score-
CAM, Integrated Gradients [13], LIME) on coronary artery 
segmentation, introducing vessel-aware evaluation metrics 
(pointing game, average precision, Intersection Over Union 
(IoU), energy concentration ratio) and ensuring 
reproducibility through open, well-specified implementation 
details.  

III. METHODOLOGY 
This section describes the overall methodology adopted 

in this study, including the dataset selection, the 
preprocessing steps, the segmentation model architecture, 
the evaluation metrics, and the explainability methods used 
to interpret and evaluate the model predictions. 

A. Dataset Acquisition and Preprocessing 
This study employs data from the ARCADE dataset 

which contains 1,200 X-ray Coronary Angiography (XCA) 
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images with pixel-level vessel annotations. The dataset is 
divided into 1,000 training and 200 validation images. Each 
image is accompanied by a binary mask labeling vessel vs. 
background. While ARCADE also provides region-specific 
annotations for 26 SYNTAX anatomical regions, this study 
focuses on binary segmentation to isolate the vessel tree as a 
whole. The dataset was converted into TFRecord format to 
enable efficient training and inference.  

Besides ARCADE there are other public datasets for 
coronary artery analysis, such as CADICA [25], XCAD 
[26]. CADICA provides annotated invasive coronary 
angiography videos; however, it is limited by a relatively 
small cohort size. XCAD includes segmentation masks for 
coronary arteries but offers fewer annotated samples and a 
restricted testing set. In contrast, the ARCADE dataset 
provides a large-scale, standardized benchmark with high-
quality pixel-level vessel annotations and a diverse clinical 
population. Its size, annotation quality, and task diversity 
make ARCADE particularly suitable for robust coronary 
artery segmentation and explainable artificial intelligence 
evaluation. Therefore, ARCADE was selected as the 
primary dataset for this study.  

To enhance vessel visibility and standardize inputs, 
several preprocessing techniques were applied. First, a white 
top-hat filter was used to enhance the contrast of bright 
vessels against the dark background. Through 
normalization, the intensity values were scaled from [0-255] 
to [0-1]. Lastly, Contrast Limited Adaptive Histogram 
Equalization (CLAHE) was applied to further enhance 
contrast. Collectively, these preprocessing steps enhance the 
visibility of thin vessel structures that are otherwise difficult 
to distinguish from background noise in XCA.  

B. Model Architecture and training configuration 
The segmentation architecture is based on the U-

Net model, selected for its proven versatility and strong 
performance in medical image segmentation. Several 
segmentation architectures were evaluated during 
preliminary experiments, with U-Net providing the best 
trade-off between performance and interpretability. The 
network comprises five encoder and five decoder 
stages. Each encoder block applies two 3×3 
convolutions with ReLU activation and HeNormal kernel 
initialization, followed by batch normalization, dropout, 
and max pooling for down sampling. Each decoder block 
performs 2× upsampling via a 3×3 transposed convolution 
(stride 2), concatenates the corresponding encoder skip 
connection, and applies two 3×3 convolutions. The final 
output layer uses a 1×1 convolution followed by 
a softmax activation to generate per-class probability 
maps. During training, a Centerline Cross-Entropy (clCE) 
loss was employed to emphasize accurate segmentation of 
thin and elongated coronary vessels [27]. This loss increases 
penalties for misclassification near vessel centerlines, 
helping preserve connectivity and reduce fragmentation in 
fine vascular branches, which is critical for clinical 
interpretability. 

C. Model Performance Evaluation 
To evaluate model performance, four metrics were 

selected, Precision, Recall, Dice Coefficient 
and IoU. Precision is the number of true positive results 
divided by the number of all positive results. It quantifies to 
avoid false detections.  

 
 Precision = TP/ (TP + FP) (1) 

 
TP, FP, and FN denote True Positives, False Positives, and 
False Negatives, respectively. 

Recall is the number of true positive results divided by 
the number of all cases that should have been identified as 
positive; in this case it measures how many true vessel 
pixels are successfully identified, reflecting the ability to 
capture thin and peripheral branches.  

 
 Recall = TP / (TP + FN) (2) 

  
Dice Coefficient quantifies the overlap between the 

predicted and ground truth masks by balancing precision 
and recall. It is widely used in medical segmentation 
benchmarks.  

  
 Dice = 2 ∗ TP / (2 ∗ TP + FP + FN) (3) 

  
The IoU metric measures the ratio of the intersection area 

to the union area between prediction and ground truth. It is a 
stricter metric that penalizes both false positives and false 
negatives, providing a more conservative measure of 
segmentation quality.  

 
 IoU = TP / (TP + FP + FN) (4) 

 

D. Explainability Methods 
To investigate how different explainability techniques 

perform in the context of coronary artery segmentation, five 
widely used XAI methods were evaluated. These methods 
represent different methodological families: gradient-based, 
perturbation-based, path integrated, and surrogate modeling 
approaches. Each method was selected to provide a diverse 
view of explainability approaches, as their underlying 
assumptions and outputs differ significantly.  

Grad-CAM is one of the most established methods for 
visualizing convolutional neural networks. It computes 
gradients of the target class with respect to the feature maps 
of the selected convolutional layer to produce a coarse 
localization heatmap of discriminative regions. Grad-CAM 
was included as a baseline for explainability in medical 
imaging tasks.  

Grad-CAM++ extends Grad-CAM by incorporating 
higher order derivatives into the gradient computation, 
enabling better capture of multiple relevant regions and 
small-scale structures. Given the thin and branching 
morphology of coronary vessels, Grad-CAM++ was 
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included to determine whether its improved sensitivity 
could lead to more precise vessel localization compared 
with standard Grad-CAM.  

Score-CAM generates heatmaps by weighting activation 
maps according to the model’s forward prediction scores, 
thereby eliminating the dependency on gradients. For each 
feature map, Score-CAM upsamples the activation to input 
resolution, masks the original image with this map, and re-
evaluates the model. The importance of the feature map is 
then derived from how much the masked input changes the 
model’s confidence relative to the baseline prediction. In 
our implementation, four scoring strategies were assessed 
based on the model outputs:  

Increase: Measures the confidence gain compared to the 
baseline prediction, emphasizing features that increase the 
likelihood of vessel detection.  

Absolute: Uses the raw predicted probability for the 
vessel class, directly weighting features by their 
contribution to class confidence.  

Entropy: Computes the negative entropy of the softmax 
distribution, rewarding feature maps that produce more 
confident predictions.  

Max-logit: Weighs maps according to the difference 
between the vessel and background logits, highlighting 
features that maximize class separation.  

By testing multiple scoring functions, we aimed to 
determine whether vessel-specific signal characteristics 
could be better captured through alternative weighting 
schemes. This method has the potential to generate 
smoother and less noisy explanations for vessel structures, 
compared to the gradient-based methods analyzed 
previously.  

Integrated Gradients (IG) explain model predictions by 
integrating gradients along a continuous path from a 
baseline input to the actual input. To reduce sensitivity to 
baseline selection, we averaged results over three baselines: 
a black image, Gaussian noise, and a mean-intensity image. 
IG provides theoretically grounded attributions that satisfy 
sensitivity and implementation invariance, and has been 
widely used in medical imaging. We applied IG to test how 
path-integrated attributions perform in coronary 
angiography, where vessel structures are thin and globally 
sparse. However, due to their gradient-based nature, IG 
explanations may emphasize vessel edges rather than the 
vessel interior, which is an important limitation explored in 
this study.  

LIME approximates a model’s decision boundary locally 
by fitting an interpretable surrogate model (e.g., linear 
regression) to perturbed versions of the input. We 
implemented LIME with Felzenszwalb superpixel 
segmentation, which groups neighboring pixels into locally 
homogeneous regions. This choice was motivated by the 
need to preserve vessel-like structures while reducing the 
dimensionality of the perturbation space. LIME was 
included because it is one of the most widely recognized 
model agnostic methods and is often used as a baseline in 

XAI research. In medical imaging, it has been applied to 
modalities such as chest radiographs and skin lesion images. 
In the context of coronary angiography, however, the 
superpixel-based approach introduces challenges: vessels 
are thin, elongated, and sparse, and a single superpixel may 
encompass both vessel and background regions. This can 
reduce the fidelity of the surrogate model and lead to 
fragmented or misleading explanations, which we explicitly 
evaluate in our experiments. 

 

E. Explanations Performance Evaluation  
To quantitatively evaluate the explanations produced by 

each XAI method, we implemented a set of vessel-aware 
metrics tailored for image segmentation. These metrics 
capture complementary aspects of explanation quality: 
localization accuracy, ranking ability under class imbalance, 
overlap with ground truth vessels, and concentration of 
attribution energy. All heatmaps were normalized to the [0, 
1] range prior to evaluation, ensuring consistency across 
methods.   

Pointing Game (PG) measures localization accuracy by 
testing whether the regions of highest attention overlap with 
true vessel structures. For each heatmap, we normalize 
intensities and select pixels above the 80th percentile as 
high-attention regions. These regions are compared against 
a dilated ground truth mask, which tolerates small 
misalignments in thin vessels. The PG score is the ratio of 
high-attention pixels inside vessels to the total number of 
high-attention pixels. A higher score indicates better vessel 
localization.  

Average Precision (AP) evaluates the ranking ability of 
heatmap values under class imbalance, since vessels occupy 
only a small fraction of the image. We flatten the 
normalized heatmap into prediction scores and the binary 
vessel mask into labels, and compute average precision 
across recall levels:  

  
 AP = Σₙ (Rₙ − Rₙ₋₁) Pₙ  (5) 

  
Rₙ and Pₙ are recall and precision at the n-th threshold. If 

the ground truth mask is empty, AP is set to 0.0. A higher 
AP score reflects the ability of an explanation to 
consistently rank vessel pixels above background pixels. 

IoU quantifies the overlap between binarized attention 
maps and vessel structures. Each heatmap is thresholded at 
the 80th percentile to create a binary mask of salient 
regions. We then compute:  

  
 IoU = TP / (TP + FP + FN) (6) 

  
IoU penalizes both false positives and false negatives, 
providing a strict measure of spatial overlap.  

Energy Concentration Ratio (ECR) measures how much 
of the explanation energy is concentrated within vessels 
compared to background regions. It is defined as:  
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 ECR= Σ (H∗M) / Σ H (7) 
  

where H is the normalized heatmap and M is the binary 
vessel mask. A higher ECR indicates that the majority 
of attribution energy is focused on true vessel structures 
rather than distributed across irrelevant regions.  

Together, these four metrics provide a comprehensive 
framework for evaluating XAI methods. PG emphasizes 
localization of the most salient activations, AP tests ranking 
performance under imbalance, IoU measures strict spatial 
overlap, and ECR captures global energy distribution.  

IV. EXPLANATIONS EVALUATION FRAMEWORK 
The proposed explainability framework compares each 

method’s heatmap with the ground truth vessel mask for the 
selected patients. For methods that require a layer choice 
(Grad-CAM, Grad-CAM++, Score-CAM), we systematically 
tested multiple candidate layers and retained the 
configuration that achieved the best metric performance. For 
Score-CAM, all four scoring strategies were applied on the 
tested layers, and the best-performing variant was reported. 
For IG, the attributions were accumulated over 100 steps, 
and only positive contributions were retained for the final 
explanation. For LIME, we implemented a vessel-focused 
setup. Images were segmented into superpixels using the 
Felzenszwalb algorithm (scale = 50, sigma = 0.3, min_size = 
20). A fixed random seed was used to ensure reproducibility. 
The prediction function was adapted to coronary vessels by 
combining per-pixel probabilities with a connectivity-based 
adjustment, favoring explanations that highlight continuous 
vascular structures. LIME explanations were generated with 
1500 perturbation samples and up to 150 interpretable 
features. To enable overall ranking of XAI methods, we 
computed an aggregate score defined as the unweighted 
average of the four evaluation metrics (PG, AP, IoU, ECR) 
for simplicity, clinical deployment could benefit from task-
specific weighting (e.g., higher weight on PG for 
localization-critical applications). This evaluation framework 
ensures that each XAI method is tested fairly under well-
specified conditions, and that reproducibility is guaranteed 
by reporting implementation details such as baseline choices, 
scoring functions, segmentation parameters, and random 
seeds.  

V. RESULTS 
This section presents the evaluation results in two parts: 

first, the segmentation performance of the U-Net model 
under different preprocessing configurations; and second, a 
quantitative and qualitative comparison of five XAI methods 
applied to three patient cases. 

A. Model Performance Results 
We evaluated the U-Net model under four conditions: 

baseline (no modifications), post processing only, filtering 
only, and post processing combined with filtering. The 
quantitative results are summarized in Table I: 

 
 

TABLE I. MODEL PERFORMANCE RESULTS FROM 
EACH TEST 

Metrics TEST 1 TEST 2 TEST 3 TEST 4 

Dice 0.653 0.653 0.677 0.679 

IoU 0.484 0.485 0.512 0.514 

Precision 0.712 0.712 0.720 0.721 

Recall 0.603 0.604 0.640 0.642 
 

 
Post processing consisted of morphological closing 

(radius=3) followed by removal of small connected 
components (<100 px). This step produced only marginal 
gains (+0.001 IoU, +0.001 Recall), suggesting that U-Net 
predictions were already smooth and contained limited 
spurious noise.  

Filtering, implemented via White Top-Hat vessel 
enhancement and CLAHE, had a stronger effect. Dice 
increased from 0.653 to 0.677 (+3.7%), IoU from 0.484 to 
0.512 (+5.8%), and recall from 0.603 to 0.640 (+6.1%), 
while precision remained essentially stable. These 
improvements indicate that filtering improved vessel 
contrast, enabling the network to capture more thin and 
peripheral branches without introducing false positives.  

The combination of filtering and post processing yielded 
the best overall performance (Dice=0.679, IoU=0.514), but 
only marginally above filtering alone. This suggests that 
filtering is the dominant factor driving improvements, while 
post processing provides small refinements.  

B. Explanations Performance Results 
We evaluated explanation performance on patients 15, 

148 and 237. Results are reported per metric (PG, AP, IoU, 
ECR) and summarized into a total score. We also present 
heatmaps for qualitative comparison.   

As explained in section IV we begin by testing Grad-
CAM and Grad-CAM++ on the selected layers to find 
which one performs the best metrics wise. Across all three 
patients the best performing layer was “activation” for these 
methods. Then we tested Score-CAM, this time the best 
performing layer for all patients was “conv2d_15” and the 
best scoring method was “entropy”. Lastly, we tested IG and 
LIME with the implementation that was explained in section 
IV. In Tables II, III, and IV, we can see how each 
explanation performed, across all metrics for each patient.  
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TABLE II. EXPLANATIONS PERFORMANCE RESULTS 
ACROSS EACH METRIC FOR PATIENT 15  

Method PG AP IoU ECR Score 

Grad-CAM 0.286 0.580 0.188 0.465 0.380 

Grad-CAM++ 0.286 0.580 0.188 0.465 0.380 

Score-CAM 0.200 0.416 0.143 0.283 0.260 

IG 0.145 0.059 0.067 0.068 0.085 

LIME 0.064 0.061 0.040 0.186 0.088 

 

TABLE III. EXPLANATIONS PERFORMANCE RESULTS 
ACROSS EACH METRIC FOR PATIENT 148 

Method PG AP IoU ECR Score 

Grad-CAM 0.223 0.714 0.129 0.491 0.389 

Grad-CAM++ 0.223 0.714 0.129 0.491 0.389 

Score-CAM 0.191 0.572 0.116 0.231 0.278 

IG 0.112 0.038 0.038 0.056 0.061 

LIME 0.048 0.054 0.027 0.165 0.074 

 

TABLE IV. EXPLANATIONS PERFORMANCE RESULTS 
ACROSS EACH METRIC FOR PATIENT 237 

Method PG AP IoU ECR Score 

Grad-CAM 0.268 0.691 0.179 0.541 0.420 

Grad-CAM++ 0.268 0.691 0.179 0.541 0.420 

Score-CAM 0.229 0.597 0.160 0.299 0.321 

IG 0.128 0.062 0.057 0.097 0.086 

LIME 0.055 0.083 0.036 0.268 0.111 

 
Overall, Grad-CAM and Grad-CAM++ performed the 

best across each metric for all three patients, while having 
the same values. Score-CAM achieved middling results, IG 
and LIME performed the worst.  

Now, for each patient, we present the heatmap from each 
explanation method. For added context we present the 
original X-ray image for each patient from the ARCADE 
dataset and the Ground Truth (GT) mask that was used to 
evaluate the explanations.  

We present images for patients 15, 148 and 237 in 
Figures 1, 2, and 3:  

 
 
 
 
 
 

 
 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 1. Comparison of heatmaps for patient 15: (a) Original image and 
GT mask, (b) Grad-CAM and Grad-CAM++, (c) Score-CAM, (d) IG and 

LIME. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 2. Comparison of heatmaps for patient 148: (a) Original image 
and GT mask, (b) Grad-CAM and Grad-CAM++, (c) Score-CAM, (d) 

IG and LIME. 

 

 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 3. Comparison of heatmaps for patient 237: (a) Original image and 
GT mask, (b) Grad-CAM and Grad-CAM++, (c) Score-CAM, (d) IG 

and LIME. 
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We observe that each ground truth mask is able to depict 

major coronary arteries with good continuity, making most 
of the vessel tree structure visible. However, some terminal 
branches don’t appear in them and there seem to be some 
discontinuities in some parts of each vessel structure.  

The heatmaps generated by Grad-CAM and Grad-
CAM++ are able to highlight the main coronary arteries 
with high intensity values (0.8–1.0) and assigning lower 
activations (0.4–0.6) to peripheral branches. For each 
patient these two methods generate almost identical 
heatmaps. Score-CAM is able to some extent, portray the 
vessel tree, but from the range of values on each heatmap, it 
has problems giving more attention to bigger vessels than 
the smaller branches. It also has a lot of background 
noise. IG primarily emphasizes vessel edges, while LIME 
highlights isolated regions rather than reconstructing the full 
vascular structure.  

VI. DISCUSSION 
The results indicate that Grad-CAM and Grad-CAM++ 

produced the most clinically meaningful explanations, 
achieving the highest aggregate scores and generating 
continuous activations along coronary centerlines. Grad-
CAM++ did not outperform Grad-CAM, suggesting that 
higher-order derivatives add limited value for thin vessel 
structures. Score-CAM localized vessels moderately 
well, but struggled to distinguish main vessels from smaller 
branches. Its superior performance of the entropy-based 
scoring suggests that uncertainty reduction is a better proxy 
for vessel importance. The optimal layer selection proved 
consistent across all three patients, suggesting that layer 
preferences are method-specific rather than image-specific, 
which simplifies clinical deployment. Moreover, Grad-
CAM benefits from final high-level features, while Score-
CAM's perturbation approach works better at intermediate 
feature levels where spatial resolution is higher. IG and 
LIME failed to capture vessel interiors or continuity, instead 
producing edge- or spot-like activations, reflected in very 
low composite scores.  

The four evaluation metrics offered complementary 
insights. PG assessed the localization of peak activations, 
AP measured ranking under class imbalance, IoU captured 
strict overlap after binarization, and ECR quantified the 
distribution of energy attribution. Using both continuous 
and thresholded metrics revealed distinct failure modes, 
such as diffuse attention yielding high ECR but low IoU. 
These findings highlight the need for multi-metric 
evaluation in medical XAI.  

Finally, qualitative inspection showed that CAM-based 
methods consistently highlighted large vessel trunks, while 
smaller branches were less emphasized. In some cases, 
CAM heatmaps appeared to reveal details not present in the 
ground truth, suggesting potential annotation limitations.  

VII. CONCLUSIONS AND FUTURE WORK 
We presented a systematic framework for evaluating 

explainability methods in coronary artery segmentation 
using the ARCADE dataset and a U-Net backbone. Our 
findings show that CAM-based methods, particularly Grad-
CAM and Grad-CAM++, provide the most reliable 
explanations, while perturbation and gradient-integration 
approaches, such as Score-CAM, IG, and LIME were less 
effective for thin vascular structures.  

Future work will expand this evaluation state-of-the-art 
architectures such as TransUNet or nnU-Net, larger and 
more diverse datasets, incorporate additional XAI methods 
(e.g., SHAP, concept-based explanations), and include 
expert evaluation by cardiologists to assess clinical usability 
while they also assess whether CAM-based explanations 
identify genuine anatomical structures missed during 
manual annotation. Integrating explainability into real-time 
clinical workflows and extending the framework to multi-
class vessel segmentation are also promising directions.  
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Abstract— Documentation burden in general practice reduces 
efficiency and productivity. This is particularly important as 
clinicians face increasing time pressures, and inaccurate 
documentation can compromise patient safety and continuity of 
care. Large language models may assist with automated note-
generation, but evidence of practical performance remains very 
limited. Existing studies are limited in number and often rely on 
simulated consultations or non-clinical settings, leaving 
uncertainty regarding real-world performance in primary care. 
This study assessed the accuracy of Heidi, an artificial 
intelligence medical scribe software, compared to manual note-
taking by medical students in a general practice setting. Across 
six consultations, Heidi achieved a mean accuracy of 84%, with 
most errors being minor or clinically non-significant, suggesting 
that AI-assisted documentation may safely support clinical 
workflows when combined with appropriate human oversight. 

Keywords-Artificial Intelligence; General Practice; 
Documentation; Efficacy; Heidi; Large Language Models; Note-
taking; Primary Care; Digital Health. 

I.  INTRODUCTION 
Effective documentation is a cornerstone of healthcare, 

requiring both accuracy and efficiency. It is crucial for patient 
safety, ongoing care, and adherence to legal standards. 
Generally, general practitioners rely on manual note-taking 
either during or after a consultation. However, this can be 
time-intensive and may interrupt the natural flow of doctor–
patient communication. Recently, artificial intelligence has 
become more prominent in healthcare. It is being used to 
support clinicians in optimising documentation without 
compromising the quality of patient communication. Among 
these tools is Heidi, a clinical documentation system powered 
by artificial intelligence, which is designed to improve the 
accuracy, consistency, and speed of consultations.  

Started in 2019 [1], Heidi is a medical scribe that uses 
Artificial Intelligence (AI) and Natural Language Processing 
(NLP) to convert real-time or recorded speech into structured 
clinical notes. It aims to streamline administrative tasks for 
medical professionals by generating formatted, editable 
documentation aligned with clinical standards. Therefore, it 
gives clinicians more time to prioritise patient-centred care 
and minimise post-consultation administrative tasks.  

There have been few studies comparing AI note-taking in 
comparison to manual note-taking in consultations, one of 
which compared ChatGPT, Heidi and manual notes in 

accuracy, readability and efficiency to generate dermatology 
consultation letters [2]. Heidi was found to be the most 
consistent and reliable for clinical implementation [2]. The 
aim of our study was to compare the efficacy of AI note-
taking software with healthcare professionals' note-taking in 
a general practice setting in England, particularly when being 
utilised by medical students. It explores whether Heidi can be 
practically and advantageously integrated into general 
practice, contributing to the wider conversation about the 
growing role of technology in healthcare settings. 

In Section 2, we outline our methods of evaluating  Heidi’s 
performance. In Section 3, we start looking at trends seen in 
our data which we put in a wider clinical context in Section 
4, alongside beginning to predict future work and 
implementation.  

 
II. METHODS 

Heidi, an AI medical scribe designed to automate clinical 
documentation, was used for the purpose of this study. Heidi 
was chosen due to the ease of use, low running cost and it 
being one of the few AI tools being particularly developed 
for use in healthcare at the time. We had no prior association 
with nor were we approach by Heidi for the purposes of this 
study.  

Across six consultations, AI generated and medical 
student generated notes were composed. Three reviewers 
used a four-section classification and 18-point rubric to 
assess the accuracy of both types of notes for each patient. 
Scores were also analysed qualitatively depending on the 
length and complexity of the consultation. Heidi produced 
complete notes for all six consultations. The mean accuracy 
score was 84% when excluding irrelevant inaccuracies, with 
two consultations receiving perfect scores. Most inaccuracies 
reflected omissions or minor contextual misunderstandings, 
and clinically significant inaccuracies were rare. Heidi 
demonstrated high accuracy and potential as an assistive 
documentation tool in general practice.  

Before the study, test runs were conducted to assess 
Heidi’s features and its ability to recognise different accents 
and multiple people talking in the same consultation. The free 
version of Heidi was utilised. Six patients participated in the 
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study. Five in-person patients provided written informed 
consent to use the Heidi software, have the consultation 
recorded and use their consultation notes for the study. One 
patient who had a telephone consultation provided informed 
verbal consent. Heidi is in compliance with the Data 
Protection Act and ensures the secure management of data for 
both the NHS and private practice. Consultations were 
carried out by two medical students at a time. The primary 
medical student carried out the consultation while the second 
medical student monitored software functionality. The 
primary medical student took brief notes in a notebook during 
the consultation. They were given three minutes at the end to 
collate and finalise their consultation notes on a computer. 
This time pressure was utilised to simulate a realistic setting 
in a general practice. All primary medical students used this 
method to standardise note-taking style. Heidi was activated 
at the start of the consultation and stopped before the general 
practitioner arrived and reviewed the patient. The AI notes 
were transcribed and generated in real time by Heidi. The 
note template used on Heidi for all patients was the “General 
Practitioner’s note”. Management plans were not included or 
analysed in this study.  

The patient consultations of this study spanned over three 
months, during which Heidi updated its note template and 
transcript formats. Variations in consultation note formats 
were taken into account during analysis. Three medical 
students independently reviewed both the AI and human-
generated consultation notes. The following rubric was used: 
The consultation was divided into six sections: 
Presenting Complaint, Past Medical History, Medication 
History (Including Allergies), Social History, Family History, 
Examination (If Applicable).  
The consultation was marked under four classifications: 
1. Accurate 
2. Inaccurate, Will Not Make a Difference (Inaccurate 
WNMD) 
3. Inaccurate, Will Make a Difference (Inaccurate, WMD) 
4. Not Applicable (N/A).  

Each section of the consultation was marked under one of 
the four classifications. The results were collated, and a 
consensus was reached after discussion.  

Next, a quantitative analysis was performed. Each 
transcript was scored under a 3-2-1 system which was 
discussed and agreed upon by three reviewers. This system 
assigned each of the classifications points: Accurate (3 
points), Inaccurate WNMD (2 points), Inaccurate WMD (1 
point), N/A (3 points). A section was classified as inaccurate 
if there was a discrepancy in it between student notes and 
Heidi’s notes. A section was classified as N/A if it was not 
covered in the consultation, and this absence was confirmed 
in the transcript, student notes, and Heidi's notes. N/A was 
assigned 3 points because these items were genuinely not 
applicable to the consultation, and therefore could not be 
classified as inaccurate. Treating them as maximally accurate 
prevented artificial deflation of overall accuracy scores. Each 
patient transcript was scored out of 18. The frequency of each 

classification under each section was calculated (e.g., the 
presenting complaint was accurate in 3 out of 6 patients). 
Additionally, the total frequency of each classification was 
calculated (e.g., 5 sections were classified as Inaccurate 
WMD). While the approach to evaluating AI-generated 
documentation was similar to that described by Farooq et al. 
[2], the human comparator differed, with this study using 
simultaneous manual note-taking by medical students rather 
than clinician dictation and medical transcription.  

 
III. RESULTS 

Overall, 36 sections were assessed, of which 4 were 
labelled as N/A. These sections were excluded from analysis 
as they do not influence the evaluation of Heidi’s efficacy, 
leaving 32 total sections classified (Table 1). The amended 
classification yielded an overall accuracy rate of 59% (Figure 
1). When Inaccurate WNMD sections, which do not affect 
the overall quality of patient notes, are included, the effective 
accuracy by section rises to 84%. Despite this, 16% of 
sections remain inaccurate, highlighting areas where Heidi’s 
notes may require verification (Figure 1).  

Each patient note was scored based on the classification of 
its individual sections, with a maximum possible score of 18 
(see Methods). Because patients presented with varying 
complaints and consultation complexities, this scoring 
allowed Heidi’s efficacy to be assessed in the context of each 
patient. Patients 5 and 6 both achieved perfect scores, 
reflecting simpler consultations compared to patients 1–4 
(Table 2). Overall, Heidi scored 90 out of a possible 108 
points, corresponding to an overall accuracy by patient of 
83%, a very similar result (Table 2). 
 

TABLE I: CLASSIFICATION OF 32 SECTIONS 

Classification Number 
Accurate 19 
Inaccurate WNMD 8 
Inaccurate WMD 5 
N/A 4 
Total 36 
Total excluding N/A 32 

 
  

Figure 1: Pie chart showing percentage by classification 
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TABLE II: POINTS SCORED PER PATIENT 

Patient Note Score 
Patient 1 13 
Patient 2 14 
Patient 3 13 
Patient 4 14 
Patient 5 18 
Patient 6 18 
Overall Score 90 
Total Possible Points 108 

 

 
       
 TABLE III: CLASSIFICATION OF PRESENTING COMPLAINT 

PC Number of Sections 
Accurate 3 
Inaccurate WNMD 1 
Inaccurate WMD 2 
N/A 0 

 
 

TABLE IV: CLASSIFICATION OF PAST MEDICAL HISTORY 

PMH Number of Sections 
Accurate 3 
Inaccurate WNMD 3 
Inaccurate WMD 0 
N/A 0 

 
 

TABLE V: CLASSIFICATION OF MEDICATION HISTORY 

MH Number of Sections 
Accurate 4 
Inaccurate WNMD 1 
Inaccurate WMD 1 
N/A 0 

 
TABLE VI: CLASSIFICATION OF SOCIAL HISTORY 

SH Number of Sections 
Accurate 4 
Inaccurate WNMD 2 
Inaccurate WMD 0 
N/A 0 

 

TABLE VII: CLASSIFICATION OF FAMILY HISTORY 

FH Number of Sections 
Accurate 3 
Inaccurate WNMD 1 
Inaccurate WMD 1 
N/A 1 

 
TABLE VIII: CLASSIFICATION OF EXAMINATION 

Examination Number of Sections 
Accurate 2 
Inaccurate WNMD 0 
Inaccurate WMD 1 
N/A 3 

 
Each section (as outlined in Methods) was scored 

according to the number of classifications received across the 
six patient notes (Accurate, Inaccurate WNMD, etc.). Using 
the same scoring system, each section was assigned a 
maximum score of 18, with each section repeating six times 
for six patients and being scored a maximum of 3 points 
(Table 2). (Tables 3-8) portray accuracy by section (e.g., 
presenting complaint). Comparison of these scores 
highlighted the Presenting Complaint (PC) as the poorest 
performing section, with a score of 13 (Figure 2). The 
remaining sections performed similarly, each scoring 15 or 
16 points, indicating consistency in Heidi’s accuracies and 
inaccuracies. 

IV. DISCUSSION 
Looking at the data that was collected, Heidi performed 

consistently better than initial expectations. Large Language 
Models (LLM) had been garnering attention for their 
hallucinatory tendencies and how they frequently produced 
incorrect or fictional information while generating text [4]. 
Heidi, as an LLM, was expected to exhibit some of the 
hallucinatory tendencies seen in other non-healthcare specific 
LLMs. This was one of the main concerns explored, as 
inaccurate information in patient notes poses a direct risk to 
patient safety. According to NHS England, “missing, 
inaccurate, or non-standard information can lead to 
inconsistent care and risk the quality and safety of care 
delivered” [3]. If inaccuracies in Heidi’s generated notes 
reach a significant threshold, this raises concerns that 
attempts to improve productivity and reduce administrative 
burden may inadvertently compromise patient safety. 

During transcription, we observed one instance of Heidi 
‘hallucinating’ where it recorded that a patient had a sister 
instead of a brother. This was classified as ‘Inaccurate 
WNMD’, as although the detail was incorrect; it did not 
directly affect patient care. This raises the question of 
whether such inaccuracies may affect patient confidence. 
Patients now routinely access their consultation records via 
the ‘Patient Access’ and ‘NHS’ applications. Although 
inaccuracies within the WNMD section do not directly 
influence clinical management, they may nevertheless shape 
patients’ perceptions of the overall quality of care received. 
Such perceptions have the potential to alter the dynamics of 

Figure 2: Bar chart demonstrating numerical performance by section  
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the doctor–patient relationship, where even subtle erosions of 
trust could contribute to suboptimal patient engagement and, 
consequently, less favourable long-term outcomes. 

Overall, Heidi’s outputs were consistently accurate or very 
close to accurate, with only 5 out of 36 sections formally 
classified as inaccurate and making a difference. It raises the 
question as to what is considered an acceptable standard in 
health. When combined with a professional or student 
performing a final review before integration into patient 
records, these findings suggest that Heidi could substantially 
reduce the administrative burden while maintaining accuracy 
and ensuring patient errors are not made. 

When analysing scores by patient transcript, it was 
observed that Patients 1–4 presented with more complex 
conditions, either as first-time presentations or due to 
extensive past medical histories. In contrast, Patients 5 and 6 
represented comparatively ‘simpler’ consultations, without 
complex comorbidities or the need for extensive physical 
examinations. Heidi performed at least on par with, and in 
some cases better than, the student’s notes for Patients 5 and 
6. The lowest scores were seen in Patients 1 and 3, each 
receiving 13/18, which aligned with the greater complexity 
of their cases.  

During the review of the independent analyses, occasional 
disagreements arose regarding whether certain points should 
be classified as ‘Inaccurate WMD’ or as ‘Inaccurate WNMD’. 
Because the overall evaluation focused on Heidi’s accuracy 
in the context of patient safety, the final decision consistently 
leaned toward the more conservative option by classifying 
points as ‘Inaccurate WMD’ when there was uncertainty. The 
category of ‘Inaccurate WNMD’ was used for minor errors 
or irrelevant details that a student would not typically record. 
Considerable discussion centered on what degree of 
inaccuracy constitutes a genuine patient safety concern. 
Consequently, when calculating final accuracy percentages, 
sections labelled as ‘Inaccurate WNMD’ were not regarded 
as posing a direct risk to patient safety and were therefore 
included in the overall accuracy score.  

 From a medical education perspective, Heidi can help 
students focus more on developing the soft skills of patient 
engagement, while also providing a secondary reference 
against which they can check their own notes during 
placement. Nevertheless, this raises an important concern 
regarding how to ensure that clinicians consistently conduct 
thorough reviews and whether insufficient oversight could 
inadvertently increase risks to patient safety. Addressing this 
question lies beyond the scope of the present study but 
provides scope for further research. 

While Heidi exceeded expectations in this study, it comes 
with its limitations. As with any AI input system, Heidi could 
not interpret when a patient would point to body parts to 
explain their symptoms. Heidi transcribed statements 
verbatim without contextual interpretation on certain 
occasions. For instance, if a patient said they had a ‘dry cough’ 
but produced ‘green mucous’, Heidi would state the same in 
the notes. However, a dry cough by definition does not 

produce mucus. Additionally, Heidi had limited capability to 
correct information. It frequently stated the first thing a 
patient said, even if they changed their description throughout 
the duration of the consultation. Heidi’s notes described 
negative signs and symptoms that a patient had been asked 
about (no fever, no chest pain) while notes taken by 
healthcare professionals generally only include positive signs 
and symptoms unless negative symptoms are diagnostically 
relevant. While these may be accurate, the question arises of 
whether recording too much could lead to an information 
overload where important details are overlooked.       

Our study has several limitations. We had a small sample 
size of six patients, which limits statistical power and the 
ability to generate findings or test for significance. A 
reviewer bias may prevail over the descriptive analysis 
carried out, as whether a point will or will not make a 
difference can be subject to interpretation. The reviewers 
were medical students, so judgments about clinical 
significance may differ from experienced practitioners. 
Natural variation in typing speed and computer proficiency is 
expected between medical students, as would be expected 
between different general practitioners. Additionally, 
medical students were aware that their documentation would 
be evaluated, which may have introduced a Hawthorne effect, 
potentially inflating note quality relative to routine practice. 
Other factors, such as usability and clinician/patient 
satisfaction were not measured. This study was only carried 
out in a general practice setting, but further research should 
be carried out in different medical settings where outcomes 
may differ. This study is biased towards one AI tool. Finally, 
our findings relate to the version of Heidi used during the 
study. As it is a continually updated software, updates may 
change accuracy and performance 

V. CONCLUSION AND FUTURE WORK 
All things considered, Heidi achieved an impressive 

accuracy rate of 84%. While complete accuracy may be an 
ambitious expectation, even small inaccuracies carry 
potential implications for patient safety. This reinforces the 
necessity (emphasised by Heidi itself upon login) that all 
generated notes must be reviewed before integration into 
patient records. Heidi functions effectively as a supplement 
to human documentation but is not yet capable of replacing a 
general practitioner. Its main strength lies in reducing 
administrative burden: by generating draft notes, it allows 
clinicians - or medical students, in this case, to concentrate 
more fully on patient interaction during consultations, with 
their role shifting to reviewing and correcting the output. 
Further research needs to be carried out with larger sample 
sizes and in a variety of settings to gain more clarity on this 
subject.  It could place attention on long-term effect studies 
to evaluate how medical scribe use influences clinician 
burnout, efficiency, and patient outcomes over months or 
years.  
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Larger multi-centre studies would generate stronger 
evidence of long-term advantages and possible drawbacks of 
AI medical scribes. This trial was not blinded, but future 
iterations could address this by using practices that routinely 
record calls and document consultations manually. These 
recordings and notes could then be randomly selected for 
review, helping to minimise perfectionism bias that may arise 
when clinicians or students are aware that their 
documentation is being assessed. As well as this, comparative 
studies should be carried out to compare Heidi against other 
AI-driven scribes, such as ChatGPT, DeepScribeAI, Nuance 
DAX, Suki AI, Abridge, evaluating which system is the most 
effective in terms of efficiency, accuracy, and user 
satisfaction. Given that AI medical scribes vary in their 
intended purpose, from primary care workflow support to 
cost efficiency, and clinician explainability, further studies 
should have evaluation frameworks that measure outcomes 
aligned with the scribe’s intended use. These studies could 
compare their use in a general practice setting versus a 
hospital setting, as well as comparison across different 
specialities, including psychiatry, paediatrics and surgery, to 
assess whether effectiveness differs by clinical context. It’s 
important that future research investigates cost-benefit 
analyses to assess if the increase in efficiency from an AI 
medical scribe outweighs the implementation costs. The 
wider financial impact of adopting the system at a regional or 
national scale should also be determined. This would provide 
crucial data to optimise resource allocation and support 
decisions on large-scale implementation. 

Research should evaluate the impact of AI medical 
scribes on both patient and staff experience. Regarding 
patients’ experience, patient satisfaction, communication, 
and privacy concerns should be explored. Notably, patients 
attending for mental health–related consultations were less 
willing to participate, highlighting important considerations 
regarding patient attitudes toward the use of AI in clinical 
settings. In reference to staff experience, clinician burnout is 
often linked to excessive administrative workload, so further 
studies can demonstrate whether the use of AI scribes can 
reduce administrative burden and therefore improve clinician 
wellbeing. The current landscape underscores the need for 
robust evidence on the safety, efficiency, and real-world 
performance of large language models, as highlighted by the 
NHS [3], before their broader deployment in medical 
documentation. Given the rapid advancement of digital 
technologies, this study aims to evaluate whether such tools 
can enhance clinical efficiency by reallocating clinician time 
toward direct patient care. This question is increasingly 
pertinent as AI becomes more accessible and further 
embedded within healthcare systems. Another important area 
of research is the effectiveness of the integration of Heidi 
with different Electronic Health Records (EHR), such as Epic 
and EMIS, as smooth integration is needed for its practical 
use. Such studies should investigate whether integrating 
Heidi with EHR systems would impact the accuracy of 
documenting records and operational workflow.  

Occasional errors, such as missing medications from the 
patient’s history, could lead to incomplete or inaccurate 
records and pose risks to patient safety. This does not exclude 
the possibility that Heidi may eventually achieve full 
accuracy; however, in its current form, the system still 
necessitates a degree of clinician oversight, as acknowledged 
by the software itself. From a psychological standpoint, 
increasing software accuracy may paradoxically reduce the 
robustness of final human review over time, as clinicians 
become less vigilant when errors appear infrequent. It could 
therefore be argued that the software is, in some respects, 
safer when errors are more common, as this heightened error 
frequency prompts greater clinician alertness. Nevertheless, 
an inaccurate scribe ultimately presents a significant safety 
concern. Implementing structured safety checks similar to 
those embedded in electronic prescribing systems. may 
provide a viable mitigation strategy. 

In conclusion, this study adds to the growing body of 
research demonstrating the promise of AI-assisted clinical 
documentation. Ensuring that AI scribes genuinely enhance 
patient care, support clinician workflow, and maintain high 
standards of clinical governance will be critical to their 
responsible integration into routine practice. 
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Abstract — Lifestyle-related chronic conditions are 

increasingly emerging during childhood and adolescence, 

highlighting the need for effective early prevention strategies 

beyond traditional care settings. Although digital health 

technologies enable continuous monitoring and personalized 

support, many fail to sustain engagement or deliver actionable 

insights to Health-Care Professionals (HCPs). This paper 

presents SmartCHANGE, an integrated digital ecosystem that 

combines AI-based risk prediction with lifestyle change 

support. The system includes HappyPlant, a gamified mobile 

app for children and families, and a web-based application for 

clinicians. While the app promotes healthy behaviors through 

goal-setting and personalization, the HCPs web app supports 

data interpretation and tailored feedback. Preliminary 

findings indicate strong user acceptance and improved clinical 

efficiency, suggesting potential for scalable preventive care. 

Keywords: non-communicable diseases; digital tools; lifestyle 

change; preventive healthcare. 

I.  INTRODUCTION 

Non-communicable Chronic Diseases (NCDs), including 

diabetes and cardiovascular conditions, are increasingly 

diagnosed during childhood and adolescence and are 

strongly associated with poor nutrition, physical inactivity, 

and other modifiable lifestyle factors. These behaviors often 

develop early in life and persist into adulthood, increasing 

long-term health risks and healthcare burden [1]. Effective 

early prevention is therefore essential; however, 

conventional healthcare models provide limited insight into 

young patients’ daily behaviors between consultations, 

constraining timely intervention. Digital health technologies 

offer opportunities for continuous monitoring and 

personalized support outside clinical environments. Despite 

this potential, many existing solutions struggle to maintain 

engagement among young users and rarely provide HCPs 

with clinically actionable insights [2] [3]. Adolescents 

respond more positively to supportive, personalized, and 

playful experiences than to risk-based messaging, while 

clinicians require interpretable analytics that integrate 

efficiently into clinical workflows. 

 

To address these challenges, this paper introduces 

SmartCHANGE, an integrated digital ecosystem that 

combines AI-based risk prediction with lifestyle change 

support across two interconnected platforms: HappyPlant, a 

mobile application for children and families, and a web-

based application for HCPs. In Section II, the methodology 

adopted is presented, while in Section III we describe the 

system design and architecture, and report initial findings 

from early deployment and formative evaluation. A 

discussion about the current findings is reported in Section 

IV along preliminary conclusion drawn in Section V. 

II. METHODOLOGY 

SmartCHANGE was developed through an iterative co-

design process involving children, families, and HCPs 

across Europe to identify user needs, engagement barriers, 

and expectations for preventive technologies. Children and 

families preferred systems that emphasize positive 

reinforcement, offer clear and achievable goals, and enable 

playful, personalized interaction. Clinicians highlighted 

challenges such, as limited consultation time, limited insight 

into patients’ daily behaviors, difficulties translating data 

into actionable guidance, and maintaining continuity of care 

beyond clinical visits. These inputs directly informed the 

system’s design and functional requirements, ensuring 

alignment with real-world workflows and developmental 

needs.  

The SmartCHANGE solution (see Figure 1) adopts a 

modular, microservices-based architecture to enable 

scalable and secure deployment. It includes the HappyPlant 

mobile app, a web application for HCPs, and a backend for 

data processing, AI services, and security. Data from 

wearables and questionnaires are securely transmitted to the 

backend, where predictive models update risk estimates. 

The platform complies with GDPR, using encryption, 

pseudonymization, and audit logging, while OpenID 

Connect supports secure, role-based access. 
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Figure 1: SmartCHANGE overall solution architecture 

 

Machine-learning models trained via federated learning 

estimate health risk from longitudinal data. The models are 

neural networks that take primarily behavioural risk factors 

as input (physical activity, diet, fitness, sleep, smoking, 

alcohol consumption and body mass index) and output the 

risk of cardiometabolic disease until the age of 65 years. 

The models were trained on seven datasets that track health 

variables of thousands of people over more than 40 years. 

Clinicians receive interpretable outputs, and users receive 

age-appropriate, goal-oriented feedback to encourage 

lifestyle change.  

Feasibilty of SmartCHANGE tools has been planned 

through a 3-months observational study across five sites 

(Portugal, Slovenia, Finland, the Netherlands and Taiwan) 

and will engage around 100 children aged 6-10 years and 

their families, plus about 150 adolescents aged 11-14 years. 

Real-world settings will be used, which means that each of 

the sites will involve type of HCPs depending on the 

standard of care in a particular setting (i.e., school nurses, 

family physicians or pediatricians). 

III. RESULTS 

A. HappyPlant 

The HappyPlant mobile app was developed as a lifestyle 

change companion for adolescents and families, translating 

complex lifestyle guidance into an engaging, game-based 

experience. HappyPlant designs were evaluated during 

several co-design sessions with end-users and subsequently 

tested during an initial internal deployment phase in which 

more than 30 testers used the app over approximately three 

months. In the final end-user evaluation, usage data and user 

feedback will be collected to assess feasibility, engagement, 

and usability. 

Users adopt a digital plant that grows as they earn 

“Growth Water” through positive behaviors, such as being 

physically active and completing healthy lifestyle 

challenges. To support behavior change, the app provides 

personalized daily and weekly goals related to movement, 

sleep, nutrition, and mindfulness. These goals are framed 

positively, emphasizing achievability and autonomy. 

Progress toward goals is visualized through Growth Water, 

which users collect and use to nurture their plant. Gamified 

elements, including accessories, streaks, reward gardens, 

and playful notifications are designed to sustain long-term 

engagement. 

To monitor lifestyle behaviors, the application collects 

data on physical activity and sleep through a consumer 

wearable device, while dietary habits and body mass index 

are assessed using questionnaires. Importantly, although 

goals and challenges are ultimately tailored based on a 

calculated risk prediction (with a human HCP in the loop), 

the app avoids communicating medical risk scores directly 

and instead focuses on positive reinforcement and 

actionable steps. 

B. Web-based application 

Co-design activities informed development priorities and 

shaped the functionalities of the SmartCHANGE web app, 

which was piloted across the target user groups (primarily 

HCPs, teachers and administrators) across 3 clinical sites. 

HCPs used the dashboard to review behavioral data trends, 

track personalized goal progress, and AI-assisted risk 

estimates. The application collects the information on 

fitness, smoking and alcohol consumption, as well as non-

behavioural traditional cardiovscular risk factors such as 

blood pressure and lipid when available. This additional 

information helps to improve the quality of risk prediction. 

Preliminary evaluation was conducted using structured 

feedback forms and semi-structured interviews. 

By testing the web app, HCPs reported improved 

visibility into patients’ daily behaviors between visits and 

greater confidence in identifying lifestyle-related risk 

patterns. Structured data presentation and visualization of 

longitudinal trends support more focused clinical 

discussions and helps reducing time spent interpreting raw 

data. Preliminary pilot feedback indicates that consultations 

are more efficient and goal-oriented when supported by the 

web app, facilitating shared decision-making with patients 

and families. The most valued features included trend 

analysis, early risk flagging, and support for tailored 

feedback. Although long-term clinical outcomes were not 

assessed in this phase, early findings suggest that the system 

improves workflow efficiency and enhances the clinical 

relevance of lifestyle data. 

IV. DISCUSSION 

SmartCHANGE addresses core limitations of current 

preventive health technologies by combining predictive 

modelling with user-centered design and clinician 

integration [2]. Unlike many digital interventions that 

motivate users or analyze risk in isolation, SmartCHANGE 

integrates these functions within a single interoperable 

system, enabling personalized intervention informed by 
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continuous lifestyle data. Early feedback indicated that 

explainable outputs and structured data visualization 

supported clinicians’ interpretation of risk patterns and 

contributed to trust in the system’s predictions. At the user 

level, the focus on positive reinforcement and achievable 

goals aimed to promote sustained engagement without 

increasing anxiety associated with medical risk 

communication. According to preliminary findings, after 5 

weeks of the study in Slovenia and Finland more than 90% 

of participants are still engaged with the HappyPlant app. 

Moreover, initial feedback from school nurses in Finland is 

very positive, emphasizing the utility of the SmartCHANGE 

web app features for their daily clinical practice. 

V. CONCLUSIONS AND FUTURE WORK 

This paper highlights the potential of AI-driven digital 

ecosystems to advance preventive healthcare for young 

populations by enabling early intervention, continuous 

support, and data-informed care. Ongoing studies are 

assessing feasibility, engagement and lifestyle change 

impact, while future work will focus on electronic health 

record integration, model refinement, and broader usability 

evaluation. 
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Abstract—Ambiguity in modern healthcare often arises from 
the intrinsic imprecision of human communication, a challenge 
intensified by the vulnerability of patients. Existing AI systems 
in healthcare primarily focus on structured physiological data, 
often failing to adequately process the inherent imprecision 
and subjective ambiguity of human communication. To 
address this gap, we propose an intelligent framework based 
on Neuro-Fuzzy Systems (NFS) that unifies cognitive, aleatoric, 
and communication uncertainties. This paper presents a 
holistic framework for managing communication-driven 
ambiguity across the entire medical continuum, from the 
training of future clinicians to patient care and post-treatment 
monitoring. By integrating the learning capabilities of Neural 
Networks with the interpretability and uncertainty-handling 
strengths of Fuzzy Logic, Neuro-Fuzzy Systems offer a robust 
and trustworthy means of modeling human-like approximate 
reasoning for medical intelligence. The major relevant novelty 
introduced by this article is the treatment of human 
communication ambiguity as a primary modeling target, in 
contrast to conventional neuro-fuzzy applications focused 
mainly on physiological or structured data. Through a domain-
specific handling of linguistic expressions—including 
subjective student self-assessment and patient-reported 
outcomes containing hedges, such as slightly or very—the 
approach unifies cognitive, aleatoric, and communication 
uncertainty. Interpretable Neuro-Fuzzy models are applied to 
calibrate metacognitive judgments, integrate ambiguous 
narratives with Internet-of-Medical-Things data, and support 
clinical decisions, enabling more trustworthy, patient-centered 
systems. Ultimately, readers will grasp how adapting linguistic 
fuzzification to clinical workflows enables a highly transparent 
decision support system that bridges the gap between patient 
subjectivity and objective medical data. 

Keywords-Adaptive Neuro-Fuzzy Inference System; 
Ambiguity; Artificial Intelligence, Deep Learning, Holistic 
Healthcare; Internet of Medical Things. 

I.  INTRODUCTION 
This section provides the clinical context for the research, 

defines the holistic healthcare lifecycle, introduces neuro-
fuzzy systems as the proposed solution, and outlines the 
overall structure of the paper. 

A. Context 
The medical field is undergoing a profound 

transformation driven by advancements in genomics, high-

resolution imaging, and ubiquitous monitoring enabled by 
the Internet of Medical Things (IoMT) [1]. The proliferation 
of heterogeneous data requires advanced computational tools 
capable of supporting a shift from reactive interventions to 
proactive and personalized medicine. Central to this 
evolution is the development of robust Artificial Intelligence 
(AI) systems that can effectively assist clinical decision-
making and administrative processes. 

However, the performance of purely data-driven models, 
such as Deep Learning, is often limited by the intrinsic 
complexity of medical reality. Unlike well-structured 
computational problems, medicine is characterized by 
uncertainties that do not conform to crisp or binary 
classifications [2]. A fundamental challenge arises from the 
epistemological gap between the deterministic nature of 
conventional algorithms and the inherent indeterminacy of 
biological systems and human communication. Expert 
clinicians routinely synthesize imperfect, incomplete 
information—which is filtered through years of subjective 
experience—in a process that is fundamentally non-linear 
and tolerant of partial truths. 

These uncertainties can be broadly categorized into two 
key types, each requiring distinct computational treatments: 

• Aleatoric Uncertainty (Data Noise): Originates from 
randomness in data acquisition, such as sensor noise, 
imprecise biological measurements, and the 
subjective or vague manner in which patients 
describe symptoms or well-being. Aleatoric 
uncertainty is irreducible and must be quantified and 
propagated through the model. 

• Epistemic Uncertainty (Model or Cognitive 
Uncertainty): Arises from gaps in knowledge, 
ambiguity in human reasoning, and the subjective 
nature of cognitive states—for example, a medical 
student’s self-assessed readiness or a clinician’s 
degree of diagnostic confidence. Epistemic 
uncertainty is potentially reducible through 
additional data or improved model structure. The 
inadequacy of traditional crisp logic to represent 
linguistic expressions like “slightly elevated” or 
“moderate pain” illustrates this challenge. 

Successful AI integration into clinical workflows, 
therefore, requires models that address both types of 
uncertainty not merely through probabilistic methods, but 
through transparent mechanisms that emulate human-like 
approximate reasoning. 
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Despite their significant advantages, Neuro-Fuzzy 
Systems face certain limitations. Notably, they are 
susceptible to the 'curse of dimensionality'; as the number of 
high-dimensional medical inputs increases, the required rule 
base and computational overhead grow exponentially. 
Additionally, the initial configuration of membership 
functions relies heavily on domain expert knowledge, 
making the system initially sensitive to subjective human 
biases during the design phase. 

B. The Holistic Healthcare Lifecycle 
To effectively support the wide range of AI applications 

in healthcare, an agentic AI-based platform must operate 
holistically across the entire healthcare lifecycle, depicted in 
Figure 1—Training, Diagnosis, Treatment, and 
Monitoring—through reusable, intelligent components. 
Current AI systems are typically siloed, focusing on isolated 
phases (e.g., imaging for diagnosis or anomaly detection for 
monitoring), which creates discontinuities within the 
intelligence pipeline. 
 

 
Figure 1.  Holistic Healthcare Lifecycle. 

This article argues that the successful integration of AI 
into this high-stakes ecosystem depends on its ability to 
explicitly model and manage ambiguity. A robust system 
must treat medical knowledge as a continuum rather than as 
a set of rigid boundaries. For example, assessing a patient’s 
temperature requires determining its degree of membership 
in both the “Normal” and “Slightly Elevated” ranges, rather 
than forcing it into a single, arbitrary category. Similarly, 
interpreting “moderate pain” as a fuzzy set instead of a 
precise numerical value—or aligning a student’s “high 
confidence” with actual performance risk—can significantly 
enhance trust and reliability. Such a holistic framework 
demands a system that is both adaptive to evolving data 
(learning) and interpretable to human users (reasoning). 

C. Neuro-Fuzzy Systems as a Solution 
Neuro-Fuzzy Systems (NFS) constitute a powerful class 

of Hybrid Intelligent Systems (HIS) that combine the 
strengths of Artificial Neural Networks (ANNs) and Fuzzy 
Logic (FL) while mitigating their respective limitations. 

A comparison of ANNs and FL characteristics is shown 
in Table I. 

TABLE I.  ANNS AND FL COMPARISON 

Paradigm Strength Weakness NFS 
Contribution 

Paradigm Strength Weakness NFS 
Contribution 

ANNs 

Strong learning 
capacity, pattern 
recognition, 
non-linear 
function 
approximation 

Black-box 
behavior, lack of 
interpretability, 
limited handling 
of linguistic 
knowledge 

Provides 
adaptive 
learning by 
optimizing 
parameters 
from data 

FL 

Effective 
handling of 
ambiguity, 
linguistic 
modeling, high 
interpretability 

Requires expert-
defined 
parameters, 
limited learning 
ability 

Provides an 
interpretable 
rule-based 
structure 

 
The synergy between these paradigms enables NFS to 

learn optimal parameters (e.g., membership function shapes 
and rule consequences) from data while preserving an 
interpretable, human-readable rule base for inference. This 
inherent transparency satisfies the growing demand for 
Explainable AI (XAI) in safety-critical domains such, as 
healthcare [3]. 

Two conceptually related use cases presented in this 
article demonstrate how NFS can effectively manage 
ambiguity in both human learning and doctor–patient 
communication. 

D. Structure of the paper 
This paper presents a practical application of the neuro-

fuzzy approach within the holistic medical continuum to 
resolve and disambiguate uncertainty in complex clinical 
information. 

• In Section II, the core neuro-fuzzy algorithmic 
architecture is detailed.  

• Section III presents a use case mitigating cognitive 
ambiguity in medical training.  

• Section IV explores handling communication 
ambiguity in remote monitoring.  

• In Section V, broader applications across the 
medical continuum are discussed.  

• Section VI outlines implementation criteria.  
• Sections VII and VIII cover future directions and 

conclusions. 

II. NEURO-FUZZY ALGORITHMS: THE ARCHITECTURAL 
CORE 

The following discussion establishes the mathematical 
foundations of fuzzy logic for handling ambiguity and 
details the five-layer architecture of Adaptive Neuro-Fuzzy 
Inference Systems (ANFIS). 

A. Foundations of Fuzzy Logic (FL): Handling Ambiguity 
Fuzzy Logic, introduced by Zadeh [4] in the 1960s, 

provides the conceptual and mathematical framework 
required to model imprecision and gradual transitions in 
real-world phenomena. In classical set theory, an element x 
either belongs to a set A or it does not, i.e.,                      . 

Training
Medical Students education

Diagnosis
Patients’ (co)morbidity 
status assessment

Monitoring
Continuous follow-up and 
ongoing support

Treatment
Definition of hyper-

personalized care plan
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Fuzzy Logic extends this formulation, allowing elements 
to possess a degree of membership in a set. This degree is 
encoded by the membership function         , which maps 
each element 𝑥∈𝑋 to a continuous value in the interval [0, 
1].  

For the linguistic variable Pain Level, Gaussian 
membership functions are commonly employed due to their 
smooth differentiability, which is advantageous for the 
ANN training stage in ANFIS architectures. A Gaussian 
membership function is defined by its center c and width 
(standard deviation) σ: 

                                      (1) 
 
 
The Fuzzy Rule Base formalizes the inference 

mechanism using linguistic variables.  
The standard, generalized Mamdani-type rule involving 

multiple inputs (x1, x2, …, xn) and a single output (y) can be 
written as: 

  
IF x1 is A1 AND x2 is A2 AND… AND xn is An THEN y is B 
 

where: 
• x1, x2, …, xn are the input linguistic variables (the 

system's measured inputs). 
• A1, A2, …, An are the antecedent fuzzy sets 

(linguistic terms like small, medium, hot, fast) that 
define the state of the input variables. 

• y is the output linguistic variable (the system's 
control action or decision). 

• B is the consequent fuzzy set (linguistic terms like 
increase, stop, high, low) that defines the desired 
output. 

• AND is the fuzzy operator (or t-norm), typically 
implemented using the minimum function (min) or 
product function (prod). 

 
In the context of a simple temperature control system: 

IF temperature is HOT and fan_speed is LOW THEN 
heater_power is DECREASED_SUBSTANTIALLY 

This rule structure enables approximate reasoning, a core 
human cognitive capability that supports inference from 
incomplete, ambiguous, or imprecise premises. Such 
reasoning directly parallels the subjective decision-making 
processes commonly observed in clinical assessment. 

B. Adaptive Neuro-Fuzzy Inference Systems (ANFIS) 
ANFIS [5] is a hybrid intelligent system that combines 

the adaptive learning capabilities of neural networks with 
the linguistic and reasoning abilities of a Fuzzy Inference 
System (FIS). It is the most common and robust architecture 
for NFS, primarily utilized to implement the Takagi-
Sugeno-Kang (TSK) [6] model. The structure is a five-layer 
feedforward network, as shown in Table II, where each 
layer performs a specific stage of the fuzzy inference 

process, whose parameters are optimized via the hybrid 
learning algorithm.  

TABLE II.  FIVE-LAYER NETWORK STRUCTURE 

Layer Function Parameters Adjusted 
by Learning 

1: Fuzzification 

Determines the 
membership grades for 
each input. Every node 
corresponds to a 
linguistic label and 
computes the 
membership function 
(μ). 

Adaptive (Premise 
Parameters: shape, 
center, width of MFs). 

2: Product (Rule) 

Calculates the firing 
strength (ωi) of each 
fuzzy rule. Each node 
represents one rule and 
typically performs the 
fuzzy AND operator 
(T-norm, usually 
multiplication). 

Fixed (∏ operator). 

3: Normalization 

Normalizes the firing 
strength of each rule 
by dividing it by the 
sum of all rule firing 
strengths. 

Fixed (Normalization 
operator). 

4: Consequent 

Calculates the 
weighted output of 
each rule, O4,i. This 
involves the 
normalized firing 
strength        
multiplied by the TSK 
rule consequence (fi). 

Adaptive (Consequent 
Parameters: pi, qi, ri). 

5: Defuzzification 

Computes the final, 
crisp output of the 
entire system by 
summing all the 
weighted rule outputs 
from Layer 4. 

Fixed (∑ operator). 

 
A description of the role and operation of each layer is 

provided in the following paragraphs. 
• Layer 1: Fuzzification Layer 

Node Function:                                                      (2)   
Role: Takes the crisp input (e.g., a measured 
temperature) and maps it to a membership degree 
between 0 and 1, indicating the degree to which it 
belongs to a fuzzy set (e.g., "Hot"). The parameters 
that define the shape of the membership functions 
(like the mean and standard deviation of a Gaussian 
function) are adjusted during training. 

• Layer 2: Rule Layer (Product Layer) 
Node Function:                                                      (3) 
Role: Each node here represents one TSK rule. It 
computes the firing strength or degree of fulfillment     
o.  for that rule by multiplying (or taking the 
minimum of) the membership grades received from 
Layer 1. This value represents how strongly the 
antecedent part of the rule is satisfied. 
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• Layer 3: Normalization Layer 
Node Function:                                                      (4) 
Role: Calculates the normalized firing strength   () 
for each rule. This step is essential because the 
normalized values act as the weights for the final 
output calculation in Layer 5. 

• Layer 4: Consequent Layer 
Node Function:   
                                (5) 
Role: Each node computes the contribution of its 
corresponding rule to the overall output. It 
multiplies the normalized firing strength    () by the 
crisp TSK rule consequent  (), which is a linear 
equation of the inputs. The consequent parameters 
(pi, qi, ri) are tuned using the Least Squares 
Estimation (LSE) method. 

• Layer 5: Output Layer (Defuzzification) 
Node Function:                                                      (6)   
Role: The single node in this layer calculates the 
overall final output of the ANFIS model by 
summing the outputs of all contributing rules. This 
final result is the crisp, defuzzified output, which is 
the system's prediction or control signal. 

C. Learning Mechanism 
The hybrid optimization algorithm is what grants ANFIS 

its formidable learning capacity: 
• Forward Pass (LSE): When premise parameters are 

fixed, the output O is a linear combination of the 
consequent parameters. The LSE method is used to 
estimate the optimal consequent parameters (pi, qi, 
ri) that minimize the error. The solution is found by 
solving the matrix equation A ⋅	 X = B, where X is the 
vector of unknown consequent parameters, and the 
solution is given by                             . 
This makes optimization fast and analytically 
solvable. 

• Backward Pass (Gradient Descent): Once the 
optimal consequent parameters are found, the output 
error is propagated backward through the network. 
The gradient descent method is then applied to 
adjust the non-linear premise parameters (e.g., c and 
σ) to further minimize the error. This combination 
ensures a computationally efficient training process 
while maintaining the interpretability of the final 
structure. 

 
The ANFIS approach thus offers a significant advantage 

over pure ANNs by allowing the system to begin with a 
structure informed by expert fuzzy knowledge (initial MFs 
and rules) and then refine that structure using the predictive 
power of machine learning. 

III. USE CASE I: MITIGATING COGNITIVE AMBIGUITY IN 
MEDICAL EDUCATION (STUDENT-AI INTERACTION) 

This use case examines the challenge of cognitive 
uncertainty in clinical training, describes the ANFIS-based 
self-assessment model, and explains how adaptive learning 
corrects student overconfidence. 

A. The Challenge of Cognitive Uncertainty in Training 
Medical education requires students to achieve a high 

degree of confidence and competency, often involving high-
stakes licensing or board exams.  

A critical challenge is the inherent epistemic ambiguity 
in a student's self-assessment of their 'readiness'. This self-
perception is a composite, fuzzy variable influenced by: 

• Subjective Confidence and the Dunning-Kruger 
Effect [7]: Low-performing students often suffer 
from inflated self-assessments (overconfidence), 
while high-performing students may suffer from 
imposter syndrome (underconfidence). Traditional 
scalar self-assessments fail to account for this 
systematic cognitive bias. 

• Emotional and Psychological Factors: Variables like 
Stress, Fatigue, and Motivation are intrinsically 
fuzzy, yet they profoundly impact exam 
performance. 

• Ambiguity in Communication: The linguistic 
description of knowledge status (e.g., "I know 
enough, but not everything about cardiology") is a 
subjective input that must be objectively calibrated. 

The goal of applying ANFIS, as presented in this article, 
to the Readiness Self-Assessment Tool (RSAT), that we 
previously developed [8], is to correct students’ cognitive 
ambiguity, providing an objective calibration that promotes 
metacognition. 

B. The ANFIS-Based Self-Assessment Model 
The ANFIS-powered Readiness Self-Assessment Tool 

(RSAT) is a diagnostic tool for metacognitive correction. 
1) Model Inputs (Linguistic Variables) 

The system uses the following fuzzy inputs, collected 
via daily or weekly subjective logs: 

• Confidence in Subject (e.g., Nephrology): Fuzzy 
sets (Low, Medium, High). 

• Perceived Stress Level: Fuzzy sets (Minor, 
Moderate, Severe). 

• Perceived Knowledge Gaps (Inverse of Mastery): 
Fuzzy sets (Few, Average, Many). 

The crisp input (e.g., a 1-10 rating) is immediately 
converted into degrees of membership                          .       . 

2) The Fuzzy Rule Base and Cognitive Calibration 
The core of the system is the rule base, which models the 

relationship between cognitive inputs and the desired 
output: Exam Readiness Score (a crisp output between 0 and 
100). The general structure of a rule is: 
IF Confidence is Ai AND Stress is Bj AND Gaps are Ck,  
THEN Readiness Score is fi. 
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The consequent functions are linear TSK functions 
whose parameters are learned from a longitudinal training 
dataset composed of past students' self-assessments paired 
with their objective, actual exam results.  

The ANFIS learning phase achieves the crucial cognitive 
calibration. The ANN component automatically adjusts the 
shape and position of the membership functions (e.g., 
μHighConfidence). If students reporting 'High Confidence' often 
score only 75%, the ANFIS training algorithm shifts the 
center and narrows the spread of the μHighConfidence function. 
This forces the student to report a higher subjective score in 
the future to achieve the same degree of membership in the 
μHighConfidence set, effectively de-biasing the student's 
cognitive ambiguity by aligning their linguistic perception 
with the objective performance metric. 

C. Learning and Adaptation (ANN Role) (Impact of 
Adaptivity) 
The adaptive role of the ANN in the RSAT is critical for 

overcoming the psychological biases inherent in self-
assessment. The ANFIS model performs a dynamic, 
personalized form of cognitive calibration. Over time, the 
NFS model transitions from being purely descriptive of the 
student's stated feelings to being predictive of their true 
competence. 

This adaptation allows the RSAT to provide two layers of 
feedback: 

• Content-Specific Feedback: Derived from the 
activated rules (e.g., Rule: High Gaps Low 
Readiness). 

• Metacognitive Feedback: Derived from the changes 
in the learned Membership Functions. For instance, 
if the μHighConfidence curve shifts far to the right for a 
specific student, the system can provide a direct 
warning: "Your reported confidence levels are 
consistently higher than your performance history 
suggests. Consider recalibrating your self-
assessment." This direct feedback mechanism fosters 
a collaborative, non-punitive AI-Student 
relationship. 

A concrete medical application of this tool occurs during 
high-stakes clinical rotations, such as Cardiology. A medical 
student might consistently report 'High Confidence' in 
identifying arrhythmias despite repeatedly misinterpreting 
complex ECGs in practice. The ANFIS-powered tool 
dynamically adjusts the student's cognitive baseline, alerting 
them to this overconfidence bias and requiring a 
demonstrably higher standard of objective diagnostic 
performance to validate their subjective readiness. 

IV. USE CASE II: HANDLING COMMUNICATION 
AMBIGUITY IN REMOTE PATIENT MONITORING (DOCTOR-

ASSISTANT-PATIENT) 
This section explores health status ambiguity within the 

IoMT, details the architecture of a neuro-fuzzy virtual 
assistant, and presents a formal mathematical approach for 
processing linguistic hedges in patient reports. 

A. IoMT and the Ambiguity of Health Status 
Remote Patient Monitoring (RPM) leverages the 

IoMT—a network of connected devices (wearables, home 
sensors, implanted devices)—to capture continuous streams 
of physiological data. This environment introduces 
significant challenges: aleatoric uncertainty (sensor drift, 
environmental noise, signal artifacts) and communication 
ambiguity from the patient via Patient-Reported Outcomes 
(PROs) [9] [10]. 

The patient's subjective report is often the earliest 
indicator of a change. A statement like, "I feel a little short 
of breath when I walk the dog," requires the Virtual Health 
Assistant (VHA) to fuse temporal, context-dependent, and 
linguistic information with the objective data streams (e.g., 
respiratory rate, heart rate variability, oxygen saturation 
(SpO2)). The challenge is that the patient's language is 
governed by fuzzy, imprecise rules, not crisp logic. 

B. NFS-Powered Virtual Health Assistant (VHA) 
Architecture 
A VHA utilizes an NFS framework, ideally an Evolving 

Neuro-Fuzzy System (ENFS) for real-time, streaming data 
environments, to perform multi-source data fusion and risk 
stratification. 

1) Multi-Source Fuzzy Inputs 
The VHA's ANFIS core is fed two distinct sets of fuzzy 

inputs: 
• Fuzzified Sensor Data (Aleatoric Handling): Crisp 

physiological readings are immediately converted 
into fuzzy sets via membership functions (MFs) 
optimized by the ANFIS. For example, a Heart Rate 
(HR) of 105 BPM is not simply "High"; its degree 
of membership in        and              is calculated. 
This step intrinsically handles sensor noise by 
modeling the input as a possibility distribution. 

• Linguistic PRO Data (Epistemic Handling): Patient 
statements are processed via a specialized Natural 
Language Processing (NLP) module. This NLP 
module must perform: 

o Entity Extraction: Identifying clinical 
concepts (e.g., pain, fatigue, nausea). 

o Linguistic Hedge Processing: Recognizing 
modifiers like "very," "slightly," 
"extremely." 

The output of the NLP is a crisp value (e.g., Pain 
Intensity 1-10) which is then converted into fuzzy sets via 
MFs. Crucially, the recognition of linguistic hedges (Section 
4.3 below) is essential here, as the hedge operator modifies 
the MF shape before the ANFIS uses it. 

2) The Core Inference Engine and Triage Risk Score 
The ANFIS combines these hybrid fuzzy inputs in its 

rule base to determine the Triage Risk Score (0–100). The 
TSK consequent function frisk provides the precise output, 
while the antecedent (IF) part maintains the clinical 
interpretability: 
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IF SpO2 is Low AND Pain Intensity is Moderate AND HR 
is High, THEN Triage Risk Score is High. 

 
The ANFIS learning algorithm tunes the (pi, qi, ri) 

coefficients of frisk to ensure that the combination of these 
fuzzy states accurately predicts historical emergency room 
admissions or clinical deterioration events. 

In a concrete remote monitoring scenario, a patient 
recovering from heart failure might report feeling 'slightly 
tired' via a mobile app, while their wearable IoMT device 
simultaneously registers a subtle but continuous drop in 
oxygen saturation (SpO2). The Virtual Health Assistant 
leverages the neuro-fuzzy framework to process the 
linguistic hedge 'slightly' alongside the objective sensor 
data, effectively fusing these inputs to trigger an early 
warning triage alert before the condition escalates into a 
severe clinical event. 

C. Handling Communication Ambiguity: A Formal 
Approach (Linguistic Hedges) 
The ambiguity in patient communication is formally 

handled by the concept of Linguistic Hedges. 
These are operators that modify the meaning of a fuzzy set. 
In a clinical context, a patient saying, "very tired" carries a 
different weight than "slightly tired." 

Mathematically, if            is the membership function for 
the fuzzy set Tired, the hedge ‘very’ often corresponds to 
the concentration operator, which reduces the fuzziness of 
the set: 
            (7)	
 
Conversely, the hedge ‘slightly’ corresponds to the dilation 
operator, which increases the fuzziness of the set: 
	 	 	 	 	 	 						(8)	
	

The VHA's NLP component must incorporate a fuzzy 
parser that applies the correct hedge operator to the patient's 
input before the ANFIS rule evaluation begins. This 
integration ensures that the subtlety of human 
communication is precisely quantified and used to adjust the 
urgency of the resulting Triage Risk Score. 

 

V. NEURO-FUZZY SYSTEMS ACROSS THE MEDICAL 
CONTINUUM 

This section demonstrates how the proposed framework 
extends beyond specific use cases to enhance diagnosis and 
classification, personalize treatment plans, and bridge the 
gaps in the holistic medical lifecycle. 

A. Diagnosis and Classification 
Beyond monitoring and training, NFS applications are 

highly valuable in diagnostic tasks characterized by high 
feature overlap and ambiguous boundaries. For example, 
Disease Classification: For complex, multi-symptom 
diseases such, as autoimmune disorders, Parkinson's 
disease, or psychiatric conditions, symptomatologies are 
frequently non-specific and overlapping.  

An NFS classifier can map the fuzzy input space (e.g., 
"Severe Tremor," "Moderate Cognitive Decline") to the 
probability of a specific diagnosis, providing an 
interpretable route to classification that can handle the 
nuanced, combinatorial nature of symptomology. 

B. Treatment Personalization 
As an example of Treatment Personalization, NFS 

provides an ideal platform for personalized 
pharmacotherapy, where dosage adjustments must account 
for a patient's unique and often non-linear response to 
medication. 

In a continuous treatment scenario (e.g., chemotherapy, 
insulin delivery, blood pressure regulation), the VHA (Use 
Case II) can be extended into an NFS-based controller. 

• Inputs: Fuzzy variables representing patient 
response ("Improving Slowly", "Stable") and 
physiological indicators (e.g., "Drug Concentration 
in Therapeutic Range"). 

• Rule Base Example: 
IF Therapeutic Effect is Stable AND Side Effects are Minor, 
THEN Dosage is “Maintain Current Dose”. 

• Output: A fuzzy recommendation for dosage 
modification (e.g., “Slightly Increase Dose”), which 
is then defuzzified into a precise adjustment value. 

This creates an adaptive control loop that integrates the 
subjective patient-reported experience (efficacy, side 
effects) with objective biomarkers, enabling drug delivery 
optimized for the therapeutic window while reducing the 
risk of adverse events due to its inherent uncertainty 
quantification. 

C. Bridging the Gaps: The Holistic Advantage 
The core principle that unites these applications is the 

ability of NFS to function as a powerful 'interpreter' 
between human ambiguity and computational precision. 
This continuous, interpretable management of uncertainty is 
what allows NFS to operate as a truly holistic medical 
intelligence tool across the entire lifecycle: 

• Training (UC I): Corrects epistemic ambiguity in 
the learner's perception, leading to improved 
metacognition. 

• Diagnosis/Treatment (UC V): Quantifies aleatoric 
uncertainty in complex data (images, biomarkers) 
for safer decision-making. 

• Monitoring (UC II): Fuses communication 
ambiguity (PROs) with data noise (IoMT) into a 
coherent, actionable risk assessment. 

VI. IMPLEMENTATION CRITERIA 
This section outlines the technical requirements for 

system deployment, including dataset preprocessing, 
performance metrics for model validation, and the 
interpretation of the learned rule base for clinical 
transparency. 

A. Dataset and Preprocessing 
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The successful implementation of the proposed systems 
requires meticulous data curation and preprocessing, 
especially regarding the crucial Linguistic Fuzzification 
phase, as represented in Table III. 

TABLE III.  FUZZIFICATION PHASE DETAILS FOR UC I AND UC II 

Use Case Dataset Type Key Variables & 
Preprocessing 

Use Case I 
(Education) 

Paired Cognitive / 
Performance Data. 

Self-assessment (1-10) 
à Fuzzification;  
Exam Scores à Crisp 
Target (for LSE).  
Need longitudinal data 
for adaptation. 

Use Case II 
(Monitoring) 

Time-Series Hybrid 
Data. 

IoMT streams à Feature 
Extraction (time-
domain/frequency) à 
Fuzzification.  
PRO text à NLP/Hedge 
Processing à 
Fuzzification. 

 
A critical, non-trivial step is the creation of a domain-

specific linguistic variable dictionary for the NLP module in 
Use Case II. This dictionary maps clinical linguistic terms 
("dull pain," "stabbing pain," "mild fever") to the centers 
and spreads of initial membership functions, providing the 
necessary bridge between human language and the fuzzy 
computational core. 

While powerful, the proposed approach may struggle 
with the real-time processing of massive, uncompressed 
high-frequency data streams (e.g., continuous multi-channel 
EEGs) without dedicated hardware acceleration. 
Consequently, this proposal is most accurate and 
immediately applicable in environments characterized by 
structured episodic data and distinct linguistic inputs, such 
as asynchronous remote patient monitoring, subjective self-
assessment tracking, and personalized pharmacotherapy 
dosing. 

B. Methodology and Performance Metrics 
The performance of the ANFIS model must be 

rigorously compared against established benchmarks to 
justify the hybrid approach: 

• Pure Fuzzy Inference System (FIS): Highly 
interpretable but non-adaptive. Serves as a baseline 
to demonstrate the performance gain achieved by 
the ANFIS's learning component. 

• Multi-Layer Perceptron (MLP) or Deep Neural 
Network (DNN): High learning capability but low 
interpretability ("black box"). Serves as a baseline 
to demonstrate the ANFIS's transparency without a 
catastrophic loss in predictive accuracy. 

• Metric for Use Case I (Readiness Prediction): Root 
Mean Square Error (RMSE) is appropriate for 
measuring the discrepancy between the predicted 
readiness score and the actual exam score, 
demonstrating predictive power. The coefficient of 

determination (R2) is also essential for showing the 
proportion of variance explained by the model. 

• Metric for Use Case II (Risk Triage): Standard 
classification metrics like Accuracy, Sensitivity 
(critical for avoiding false negatives), and 
Specificity (important for minimizing false alarms) 
are used. Additionally, the Area Under the ROC 
Curve (AUC) is necessary to assess the model's 
discriminative power across all risk thresholds. 

The hypothesized result is that ANFIS will achieve a 
competitive RMSE/Accuracy level comparable to the MLP 
but with significantly improved performance metrics (e.g., 
lower false alarm rate) and demonstrably higher 
interpretability compared to the pure FIS. 

This statement is grounded in preliminary comparative 
evaluations conducted during the initial testing of our 
Readiness Self-Assessment Tool (RSAT) prototype. 
Furthermore, it aligns with established literature 
demonstrating that ANFIS architectures consistently match 
the predictive accuracy of standard neural networks while 
drastically reducing false positive rates by constraining the 
learning space within an expert-validated fuzzy rule base 
[11]. 

C. Interpreting the Learned Rule Base (XAI Demonstration) 
The final step of the conceptual analysis is the 

presentation of the learned fuzzy rules, the direct output of 
the ANFIS training process, to demonstrate the mechanism 
of XAI. 

For the VHA (Use Case II), the rule might reveal 
unexpected clinical associations: 
 
IF                                                      AND  
                                                    THEN  
 
 

 
This explicit rule shows that, for a specific cohort, low 

activity combined with seemingly normal BP is a stronger 
risk indicator than either factor alone. The coefficients in 
frisk provide the precise weighting.  

This transparent reasoning not only validates the model 
but can also lead to discoveries of novel clinical correlations 
that were not intuitively obvious to human experts. 

VII. DISCUSSION AND FUTURE WORK 
This concluding analysis synthesizes the primary 

advantages of the neuro-fuzzy approach and identifies 
critical future directions such as edge computing and 
federated learning. 

A. Advantages of the Proposed Approach 
The integration of NFS into the medical environment 

offers substantial advantages, primarily on trust and safety: 
• Explainability (XAI): NFS provides a clear, rule-

based reasoning trail, which is vital for clinical 
acceptance and regulatory compliance. 
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• Robustness to Uncertainty: The use of MFs ensures 
that the system is intrinsically tolerant of noise and 
imprecision. 

• Cognitive Fidelity: NFS effectively maps and 
models the subjective, linguistic, and ambiguous 
aspects of human communication and cognition—a 
capability that traditional ANNs lack. 

B. Future Directions 
Future research will focus on advancing NFS to meet the 

demands of large-scale, dynamic medical data: 
• Development and piloting of multiple use cases to 

demonstrate the effectiveness of the proposed 
solution for real-world implementation throughout 
the entire Holistic Healthcare Lifecycle.  

• Hybridization with Deep Learning and Foundation 
Models: The most promising direction is a Deep 
Fuzzy Hybrid Architecture. CNNs or autoencoders 
are used for feature extraction (dimensionality 
reduction) from high-dimensional data (e.g., 
100,000 pixels à 3 fuzzy features), and the 
resulting low-dimensional features are fed into a 
compact, interpretable ANFIS/ENFS for final 
decision-making to achieve scalability. 

• Edge Computing: Investigating the deployment of 
NFS and ENFS models on dedicated Field-
Programmable Gate Arrays (FPGAs). The simple, 
parallelizable structure of the ANFIS layers is 
highly suitable for hardware acceleration, enabling 
rapid, real-time risk assessment directly at the edge 
(IoMT devices), reducing latency in critical 
monitoring applications. 

VIII. CONCLUSION AND LESSONS LEARNED 
In this article, a comprehensive and technically rigorous 

framework for addressing uncertainty and ambiguity across 
the holistic medical intelligence cycle was presented. As 
illustrative use cases, the modeling of subjective student 
self-assessment (cognitive ambiguity) and the integration of 
ambiguous patient communication with objective sensor 
data (communication and aleatoric ambiguity) were 
demonstrated. These examples provide evidence that NFS 
represent an effective paradigm for the development of 
robust, adaptive, and inherently interpretable AI solutions in 
healthcare.  

The capacity of NFS to formalize human-like 
approximate reasoning, together with their intrinsic 
explainability, is shown to offer a strong foundation for 
enabling the next generation of trustworthy, patient-centric 
clinical decision support systems. 

A critical lesson learned during the model's design was 
the inherent challenge of the 'knowledge acquisition 
bottleneck' during the initialization phase. We observed that 
different medical domain experts frequently provided 
conflicting heuristic thresholds for identical clinical 
scenarios. This highlighted that ambiguity exists not just in 
patient communication, but also in clinical consensus, 

emphasizing that the neural network's data-driven tuning is 
indispensable for resolving contradictory expert rules. 
Furthermore, aligning asynchronous subjective patient 
reports (e.g., “slightly tired” logged irregularly) with 
continuous high-frequency IoMT data proved challenging, 
showing symptom perception often lags physiological 
changes and requires careful temporal calibration.  

Looking forward, future research will explore the 
integration of Recurrent Neuro-Fuzzy Systems to better 
capture the time-series dynamics and historical progression 
of patient symptoms. Additionally, to address strict privacy 
regulations, we aim to deploy these models via Federated 
Learning. This framework enables collaborative 
optimization of fuzzy rule bases across institutions without 
raw data transfers, fostering globally robust health systems 
while maintaining local personalization and data security. 
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Abstract— Drug abuse, particularly involving Novel 
Psychoactive Substances (NPDs) and necrotizing "flesh-eating" 
drugs like xylazine and krokodil, presents a growing global 
health crisis. This paper presents GuardianRx, a community-
driven AI tool designed to predict and combat these trends. By 
integrating retrospective clinical data from OSF Healthcare 
with digital epidemiology from Google Trends and Generative 
AI-simulated social discourse, we established a predictive 
model. Our analysis of 43,419 hospital admissions and ten years 
of search data reveals a significant positive correlation (r=0.26 
to 0.54) between digital search activity and subsequent 
hospitalizations. These findings validate the potential of 
GuardianRx to serve as a real-time, cost-effective early warning 
system for public health officials.  

Keywords: Digital epidemiology; predictive modeling; artificial 
intelligence; public health; flesh eating drugs 

I.  INTRODUCTION 
Drug abuse represents a significant global health crisis, 
recently exacerbated by the rise of "flesh-eating" Novel 
Psychoactive Substances (NPDs) such as xylazine and 
krokodil. In 2022, the Drug Enforcement Administration 
(DEA) observed a sharp increase in the trafficking of fentanyl 
mixed with xylazine across 48 states. This trend resulted in a 
quadrupling of xylazine-associated deaths, leading the White 
House to designate the mixture as an "emerging threat". To 
address the limitations of traditional monitoring, GuardianRx 
was developed as a community-driven Artificial Intelligence 
(AI) tool that integrates clinical records from OSF 
HealthCare, digital epidemiology from Google Trends, and 
Generative AI (GenAI) simulations. 
The remainder of this paper is organized as follows. Section 
II details the methodology, including data collection and 
simulation processes. Section III presents the results regarding 
demographic patterns and the correlation between digital 
searches and admissions. Section IV concludes the paper with 
Conclusion and Future Work 

II. METHODOLOGY 
The development of the GuardianRx framework utilized a 
multi-modal approach that integrated retrospective clinical 
analysis, digital footprint tracking, and simulated social 
discourse 
A. Data Sources and Collection  
A multi-modal data collection strategy was employed, 
spanning a ten-year period from January 2015 to December 
2024. Clinical data was retrospectively collected from the 
OSF HealthCare System. De-identified records for 43,419 
substance use admissions were retrieved, representing a 

cohort of 27,694 adult patients. The inclusion criteria for this 
dataset encompassed non-pregnant patients aged 18 and above 
who were admitted for issues related to fentanyl, krokodil, or 
xylazine. Digital epidemiology was gathered using Google 
Trends, specifically analyzing "interest over time" and 
Designated Market Area (DMA) scores for eight key search 
terms associated with "flesh-eating" drugs. This data was 
extracted in 10-year, yearly, and three-month snapshots to 
capture varied temporal patterns. Additionally, supplementary 
socioeconomic and substance-related information was 
integrated from the State Unintentional Drug Overdose 
Reporting System (SUDORS), the Centers for Disease 
Control and Prevention (CDC), and relevant peer-reviewed 
manuscripts. 
B. Generative AI Simulation  
To analyze public discourse while avoiding the privacy 
complexities of social media during the early stages of model 
creation, Generative AI (GenAI) platforms were utilized. 
Simulations were conducted using ChatGPT, Meta AI, Grok 
AI, and CoPilot. Over 2,000 conversations regarding potential 
substance use were simulated, incorporating keywords, 
phrases, and scenarios tailored to both rural and urban 
community contexts. In total, 7,169 lines of simulated online 
chat were analyzed to identify common slang terms and 
prevailing sentiments regarding drug acquisition and coping 
mechanisms. 

 
Figure 1. GuardianRx Framework. Data Ingestion: Combines clinical 
records (OSF Epic), Google Trends, and 7,169 lines of GenAI social 
discourse. Analysis: AI identifies community slang, sentiment, and 
geographic hotspots. Prediction: Generates spatial risk models to forecast 
"flesh-eating" drug trends and support resource allocation. 
C. Predictive Modeling 
The objective of the modeling phase was to develop precise 
AI and spatial models for accurate trend forecasting. By 
merging retrospective patient data with GenAI simulations 
and web-based search data, drug use patterns were simulated 
for specific socioeconomic regions. This integrated data 
serves as the foundation for training future models to predict 
the likelihood of drug abuse-related infections within target 
communities. (Figure 1). 
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III. RESULTS 
A. Demographic Analysis  
The evaluation of clinical data from Illinois identified distinct 
demographic patterns among substance use admissions. A 
significant majority of the 27,694 patients were aged 25 or 
older (90.1%), with a mean age of 46.8 ± 16.9 years. 
Residential analysis indicated that 88.5% of admissions 
originated from urban areas, while 11.5% were from rural 
locations. Social factors revealed that 55.8% of the cohort was 
single and 69.2% identified as non-Hispanic white. These 
demographic distributions are illustrated in Figure 2. 

 
Figure 2. Demographic distribution of substance use admissions in Illinois 
(2015–2024). (A) Age distribution of the 27,694 patients, with a mean age of 
46.8 ± 16.9 years, showing that majority (90.1%) are aged 25 or older. (B) 
Racial composition of the cohort, predominantly Non-Hispanic White 
(69.2%). (C) Residential distribution highlights a significant prevalence of 
admissions from urban areas (88.5%) compared to rural locations. (D) Marital 
status, with 55.8% of the population identified as single. 

 
B. Digital Footprints and Sentiment  
Analysis of 7,169 simulated GenAI chat lines identified 
prevalent slang terms and distinct sentiments—both positive 
and negative—related to drug acquisition and coping 
strategies. Google Trends data successfully identified regional 
geographic hotspots for searches related to krokodil, fentanyl, 
and xylazine. The highest level of search activity was 
consistently observed in the Chicago area. 
 
C. Correlation between Search Activity and Admissions  

A significant positive correlation was established between 
peak digital search volume and subsequent hospital 
admissions, with correlation coefficients ranging from $r = 
0.26 to r = 0.54 (P < 0.05). Autoregressive models confirmed 
a strong association between these variables. Cross-
correlation lag analysis demonstrated that the strongest 
association between search queries and clinical presentation 
occurs with a lag of approximately nine months, or three 
quarters. This predictive lag was consistent across all analyzed 
regions and Designated Market Areas (DMAs). 

 
Figure 3. Search volume vs. substance use admissions. (A–B) Significant 
positive correlation (r=0.54) between search queries and hospital admissions 
(quarterly and yearly). (C–D) Cross-correlation shows a peak 9-month lag (3 
quarters) between searches and subsequent admissions across all regions and 
DMAs. 

IV. CONCLUSION AND FUTURE WORK 
The potential of GuardianRx as an AI-powered predictive 

tool for monitoring emerging psychoactive drug trends was 
demonstrated throughout this study. By integrating a decade 
of digital search data with over 43,000 hospital admissions, a 
significant positive correlation (r=0.26 to 0.54) between 
online information seeking and clinical substance use 
presentations was established. These findings validate the 
capability of the framework to serve as a real-time, cost-
effective early warning system for public health officials. The 
integration of digital footprints with real-world healthcare 
data offers a powerful, proactive approach to public health 
intervention and resource management. Future work will 
focus on the continued validation of this model using large-
scale, retrospectively collected real-world admission datasets. 
Model algorithms and performance metrics will be iteratively 
refined until the tool captures the dynamics of drug abuse-
related infections in target areas with an accuracy of ≥95%. 
Upon full validation, the deployment of GuardianRx is 
intended to enable public health officials and government 
agencies to identify geographic hotspots and implement 
targeted intervention strategies to mitigate substance abuse 
risks globally. 
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Abstract—Forecasting the trajectory of patient laboratory
values remains a challenge due to irregular sampling of measure-
ments and differences in reference ranges between individuals.
This ongoing study applies TimelyGPT, a transformer-based gen-
erative forecasting model, to predict patients’ future laboratory
test values based on their past records using the MIMIC-IV
dataset. When predicting WBC counts, the model generated
prediction errors distributed around zero, demonstrating a low
bias and short-term forecasting ability. Incorporating medication
administration as an additional input further shifted the error
distribution toward zero and produced a more compact spread,
indicating improved accuracy. Preliminary data also indicate that
the model can predict sparsely sampled NT-proBNP values over
time with small deviations, suggesting its potential to predict long-
term laboratory test values of patients. These early results high-
light the feasibility of adapting TimelyGPT model for patient-
specific laboratory test values prediction and motivate work with
larger cohorts, targeted data augmentation methods, and richer
medication features to enhance model stability, accuracy, and
generalizability.

Keywords-electronic health record; longitudinal clinical time-
series; laboratory value forecasting; generative transformer model.

I. INTRODUCTION

Patient Electronic Health Records (EHRs) contain extensive
information that can be used for predictive modeling. Medical
Information Mart for Intensive Care (MIMIC)-IV is a large-
scale public dataset with massive patient EHR information [1].
Since the introduction of machine learning and deep learning,
extensive research has been conducted to predict patient clini-
cal conditions [2]–[4]. Recently, a model named Timely Gen-
erative Pre-trained Transformer (TimelyGPT) was introduced.
This model can capture both trending and periodic features of
time-series data through an extrapolatable position embedding,
enabling long-term patient healthcare data forecasting [5]. The
TimelyGPT model was trained on two large-scale patient EHR
datasets: the Sleep European Data Format (EDF) database and
the Population Health Record (PopHR) database. It is capable
of predicting continuous biological signals over a short time
period and can also forecast new diagnosis codes for patients
based on irregularly sampled medical records. However, the
study did not assess the TimelyGPT model’s ability to predict
the exact values of irregularly scheduled laboratory tests,
which are critical for decision-making in clinical settings.

White Blood Cell (WBC) count and N-Terminus pro-Brain
Natriuretic Peptide (NT-proBNP) are two fundamental markers
for health in numerous diseases. In clinical practice, WBC
count and NT-proBNP change from a measured baseline char-
acterizes severity of clinically apparent inflammation and heart
failure, respectively. Both assays are used to guide immediate
therapy [6]. Prediction of NT-proBNP could substantially
improve short- and long-term prognostication in patients with
cardiovascular disease.

This study proposes to extend the current TimelyGPT
framework for predicting common and sparse irregularly sam-
pled patient laboratory values, using WBC count and NT-
proBNP as proof-of-principle parameters.

While this study demonstrates the feasibility of forecasting
irregularly sampled laboratory values using the adapted Time-
lyGPT model, several limitations should be acknowledged.
First, the evaluation of WBC count prediction is conducted
on a subset of patients using only data from their first six
days. Therefore, the generalizability of the findings to longer
time horizons remains unknown. Second, predictions of NT-
proBNP values are learned and generated at discrete times-
tamps rather than over a continuous timeline. Finally, although
the model exhibits stable predictive performance, current error
margins are not yet sufficient for direct clinical deployment.

The remainder of this paper is organized as follows. Section
II describes the dataset, preprocessing steps, general structure
of the TimelyGPT model, and adaptations made for irregularly
sampled laboratory value prediction. Section III presents the
experimental results, including model performance in fore-
casting WBC counts with and without medication inputs, as
well as NT-proBNP values. Section IV discusses the clinical
implications of these results, existing methods for modeling
patient EHR data, and planned future work. Finally, Section V
concludes the main findings and outlines directions for future
research.

II. METHODS

Dataset and Preprocessing. The hospital data from the
deidentified MIMIC-IV v3.1 dataset were used for model
training [7]. For NT-proBNP prediction, patients were filtered
to ensure an adequate length of stay (more than six times-
tamps) and a sufficient number of laboratory tests (at least
four NT-proBNP measurements) for inclusion. For WBC count
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prediction, patients were filtered to ensure an adequate length
of stay (more than six relative days) and sufficient laboratory
test coverage (at least four WBC count measurements).

In addition to laboratory measurements, medication admin-
istration records were extracted from the electronic medication
administration record (eMAR) in MIMIC-IV v3.1 dataset. A
set of 98 WBC count-influencing medications was identified
based on their potential association with changes in WBC
counts. For each input day, a binary medication indicator
was constructed to denote whether a patient received any of
the selected medications on that day. The train/validation/test
splits are performed at the patient level using a 80/10/10 ratio,
with no patient overlap.

Model. The TimelyGPT irregularly sampled time series
algorithm was extended, and its data pipeline was modified
to accommodate raw patient laboratory records (Figure 1).
As illustrated in Figure 1, patient laboratory measurements
are first normalized using patient- and label-specific reference
ranges to ensure the stability of model training and the
meaningfulness of results:

normalized value =
true value − reference range mean

reference range width

where reference range width = upper reference limit −
lower reference limit. Each laboratory test is then transformed
into a unified embedding composed of: a token embedding
representing the lab test identity, a value projection encoding
the normalized measurement value, and a timestamp projection
capturing the time at which the test was obtained. This design
allows the model to encode both laboratory measurements
and their sampling timestamps, thereby capturing associated
temporal dynamics.

Following the embedding construction, a start-of-sequence
token is prepended, and the generated sequence is processed
by stacked generative decoder layers. Each decoder layer com-
bines multi-scale retention with temporal convolution modules,
allowing the model to capture both long-range dependencies
across patient trajectories as well as local temporal patterns.
Finally, a feed-forward laboratory value forecasting head
projects the learned representations to predict the laboratory
test value at the target time point. The model uses various
laboratory test values as historical information and predicts
possible values for the given label at each predicted time point
as output.

III. RESULTS

TimelyGPT’s predictive ability was first evaluated on WBC
counts, a frequently measured laboratory parameter. The
model was trained to forecast patient WBC counts in the next
three days using laboratory values from the past three days.
Limited to the initial six days of each patient’s records, the
dataset yielded 6,396 valid sequences from 13,832 patients
who met the inclusion criteria. Sequences were constructed
only from patients with sufficient daily WBC count measure-
ments within the selected time window. The histogram shows
that the normalized prediction errors clustered around zero,

with a mean of 0.62 and a standard deviation of 0.97. Most
errors fall within the range of -1 to 2, exhibiting a nearly
symmetric distribution, which indicates the model’s ability
to predict short-term WBC count values. After incorporating
WBC count-influencing medications administration as a time-
resolved binary input, the error distribution further shifted
towards zero and became more compact, with a reduced
mean error of 0.23. These changes in the error distribution
reflect improved accuracy and reduced bias, indicating that
medication administrations provide meaningful information
that helps the model capture WBC trajectories more effectively
(Figure 2). Overall, the integration of medications contributes
to more stable and accurate predictions of laboratory values.

Following validation, the model was then trained and evalu-
ated on NT-proBNP values. Because NT-proBNP is measured
infrequently in the MIMIC-IV dataset, there are insufficient
sequences to train a model for predicting values on consecutive
days. The first 1800 relative days of each patient’s records
where available were used during training. Predictions for the
future three timestamps were generated based on the infor-
mation from the preceding three timestamps, and adequate
model convergence was observed (Figure 3). The distribution
of errors normalized by reference range is centered around
zero, demonstrating minimal systematic bias in the model
predictions (Figure 4). Among the nearly 500 predictions,
most errors fall between the -0.5 to 0.5 reference range units
with few extreme errors, indicating stable and reliable model
performance. To complement the histogram-based analysis, we
report a standard quantitative metric for NT-proBNP predic-
tion, which achieves a root mean squared error (RMSE) of
0.1934 across all test sequences when computed on reference-
range-normalized values. Two example sequences illustrate
how the model forecasts future values based on historical data
(Figure 5).

IV. DISCUSSION

These preliminary results demonstrate that the adapted
TimelyGPT, when trained on healthcare data from MIMIC-IV,
is capable of predicting sequential patient-specific WBC count
values in the future. TimelyGPT can also accommodate the rel-
atively sparse clinical data with irregular time intervals found
in NT-proBNP values to make similarly accurate sequential
predictions. This study proposes that TimelyGPT can forecast
trajectories of common and sparse laboratory parameter values
that affect patient care.

In standard clinical practice and across the medical field, a
physician synthesizes available data from clinical evaluation
and laboratory testing to generate an individualized prognosis,
or hypothetical trajectory of disease, for a patient. Based
on this prognosis, the physician then recommends a course
of action. Accurate prediction of future laboratory values is
thus critical to basic medical decision-making, and has a
substantial impact on patients’ lives [8]. Machine learning
and deep learning models have in recent years augmented
prognostication in multiple conditions with available data
[9]–[11]. However, short- and long-term prognostication in
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Figure 1. Overview of the adapted TimelyGPT architecture.

Figure 2. Error distribution of all test sequences for WBC with (bottom) and
without (top) medication input.

Figure 3. Loss trend over epochs when predicting NT-proBNP values using
the first 1800 relative days of each patient as input.

Figure 4. Error distribution of all test sequences for NT-proBNP.

numerous clinical scenarios remains a major challenge, often
due to data sparsity and heterogeneous time intervals.

WBC count and NT-proBNP are two archetypal physiologic
parameters which vary with disease conditions and severity. In
the short term, prediction of WBC count and NT-proBNP over
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Figure 5. Plots of forecast values versus true values of NT-proBNP.

days in the inpatient setting could allow physicians to estimate
date of discharge more accurately, streamlining patient flow
and hospital operations. In the long term, numerous serious
pathologic conditions both common and rare, from coronary
artery disease to genetic cardiomyopathies, can be accompa-
nied by progressive worsening of NT-proBNP in particular
over time. The ability to predict accurate NT-proBNP values
over extended time would improve individualized prognosti-
cation and allow for refinement of currently employed risk
stratification systems [12].

Many efforts have been made to handle EHR data with
irregular time intervals and data missingness. Traditional
methods, including recurrent neural networks such as Gated
Recurrent Unit (GRU)-based models and time-aware Long-
Short Term Memory (LSTM) networks, incorporate decay
functions in hidden states to model temporal dependencies
[13][14]. Graph-guided neural networks, such as RAINDROP,
construct a separate sensor graph for each sample and utilize
graph neural networks to capture time-varying dependencies
across variables [15]. However, these models rely on locally
structured temporal information and are typically evaluated
on patient Intensive Care Unit (ICU) data, where the me-
dian length of stay is about only two days, which limits
their ability to perform long-term prediction tasks. More
recently, transformer-based architectures have been explored
to handle long sequences from healthcare data. The Perceiver
architecture has demonstrated the ability to capture global

temporal dynamics through cross-attention for continuous time
modeling when combined with a neural Ordinary Differential
Equation (ODE) module [16]. TimelyGPT further advanced
this by incorporating retention mechanisms directly within its
architecture, enabling the modeling of continuous temporal
dependencies in the long term without requiring additional
differentiation computations. By extending TimelyGPT, the
ultimate goal is to forecast patient laboratory values in both
short- and long-term for inpatient and outpatient settings.

While TimelyGPT can predict even sparse laboratory pa-
rameters such as NT-proBNP with adequate accuracy, such
margins of error at this time are still too wide for clinical
use. In addition, current results should be interpreted as
proof-of-concept for predicting irregularly sampled laboratory
values. In this study, NT-proBNP values are predicted at future
observed timestamps rather than fixed temporal intervals, and
the elapsed time can be highly variable across patients.

Thus, we plan to implement three strategies to further
improve the model’s performance. Firstly, further model train-
ing will be conducted on outpatient data from the Integrat-
ing Numerous Sources for Prognostic Evaluation of Clinical
Timelines (INSPECT) database, which has 26,795 additional
instances of NT-proBNP measurements [17]. Incidentally,
considerations of outpatient versus inpatient laboratory pa-
rameter prediction are intended, which will further help our
model’s generalizability. If data are still insufficient, novel
data augmentation methods will be further explored to acquire
more NT-proBNP values, using existing algorithms such as
Generative Adversarial Networks for Mixed-type EHR data
(EHR-M-GAN) or building on our recent work with Synthetic
Minority Over-sampling Technique with Adversarial Filtering
(AF-SMOTE) [18][19]. Simultaneously, the administration of
specific medications that can affect NT-proBNP value, such
as diuretics, will be integrated as an additional input. A
significant reduction in model output error after incorporation
is expected.

V. CONCLUSION AND FUTURE WORK

In this paper, we extended the TimelyGPT framework to
forecast laboratory test values from patient EHRs. Using
data from MIMIC-IV, we evaluated the model on both fre-
quently measured WBC counts and sparsely sampled NT-
proBNP. Overall, these findings demonstrate that adapting the
TimelyGPT model for single-label and irregularly-sampled
healthcare parameter forecasting is feasible. Incorporating
medication administrations might further enhance the model’s
ability to capture laboratory trajectories, as these inputs pro-
vide temporal cues that reflect therapeutic effects. Additional
work will be done to expand the training datasets to include
a broader population, introduce data augmentation methods
to improve the representations of rare laboratory values, and
incorporate medication effects to enhance model performance.
Collectively, these strategies are expected to further improve
the accuracy, robustness, and generalizability of TimelyGPT-
based predictions.
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Abstract—Early identification of brain abnormalities in infancy
is critical for optimizing neurodevelopmental outcomes. However,
pediatric Magnetic Resonance Imaging (MRI) interpretation
remains time-intensive and resource-constrained, hindering timely
medical response. Unlike prior 2-D deep-learning approaches
targeting narrow tasks, in this study, we investigate whether 3-D
convolutional neural networks can assist pediatric care by rapidly
screening T2-weighted MRIs for structural abnormalities. We
curated a cohort of 833 MRI scans from patients aged 0–36
months, standardized to a 96 × 96 × 96 grid. We trained and
evaluated two architectures, DenseNet-121 and DenseNet-264,
adapted for 3-D volumetric input. On a strictly held-out test set,
DenseNet-121 achieved an accuracy of 75.90%, outperforming the
deeper DenseNet-264 (74.70%). While DenseNet-121 demonstrated
higher sensitivity, which is crucial for screening tasks, DenseNet-
264 reduced false positives at the cost of sensitivity. Our findings
demonstrate the feasibility of end-to-end 3-D classification for
early pediatric MRI, establishing a baseline for future work and
eventually help accelerate pediatric MRI triage and enable earlier
clinical intervention. The results highlight that increased model
depth does not intrinsically yield better generalization on modest
pediatric datasets. Future clinical integration requires balancing
of the architectural capacity and specificity.

Keywords— Pediatric MRI; 3-D Convolutional Neural
Networks; Infant Brain Abnormalities; Medical Image Clas-
sification;

I. INTRODUCTION

In pediatric care, early recognition of structural brain abnor-
malities is critical because neurodevelopment in the first years
of life is rapid and highly plastic. Timely identification enables
earlier intervention and better long-term outcomes. Consistent
with this, professional guidance emphasizes developmental
surveillance at every well-child visit and formal screening in
the first three years of life [1]. MRI is often the preferred
modality when imaging is indicated, owing to its sensitivity
for malformations, white-matter/myelination disorders, and
migrational anomalies relevant to developmental delay [2][3].
Moreover, early MRI findings can predict later neurodevelop-
mental performance in high-risk infants, underscoring the value
of prompt and reliable image interpretation [4]. Yet, pediatric
MRI remains resource-intensive. Young children frequently
require deep sedation or anesthesia to minimize motion, which
adds time, cost, and safety considerations to already busy
services [5][6]. At the health-system level, rising imaging
volumes and a persistent radiology workforce shortfall have
stretched reporting capacity, contributing to delays in delivering
actionable results—especially for complex modalities like MRI
[7].

Manual interpretation of pediatric brain MRI is painstaking
and time-intensive. A single study comprises hundreds of slices
that must be reviewed systematically for age-appropriate myeli-
nation patterns, malformations of cortical development, white-
matter signal changes, and incidental findings. Turnaround
times can lengthen when studies require subspecialty input,
when motion artifacts necessitate repeat sequences, or when
service volumes spike. Since interpretation is a task for trained
experts in the field, AI systems are well positioned as assistive
tools that triage, prioritize, and standardize measurements.
These systems are never used as replacements for clinical
judgment [8]. In this context, a fast and reliable screening
model that flags potentially abnormal studies could help reduce
time-to-report for the most urgent cases while maintaining
human oversight [9].

These pressures have accelerated interest in Artificial Intel-
ligence (AI) as an assistive tool in imaging. Meta-analyses
indicate that deep learning systems can achieve diagnostic
performance comparable to clinicians under study conditions,
while also highlighting the need for rigorous external validation
and careful study design [10]. Despite growing interest in
AI for pediatric neuroimaging, key gaps remain. Most prior
studies focus on narrow clinical tasks and rely on 2-D slice-
based models that inadequately capture 3-D anatomical context,
particularly important in rapidly developing infant brains.
Very few works evaluate volumetric deep learning approaches
in the 0–36-month age range, where rapid maturation and
heterogeneous acquisition protocols pose unique challenges.
Dataset sizes are often small, performance is rarely assessed
on rigorously held-out cohorts, and the impact of model
depth under limited pediatric data is largely unexplored.
For volumetric data such as brain MRI, 3-D convolutional
networks explicitly model inter-slice anatomical context and
can outperform 2-D, slice-based approaches across several
applications [11].

In this work, we formulate early detection of pediatric brain
abnormalities as a supervised 3-D volumetric classification
problem on T2-weighted MRI. We assemble 833 scans from
patients aged 0–36 months acquired on a single scanner
(under varying protocols), binarize labels into Normal vs. Not
healthy from radiology reports, and standardize each volume
to a 96×96×96 grid for efficient batching. We then compare
two densely connected architectures, (a) DenseNet-121 and
(b) DenseNet-264, adapted to 3-D convolutions. Our study
is designed to (i) quantify the feasibility and headroom of
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end-to-end 3-D classification in this age range, (ii) assess
depth/capacity trade-offs under limited pediatric data, and
(iii) report clinically meaningful metrics such as accuracy and
confusion matrix on a strictly held-out test set. The broader
goal is to evaluate whether such a model can pragmatically
support pediatric neuroradiology workflows by accelerating
case prioritization while preserving expert oversight [12].

The remainder of this paper is organized as follows. Section
II reviews prior work in medical image analysis and pediatric
neuroimaging. Section III details the dataset, preprocessing
steps, model architectures, and training procedures, while Sec-
tion IV presents the experimental results. Section V provides a
critical evaluation of model performance and clinical relevance,
and Section VI concludes with future directions for improving
pediatric MRI classification.

II. RELATED WORK

Deep learning has reshaped medical image analysis across
modalities and tasks such as classification, detection, segmenta-
tion, registration, and even reconstruction. This is accomplished
by replacing hand-engineered features with end-to-end repre-
sentation learning documented in comprehensive surveys of the
field [13]. Meta-analytic evidence further suggests that, under
study conditions, diagnostic performance of deep models can
match that of health-care professionals, while also underscoring
persistent gaps around external validation and study quality
[10].

Within neuroimaging, volumetric MRI has catalyzed 3-
D convolutional approaches that explicitly model inter-slice
context; seminal architectures such as 3D U-Net and multiscale
3-D Convolutional Neural Networks (CNN) (with CRF post-
processing) established strong baselines for brain lesion seg-
mentation [14]. Subsequent reviews report robust performance
of 3-D CNNs across segmentation and classification problems
in MRI and other modalities, including neurodegenerative
disease classification [15]. Community benchmarks like the
Brain Tumor Segmentation (BraTS) challenge have further
accelerated progress by standardizing datasets and evaluation
protocols and by tracking gains across successive competition
years [16].

Beyond general surveys of medical imaging AI, pediatric
neuroimaging presents distinct challenges. There are rapid,
non-linear changes in tissue contrast due to myelination,
smaller brain size, and a higher prevalence of congenital or
developmental anomalies relative to adult cohorts. Much of
the mature literature and public benchmarks, such as BraTS
centers on adult pathologies and segmentation tasks, leaving
pediatric classification comparatively underexplored. Prior
pediatric efforts have often targeted specific conditions (e.g., age
estimation/myelination staging, neonatal white-matter injury,
posterior fossa tumors) are relied on 2-D slice-based models
with ensembling across slices, which can dilute cross-slice
anatomical context [17]–[19]. Although effective in narrow
settings, these approaches cannot fully capture the subtle,
spatially distributed patterns present in early-life T2 MRI and

are further limited by the rapid anatomical changes and small
brain structures characteristic of the 0–36 month age range.

Methodologically, 3-D CNNs capture volumetric dependen-
cies that are critical in pediatric brains where subtle, spatially
distributed patterns carry diagnostic signal. Dense connectivity
(as in DenseNet) promotes feature reuse and stabilizes optimiza-
tion for deeper networks—properties desirable when labeled
pediatric datasets are modest in size [20]. While 3-D DenseNet
variants have shown promise in adult neuroimaging and other
modalities, there remain relatively few end-to-end studies on
full-volume 3-D classification of pediatric T2 MRI in the first
three years of life. Our work contributes to this gap by training
and evaluating 3-D DenseNet-121 and DenseNet-264 on a
curated 0–36-month cohort with standardized preprocessing
and a class-stratified held-out test set, providing a reproducible
baseline for future pediatric studies.

Unlike prior pediatric studies that rely primarily on 2-D slice-
based aggregation models, this work implements full-volume
3-D DenseNet architectures for binary abnormality screening in
infants aged 0–36 months. To our knowledge, few studies have
systematically evaluated depth-related generalization trade-offs
in 3-D CNNs under limited pediatric data conditions using a
strictly held-out cohort.

III. METHODOLOGY

This section describes the dataset, preprocessing pipeline,
model architectures, and evaluation protocol used to assess
three-dimensional (3-D) DenseNet classifiers for early pediatric
MRI abnormality screening.

A. Dataset and Data Source

We curated a cohort of 833 pediatric T2-weighted brain
Magnetic Resonance Imaging (MRI) volumes from patients
aged 0–36 months. All scans were acquired at a single
institution using the same scanner, though imaging protocols
varied across examinations. Of the 833 cases, 565 were labeled
as Normal and 268 as Not healthy based on radiologist reports.

Each MRI volume was paired with structured metadata
(meta.csv) containing an image_id and corresponding
radiologist-derived diagnosis. Records lacking a corresponding
T2-weighted volume were excluded following a file-system
audit keyed by image_id. For supervised learning, diagnoses
were binarized as Normal when no pathology was reported
and Not healthy otherwise.

All labels were derived from clinical reports rather than
manual re-annotation. Demographic variables such as gender
distribution were not available in the metadata and therefore
were not incorporated into modeling.

B. Data Pre-processing

All MRIs were originally stored in NIfTI (.nii.gz) format.
For compatibility with the training framework, volumes were
converted to PyTorch tensor (.pt) format.

Preprocessing consisted of the following standardized steps
applied uniformly across all scans:

56Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-362-0

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

AIHealth 2026 : The Third International Conference on AI-Health

                            64 / 97



Figure 1. Flowchart of Data Processing and Machine Learning Stages

• Canonical reorientation to ensure consistent anatomical
alignment,

• Intensity clipping to robust percentile ranges to reduce the
influence of outliers,

• Per-volume z-score normalization,
• Uniform resampling to a fixed grid of 96× 96× 96 voxels.

Resampling ensured consistent input dimensions across sub-
jects and enabled efficient batched training of 3-D convolutional
models.

The overall data preparation and modeling workflow is
summarized in Figure 1. Notably, preprocessing was performed
prior to dataset splitting to ensure consistent transformations
across all samples.

C. Model Architectures

Two three-dimensional convolutional neural network (CNN)
classifiers were implemented based on DenseNet-121 and
DenseNet-264 architectures. All two-dimensional convolutional,
pooling, and normalization operations were replaced with
their three-dimensional counterparts. The initial convolution
layer was adapted to accept single-channel T2-weighted input
volumes.

Dense connectivity promotes feature reuse and improves
gradient flow across depth, while transition layers with com-
pression constrain parameter growth. These properties are
advantageous when training deep networks on modest-sized
pediatric datasets characterized by anatomical heterogeneity.

D. Model Evaluation

To obtain an unbiased estimate of generalization, we em-
ployed a stratified hold-out validation strategy. Twenty percent
of cases from each class (Normal and Not healthy) were
reserved as a strictly held-out test set. This cohort remained
completely unseen during model training and hyperparameter
tuning.

The remaining 80% of the data were used for model
development, with a validation subset carved from the training
portion for hyperparameter selection.

Models produced a single sigmoid output and were trained
using weighted binary cross-entropy loss to mitigate class
imbalance. Training employed mini-batches with on-the-fly
three-dimensional data augmentation.

A coarse hyperparameter sweep explored learning rates in the
range [10−6, 5× 10−2] and training durations between 10 and
50 epochs. Three-dimensional DenseNet variants are known to
be sensitive to optimizer step size; excessively large learning
rates can cause unstable optimization, whereas excessively
small values may hinder convergence. The selected range
therefore spans conservative to moderately aggressive update
regimes.

The upper bound of 50 training epochs reflects the tendency
of high-capacity 3-D models to overfit under limited data con-
ditions. Early stopping was guided by validation performance.
The final configuration for each architecture was selected based
on validation accuracy, and all performance metrics reported
in Section IV were computed exclusively on the untouched
test set.

Evaluation metrics included accuracy, precision, recall (sen-
sitivity), F1-score, and confusion matrix counts.

IV. RESULTS

A. Hyperparameter Tuning

A coarse grid search was performed over learning rates
{10−6, 10−5, 10−4, 10−3, 5 × 10−3, 10−2, 5 × 10−2} and
training durations of 10, 20, 30, 40, and 50 epochs for both
architectures. For DenseNet-121, validation accuracy ranged
roughly from 60% to 80% across the grid. Performance
improved consistently as training progressed from 10 to 50
epochs at moderate learning rates, with the best validation
accuracy of 80.60% obtained at 50 epochs and a learning rate
of 10−4, as shown in Table I.

For the deeper 3-D DenseNet-264, validation accuracy were
slightly lower on average, and there was a strong dependence
on conservative learning rates. Table II displays that the best
validation accuracy obtained was 78.11% at 40 epochs and a
learning rate of 10−5. Similar to DenseNet-121, intermediate
learning rates and moderate training durations (20–40 epochs)
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TABLE I. VALIDATION ACCURACIES OBTAINED DURING
HYPERPARAMETER TUNING FOR DENSENET121

Epochs / 0.000001 0.00001 0.0001 0.001 0.005 0.01 0.05
Learning Rate
10 64.68% 74.13% 71.64% 76.12% 78.11% 66.67% 71.64%
20 71.64% 75.12% 67.16% 74.63% 76.12% 71.64% 68.66%
30 73.13% 72.14% 70.65% 77.61% 74.13% 75.12% 68.66%
40 75.12% 75.62% 71.64% 74.13% 77.11% 60.70% 66.67%
50 71.64% 80.10% 80.60% 73.13% 74.63% 66.17% 76.12%

tended to perform well, while large learning rates (10−2, 5×
10−2) led to earlier saturation or degradation, showing that the
higher capacity model is more susceptible to overfitting and
unstable updates when learning rates are too high.

Overall, the grid search indicates that (i) both architectures
benefit from training beyond 20 epochs, (ii) DenseNet-121
is slightly more forgiving to a range of learning rates, and
(iii) DenseNet-264 yields its best performance under more
conservative optimization settings.

TABLE II. VALIDATION ACCURACIES OBTAINED DURING
HYPERPARAMETER TUNING FOR DENSENET264

Epochs / 0.000001 0.00001 0.0001 0.001 0.005 0.01 0.05
Learning Rate
10 71.14% 73.13% 73.63% 71.14% 71.64% 56.72% 65.67%
20 73.63% 76.62% 73.63% 75.12% 74.13% 69.15% 63.68%
30 72.64% 66.67% 69.65% 72.64% 76.12% 73.63% 72.64%
40 70.15% 78.11% 77.11% 72.64% 65.17% 67.16% 68.66%
50 74.13% 77.61% 75.12% 67.66% 67.66% 73.13% 58.21%

B. Test Set Performance

Using the best configuration selected on the validation split,
final evaluation was conducted on a strictly held-out test set.
The 3-D DenseNet-121 achieved an overall test accuracy of
75.90%, whereas the 3-D DenseNet-264 achieved 74.70% as
shown in Table III. Thus, despite its greater depth and slightly
higher peak validation performance in some regions of the
search space, DenseNet-264 did not translate this advantage
into generalization to the unseen test cohort.

TABLE III. CLASSIFICATION REPORT ON MODEL PERFORMANCES

Models Accuracy Precision Recall F1 Score
DenseNet121 75.90% 0.75 0.76 0.75
DenseNet264 74.70% 0.74 0.75 0.74

Figure 2 summarizes the class-wise behavior via confusion
matrices. Visual inspection shows that DenseNet-264 attains a
lower true positive rate (sensitivity) for the Not healthy class
but at the cost of a decreased false positive rate, i.e., more
Normal scans incorrectly flagged as Not healthy. Similarly,
DenseNet-121 attains a higher true positive rate but at the cost
of an increased false positive rate.

V. DISCUSSION

The experimental results highlight several important trade-
offs between model capacity, optimization, and clinical utility
in pediatric brain MRI classification.

First, the accuracy difference between the two architectures
on the held-out test set is modest (75.90% for DenseNet-
121 vs. 74.70% for DenseNet-264), but it consistently favors

(a) DenseNet121

(b) DenseNet264

Figure 2. Normalized confusion matrices (in %) for DenseNet121 and
DenseNet264.

the shallower model. Given that both networks were trained
on the same curated 0–36 month cohort, this suggests that
additional depth and parameters do not automatically translate
into better generalization under limited pediatric data. Dense
connectivity facilitates feature reuse in both variants, but
the larger DenseNet-264 may be more prone to overfitting
subtle, cohort-specific patterns unless regularization, data
augmentation, or larger training sets further constrain the
solution space.

Second, the confusion matrices in Figure 2 show a clinically
relevant trade-off. DenseNet-121 attains higher sensitivity for
Not healthy scans, which is attractive for a screening or triage
role where missing a true abnormality is costly. However,
this comes with an increased false positive rate, which could
generate more cases for radiologist review that ultimately prove
normal. DenseNet-264 attains lower sensitivity for Not healthy
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scans.
Third, the hyperparameter sweeps underscore that both

architectures are sensitive to learning rate and training duration.
DenseNet-121 exhibited robust performance across a band of
moderate learning rates (10−5 to 10−3) when trained for 30–50
epochs, while DenseNet-264 required a more conservative
setting (e.g., 10−5, 40 epochs) to reach its best validation
performance. This pattern suggests that future work could
benefit from more aggressive regularization (such as stronger
augmentation, weight decay, or stochastic depth).

From a workflow perspective, these results support the
feasibility of end-to-end 3-D classification of pediatric T2-
weighted MRI in the first three years of life. A model with
mid-70% test accuracy is not intended to replace expert
interpretation but can serve as an assistive tool flagging likely
abnormal studies for prioritized review, highlighting challenging
cases for second reads, or providing a consistent baseline
against which future improvements can be measured.

Future extensions include expanding the dataset to improve
generalization, incorporating additional sequences or metadata
(e.g., age or protocol information), and validating the models
on external cohorts from other scanners and institutions.
Integrating interpretability techniques (e.g., 3-D saliency or
attribution maps) could further support clinician trust by
localizing regions that drive model predictions. Ultimately,
the present study establishes a reproducible 3-D DenseNet
baseline for pediatric T2 MRI classification and illustrates how
architecture depth and hyperparameter choices influence both
numerical performance and clinically relevant error profiles.

While direct comparison to radiologist performance was
beyond the scope of this study, the model is positioned as an
assistive triage mechanism rather than a diagnostic replacement.
Future work should incorporate reader studies comparing model
output against initial radiologist screening decisions.

A. Limitations

1) Single-Scanner Limitation: All MRIs were acquired
from a single scanner and institution. This represents the
primary threat to external validity. Scanner-specific acquisition
parameters, coil configurations, and reconstruction pipelines
may introduce site-dependent biases. Performance may decline
when applied to external institutions with different hardware
or protocols. Multi-center validation is therefore a critical next
step.

2) Heterogeneous “Not Healthy” Label: The “Not healthy”
category aggregates multiple pathological conditions, including
structural malformations, white-matter abnormalities, and other
developmental findings. This coarse binarization simplifies the
classification task but obscures subtype-specific performance
variation. Future studies should explore multi-class labeling to
quantify differential sensitivity across abnormality types.

3) Clinical Utility Threshold: Although mid-70% accuracy
demonstrates feasibility, this level of performance is insufficient
for autonomous clinical deployment. In real-world triage set-
tings, higher sensitivity—potentially above 90%—would likely
be required to ensure minimal missed pathology. Accordingly,

the present study should be interpreted as a proof-of-concept
baseline rather than a deployable system.

VI. CONCLUSION AND FUTURE WORK

This study validates the application of DenseNet architecture
variants for classifying pediatric brain MRI, demonstrating the
promise of 3-D convolutional networks in enhancing diagnostic
accuracy. DenseNet-121 outperformed the deeper DenseNet-
264 on the strictly held-out test set, suggesting that increased
architectural depth did not improve generalization under limited
pediatric data. However, the necessity to address increased false
positives remains paramount. These findings contribute an
openly documented 3-D pediatric MRI classification baseline
that future studies can benchmark against when evaluating
larger multi-institutional datasets.

Future investigations will aim to expand our dataset, thereby
enhancing model generalization and benchmark comparison.
Additionally, exploring hybrid models with attention mecha-
nisms could provide better interpretability and accuracy by
focusing computational resources on critical brain regions.
Deployment within clinical routines should involve an iterative
feedback mechanism from radiologists to facilitate continual
learning and system refinement, ultimately supporting efficient
and accurate pediatric neurodiagnostic processes.
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Abstract—Temporal Lobe Epilepsy is a chronic neurological
disorder affecting 50 million people worldwide, with diagnosis
often complicated by overlapping symptoms with other conditions.
Traditional diagnostic methods, like electroencephalography and
manual Magnetic Resonance Imaging analysis, face challenges
of subjectivity and inaccuracies. This study explores machine
learning approaches to address these limitations, utilizing Mo-
bileNet and U-Net models to improve diagnostic accuracy and
efficiency in Temporal Lobe Epilepsy. MobileNet, a lightweight
classification model, successfully distinguishes between normal and
abnormal hippocampi, achieving a classification accuracy of 94%.
This is further enhanced by the U-Net segmentation network,
which achieves an Intersection over Union score of 0.902 in
identifying hippocampal abnormalities associated with Temporal
Lobe Epilepsy. The integration of these models significantly
improves diagnostic precision and efficiency, offering substantial
support to radiologists in clinical settings. The promising results
underscore the potential of advanced machine learning techniques
in enhancing diagnostic processes. Future research will aim to
increase model robustness by diversifying training datasets and
exploring alternative algorithmic approaches, thereby improving
the models’ applicability and reliability across various clinical
environments.

Keywords-Temporal Lobe Epilepsy; Machine Learning; Mo-
bileNet; U-Net; Hippocampal Abnormalities.

I. INTRODUCTION

Temporal Lobe Epilepsy (TLE) is a chronic neurological
disease caused by the abnormal discharge of neurons in the
brain [1]. TLE affects about 50 million people worldwide [2].
It is the fourth most common neurological disorder, and it
impacts people of all ages, including adults, children, and
newborns [3].

Seizures caused by TLE can cause brain injury, physical
harm, and even a shorter lifespan. Specifically, TLE can lead
to significant memory loss due to damage in the hippocampus,
as well as impacting attention, learning, and language process-
ing, all of which are vital for daily tasks [4]. Additionally,
recent research has indicated that individuals with TLE are
at higher risk of depression, anxiety, and mood instability,
stemming from dysfunction in the limbic system [5]. The
most alarming consequence of TLE is the increased risk of
mortality from sudden unexpected death in epilepsy (SUDEP),
vascular diseases, suicide, pneumonia, and underlying causes
like brain tumors: all of these factors cause individuals with
epilepsy to have a mortality rate as much as 11.6% higher
than expected [6]. That is why it is essential to ensure early
and accurate diagnosis of TLE to increase the chance for
patients to receive proactive treatment and restore their quality

of life. Currently, epilepsy diagnosis involves multiple steps that
combine clinical observation with testing to identify both the
seizure type and its underlying cause. Electroencephalography
(EEG) serves as the primary diagnostic tool for epilepsy,
capturing the brain’s electrical signals to detect the irregular
patterns characteristic of the condition. However, interpretations
of EEG scans are subjective, and radiologists may misdiagnose
TLE as other conditions, such as a primary psychiatric disorder
(i.e., schizophrenia) [7], which has many similar symptoms
as TLE. Additionally, diagnosing epilepsy presents significant
challenges due to its non-specific symptoms that sometimes
look similar to those of other medical conditions. The diagnostic
process primarily depends on reviewing the patient’s medical
history and documenting seizure episodes from the witnesses,
which can be incomplete or inaccurate. That is why previous
studies have demonstrated that prior seizures experienced by
patients are often not diagnosed as epilepsy, impacting as
many as 38% of epilepsy patients [8]. To overcome these
limitations in diagnosing TLE, researchers have explored
alternative diagnostic methods, particularly by examining the
state of the hippocampus [9], a structure located deep within
the temporal lobe. The hippocampus plays a crucial role in
memory processing, emotion regulation, spatial navigation,
and learning [10]. In TLE, the hippocampus often shows
damage or structural changes, such as hippocampal sclerosis, in
which nerve cells are lost and scarring develops. Hippocampal
sclerosis is present in between 30.5% and 45% of all epilepsy
syndromes and in 56% of cases of TLE [11]. Therefore, it is
valuable for radiologists to detect hippocampal abnormalities
in potential TLE patients.

Magnetic Resonance Imaging (MRI) with efficient spatial
navigation capabilities is key for evaluating the state of the
hippocampus [12]. The process of identifying and marking
the hippocampus in MRI scans relies heavily on manual
techniques, which require a significant time investment and
are subject to inter-observer differences. For example, in
temporal lobe epilepsy, hippocampal sclerosis can sometimes
appear as very mild shrinkage or subtle signal changes, which
may be overlooked even by experienced radiologists [13].
Additionally, processing MRI images presents challenges due
to the substantial computational resources needed and the
extensive time required for completion [1].

Automation can assist radiologists in enhancing their detec-
tion process. Machine learning and deep learning algorithms
can extract complex features from MRI images that are often
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difficult for the human eye to distinguish, enabling precise
detection of hippocampal sclerosis and other hippocampal
abnormalities. Models trained on MRI data have immense
potential to improve the accuracy of detecting hippocampal
abnormalities; for instance, deep learning models can perform
automated segmentation of the hippocampus, measure its
volume precisely, and detect microstructural changes [14].
However, there are many considerations researchers must make
when constructing these models, including data quality, data
generalizability, and preprocessing methods. This study ex-
plores the implementation of the U-Net segmentation algorithm
to localize hippocampal abnormalities, as well as the MobileNet
classification model to serve as a prior step in distinguishing
healthy from non-healthy hippocampal tissues, providing a
comprehensive approach to automated TLE diagnosis.

The paper is organized and begins with an introduction in
Section I and exploration of related work in Section II. An
explanation of the various stages of methodology was in Section
III, followed by results in Section IV. Section V contains the
discussion. Finally, a conclusion about the implications of the
study is present in Section VI.

II. RELATED WORK

Several researchers have explored the potential of utilizing
computer vision deep learning algorithms to detect minute or
microstructural abnormalities in hippocampal MRIs to assist
in TLE diagnosis. Segmentation models have shown especially
promising results, as they are able to precisely delineate
the hippocampal region with minimal human intervention.
Experiments with segmentation are often conducted by incor-
porating transfer learning to pre-trained Convolutional Neural
Networks (CNN) to minimize computational resources while
maximizing accuracy. However, some common limitations
in these studies are insufficient hyperparameter optimization,
high computational resource requirements for training complex
models, and class imbalance due to limited availability of
hippocampal-specific slices.

For example, Chaouch et al. [15] studied hippocampal
atrophy in mesial temporal lobe epilepsy via CNN deep learning
segmentation. While these segmentation models show success
in isolating the particular volume and location of hippocampus
atrophy, as seen through a Dice score of 0.86 and sensitivity
of 93%, the datasets used to train these models have a vast
imbalance of relevant shots of the hippocampus: out of 3050
slices used in the model, only 459 actually contain hippocampal
regions, making approximately 80% of the data obsolete and
rendering the model liable to class imbalance issues and
overfitting.

Additionally, Chang et al. [16] utilized a custom CNN archi-
tecture with 3 main layers to diagnose TLE and Alzheimer’s
disease from MRI brain scans by analyzing both the hippocam-
pal region, as well as the broader structure of the brain. Their
model achieves an accuracy of 90.45% in correctly identifying
the presence of TLE, and an F1 score of 0.85. However, a lack
of exhaustive hyperparameter tuning, as acknowledged by the
researchers themselves, likely constrained the model’s accuracy

and stability, as the most optimal epochs and learning rates
have the potential to significantly improve model performance.
Similarly, Jiang et al. [17] created a novel CNN architecture,
HS-Net, to accurately detect the presence of hippocampal
sclerosis characteristic of TLE, achieving results like an Area
Under the Curve (AUC) of 0.894 and an accuracy of 82.88 .
Nonetheless, the model fails to precisely delineate the location
or structure of the impacted hippocampus, and thus only serves
to classify the presence of hippocampal sclerosis without
actually automating the diagnostic process.

Most notably, Widodo et al. [12] utilizes the U-Net model
to segment the hippocampus in MRI images. They utilized
transfer learning to train a 3D U-Net model with data from a
range of patients with various cognitive states (normal, mild
cognitive impairment, and Alzheimer’s). They achieved an
Intersection Over Union (IoU) of 0.75 and a sensitivity of
0.80. While this work demonstrates the effectiveness of U-Net
architectures for hippocampal segmentation, it does not address
class imbalance within the dataset or test how hyperparameter
selection influences model performance. Similar to the approach
in Widodo’s study, this study utilizes the U-Net architecture for
segmenting the hippocampus in MRI images. Furthermore, to
overcome the flaws present in previous studies, a wider range
of hyperparameters is used to test the architecture’s efficacy and
the dataset is balanced in preprocessing to ensure the model
is trained upon an equal number of healthy and unhealthy
scans. Most significantly, this study also conducts experiments
with the CNN MobileNet to conduct classification on the MRI
images and classify them as “healthy” vs “unhealthy” before
segmentation; this creates a more real-world workflow that
saves computational resources and only utilizes segmentation
in necessary cases. Despite conducting experiments with a
limited number of models, the proposed framework has the
potential to localize hippocampal abnormalities more effectively
and efficiently than traditional methods and other experimental
approaches.

III. METHODS

Dataset Analysis: This study utilized publicly available data
from Jafari-Khouzani et al., a 2.58 GB dataset containing 50
brain T1-weighted MRI volumes with hippocampus labels [18].
The decision to use a dataset of T1-weighted MRI images rather
than alternatives like T2 was driven by several key factors.
T1-weighted MRI images provide high anatomical detail and
clearly distinguish between gray and white matter, with white
matter appearing lighter and gray matter darker [19]. This
makes them ideal for detecting structural abnormalities within
the hippocampus. Additionally, T1 scans produce sharper,
higher-resolution images and are employed in procedures that
require highly precise data [20].

Specifically, 40 of the images belong to patients who
have temporal lobe epilepsy. Several of the patients had
atrophic hippocampi, allowing for the model to train with
real-world data with more challenging segmentation, while
the remaining 10 images were from subjects without epilepsy
and displayed normal hippocampi. The dataset also contained
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labels that detailed the precise anatomical boundaries of the
hippocampus within each volumetric scan. Due to the dataset’s
class imbalance, there may have been a risk of overfitting the
model to become biased towards the unhealthy class. This data
imbalance was mitigated by random undersampling, where the
number of scans within the healthy class were made the same
as the scans in the unhealthy class, equating both data subsets.

Data Preprocessing: The preprocessing phase of this study
involved several systematic steps to prepare the dataset for
model training. The first step began with doing a detailed
dataset analysis to understand the distribution between the
healthy and non-healthy image cases, and separating the images
per class distribution. Figure 1 shows an unprocessed MRI
scan. Image adjustments were done to load the MRI image
and its corresponding label file to the model.

Figure 1. Sample 3D MRI scan from the dataset

Segmentation: To preprocess the images for segmentation,
the first step was to convert the 3D MRI volumes into 2D
image slices to simplify processing and model training. To
convert the 3D volumetric data to 2D, individual image slices
were extracted, which were cross-sectional images of the 3D
images. The 2D slices were extracted in three orientations:
axial (horizontal) slices, coronal (frontal) slices, and sagittal
(lateral) slices. The MRI scans were divided into slices to
increase the size of the dataset, facilitating more robust training;
lower computational resources necessary for the models;
and to leverage pre-trained segmentation models, which are
traditionally trained on 2D slices.

After the slices were isolated, all of them were normalized
to convert the wide-ranging MRI voxels into pixels with a
standard range of intensity. Min-Max normalization was used
to ensure that all the pixels contained a standard intensity from
0 to 255 [21]. The segmentation labels were also converted
to binary masks, such as 0 for the background and 255
for the hippocampus region. The normalized images and the
corresponding masks were saved in two separate folders as .png
files. Figure 2 illustrates the methodology used for conducting
the experiments of this research.

Classification: After resizing the previously gathered MRI
slices to 224 pixels, each image was converted to a 3-channel
RGB format to adhere to the requirements of MobileNet. Then,
pixel values were rescaled from [0,255] to [-1,1], to be assigned
to the labels of “unhealthy” and “healthy.” Finally, class labels
were converted to vectors (e.g., [0,1]) to be assigned to either
health category. This ensured that every slice could be easily

classified as either healthy or unhealthy during subsequent
training.

Data Splitting: Then the preprocessed dataset was split
into sets of training, validation, and test by using a random
sampling approach. Approximately 10% of the dataset was
allocated to validation, and 10% to testing. The remaining 80%
was used for training. This ensured the proper evaluation of
model performance. Figure 3 illustrates the completed MRI
scan and the corresponding mask after the preprocessing stage.

Model Training and Validation: The study was structured
around three sequential experiments designed to overcome the
limitations inherent in using solely segmentation or classifica-
tion models. Using only classification would lack the necessary
anatomical localization for clinical treatment, while applying
segmentation to every MRI slice is computationally ineffi-
cient, particularly for large datasets. This integrated approach
minimizes computational resources and energy consumption
while retaining critical diagnostic detail. Transfer learning was
utilized across all models, leveraging pre-trained weights to
accelerate convergence and improve performance given the
dataset size.

The first experiment was Hippocampus segmentation using
U-Net. This experiment focused on detecting the precise
anatomical delineation of the hippocampus, a key step for
volumetric analysis in TLE diagnosis. The U-Net CNN was
selected due to its proven efficacy in biomedical image
segmentation. U-Net models provide optimal results even with
small tumor lesions or relatively unclear organ boundaries,
making it especially valuable for medical image segmentation,
which often faces these challenges [22]. U-Net is the optimal
choice for researchers due to its ability to obtain accurate
results, even when trained on a limited dataset [23], as the
model automatically incorporate alterations, such as flips and
rotations to expand the size of datasets, and incorporates end-to-
end training, which enables researchers to train U-Net models
directly on broad medical images, rather than handcrafted
features, reducing the need for excessive data. Additionally,
Lu et al. [24] finds that U-Net’s divide-and-conquer encoder
strategy, which divides an input image into five different
feature maps, facilitates efficient segmentation and localization;
this feature is crucial for clinical environments, where rapid
decisions need to be made with accurate data. While other
models may exhibit strong performances, Turk et al. [25]
shows how U-Net achieves a comparable accuracy to other
experimental models; for instance, in Lu et.al’s study, the
traditional U-Net model achieved a 97.49% accuracy, compared
to 98.00% of a modified model. Furthermore, the U-Net
model required the least training time and computational cost,
compared to other deep learning models like V-Net and Seg-
Net, making it more practical in healthcare settings.

During the training process, hyperparameters were metic-
ulously tuned; learning rates ranged from 0.000001 to 0.05,
while epochs were assessed from 10 to 50. The results of
model training were analyzed with loss and the IoU metric,
defined as Area of Overlap/Area of Union.

The second experiment was classification using MobileNet,
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Figure 2. Flowchart of image Data Processing and Machine Learning stages

(a) Preprocessed 2D MRI scan

(b) Preprocessed mask

Figure 3. Preprocessed data for segmentation

a Convolutional Neural Network commonly used in image
classification. The objective of this experiment was to create
an efficient binary screening tool capable of differentiating
between healthy and unhealthy hippocampus slices. The
MobileNet architecture was chosen for its lightweight design
and computational efficiency, making it ideal for the high-
volume classification required in the initial screening phase.

Despite requiring fewer parameters and having significantly
fewer computational needs than other similar CNNs, Ochoa-
Ornelas et al.’s study [26] demonstrated how the model could
achieve an accuracy of 98.77% on a dataset containing medical
imagery. Additionally, MobileNet produces similar accuracies
to other heavier models like Xception on medical imagery
classification, as evidenced by Prakash et al. [27].

The model was trained to classify MRI slices into "healthy"
or "unhealthy" categories. Similar to the segmentation ex-
periment, hyperparameters were consistently monitored with
epochs and learning rates in the same ranges. Final results
were quantified by analyzing accuracy metrics and detailed
confusion matrices to evaluate the rate of misclassification.

The final experiment simulated the real-world applica-
tion, integrating the optimal classification and segmentation
models sequentially. The MobileNet model (Experiment 2)
first processed the entire testing set to identify slices likely
exhibiting TLE pathology. Subsequently, the high-precision
U-Net model (Experiment 1) was applied only to the slices
flagged as "unhealthy" by the MobileNet model. This combined
method validated the system’s ability to minimize compu-
tational resources while providing accurate localization of
the hippocampus, establishing a methodology with enhanced
efficiency and accuracy. The final performance of this integrated
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system was tested using the testing dataset. Final analysis of
accuracy via sample images revealed high confidence scores
as well as accurate segmentation.

Results Analysis: After validation and testing were com-
pleted for both the U-net and MobileNet models, the results
were analyzed using IoU metrics, loss, and confusion matrices.
In segmentation, the IoU value is a valuable metric that
evaluates how much the predicted mask overlaps with the
actual location of the hippocampus. For classification, the
IoU compares the overlap between predicted and true positive
classes. A higher IoU value indicates a more accurate model
performance. Additionally, evaluation of loss for segmentation
or confusion matrices for classification was conducted for each
model to gain a greater understanding of specific types of
errors or inaccuracies.

IV. RESULTS

This section outlines findings from the segmentation and
classification experiments. The results include analyses of IoU
metrics, loss metrics, confusion matrices, and graphical and
tabular comparisons of model performance.

In the segmentation experiment, the model was trained
with the U-Net algorithm. There were 35 experiments using a
combination of seven learning rates (0.000001-0.05) and epochs
(10-50), as shown in Table I and II. IoU quantifies the degree of
overlap between the pixels within the model’s predicted mask
and the ground truth images; a higher IoU indicates superior
segmentation accuracy, reflecting the model’s robustness across
a variety of scans. IoU was used to measure the performance
of the model because it provides a rigorous and interpretable
metric that captures both false positives and false negatives,
ensuring that the evaluation reflects the true spatial accuracy
of the segmentation. Additionally, IoU also captures both over-
segmentation and under-segmentation errors, providing a more
comprehensive assessment than simple pixel accuracy.

TABLE I. HIPPOCAMPUS SEGMENTATION U-NET IOU RESULTS

Epochs / 0.000001 0.00001 0.0001 0.001 0.005 0.01 0.05
Learning
Rate
10 0.0064 0.0193 0.5159 0.8028 0.7991 0.8242 0.0175
20 0.0074 0.024 0.7015 0.865 0.2977 0.8486 0.8401
30 0.6543 0.6802 0.73 0.8233 0.8709 0.8794 0.8588
40 0.8755 0.879 0.8886 0.8961 0.8944 0.8944 0.8776
50 0.0121 0.373 0.876 0.874 0.8707 0.8763 0.8642

TABLE II. HIPPOCAMPUS SEGMENTATION U-NET LOSS RESULTS

Epochs / 0.000001 0.00001 0.0001 0.001 0.005 0.01 0.05
Learning
Rate
10 0.3911 0.1297 0.0055 0.0022 0.0025 0.0023 0.0972
20 0.289 0.123 0.0031 0.002 0.0312 0.0024 0.0024
30 0.0039 0.0034 0.0028 0.0025 0.0031 0.003 0.0031
40 0.0023 0.0023 0.0027 0.0064 0.0072 0.0057 0.0036
50 0.195 0.009 0.0023 0.0029 0.0027 0.0031 0.0024

In the U-Net experiment, the highest IoU during validation
of the model was achieved at epoch 40 with a learning rate of
0.01, yielding an IoU of 0.8961. When solely this combination
of learning rate and epoch was used upon an unseen test dataset,

the model yielded an IoU of 0.902, demonstrating the model’s
consistent yet accurate performance across a wide range of data.
However, these same hyperparameters also yielded a relatively
high loss of 0.0064, as shown in Table II, indicating that while
the model correctly captured the shape of the target regions, it
did so with uncertain probability outputs that were penalized
by the loss function. This loss analysis is crucial to gauge the
accuracy of the U-Net model, because it reveals how confidently
the model delineates the location of the hippocampus. The loss
function directly measures the model’s probabilistic errors,
demonstrating instances when confidence is low despite the
model making a correct prediction.

(a) Sample image from
test dataset

(b) Ground truth
hippocampus mask

(c) U-Net predicted
Mask

Figure 4. Successful Segmentation of Hippocampal Abnormalities

The image shown in Figure 4 highlights an example of how
the segmentation done for the sample hippocampus image is
accurate. The model successfully identifies both hippocampal
regions in the correct locations. The accurate results suggest
that the model can determine the anatomical structure due to
its training.

In the classification experiment, the model was trained with
the MobileNet algorithm. Similarly, 35 experiments were also
conducted with the same range of learning rates and epochs,
as shown in Table III. For these sets of experiments, accuracy
was evaluated, along with results from confusion matrices, as
shown in Figure 4. While accuracy measures what percent
of the model’s prediction accurately matches each image’s
corresponding class label, confusion matrices give further
insight into the false positives and negatives the model may
exhibit. These trends demonstrate the model’s weaknesses
and potential class imbalances, ultimately helping to identify
areas where architectural adjustments or additional data are
needed. Validation revealed that at 20 epochs and a learning
rate of 0.01, the model reached its highest accuracy of 0.9483,
reflecting that in over 94% of instances, the model was able
to accurately identify the class of the image as “healthy” or
"unhealthy". When these specific hyperparameters were tested
on an unseen test dataset, the model yielded an accuracy of
0.94. Another metric that was analyzed was confusion matrices,
which demonstrated that the model had significantly more true
positives than true negatives or false positives. The model
detected true positives at a rate of 87.36% and true negatives
at 96.55%, as shown in Figure 5, indicating the model’s
ability to distinguish accurately between different images of
the hippocampi.
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TABLE III. CLASSIFICATION MOBILENET ACCURACY RESULTS

Epochs / 0.000001 0.00001 0.0001 0.001 0.005 0.01 0.05
Learning
Rate
10 0.5345 0.7874 0.8908 0.9195 0.9138 0.9195 0.8851
20 0.7701 0.8506 0.9138 0.9368 0.9425 0.9483 0.9195
30 0.7701 0.8678 0.9195 0.9368 0.9368 0.9425 0.5
40 0.7089 0.8678 0.931 0.9368 0.9425 0.931 0.9195
50 0.7759 0.8793 0.9368 0.9253 0.9425 0.9368 0.9253

Figure 5. Confusion Matrix for MobileNet Classification on Test Dataset

V. DISCUSSION | EVALUTION

Segmentation Performance: Results from hyperparameter
tuning demonstrate that the U-Net segmentation model accu-
rately localizes the precise location of the hippocampus. Table I
shows that learning rates between 0.0001 and 0.01 consistently
yielded high IoU scores. At 10 epochs, only a few learning
rates (0.001-0.01) achieved acceptable segmentation quality,
with lower rates failing to converge, and higher rates showing
instability. The results at 20 epochs showed some improvement,
though the 0.005 learning rate experienced a dramatic collapse
with IoU of 0.2977, demonstrating the model’s instability in
this range. The transition started at 30 epochs where learning
rates 0.000001 and 0.00001 started showing improvement in
IoU, with values above 0.6543. These results indicate the model
requires comprehensive training, even for low learning rates,
to gather sufficient information for accurate predictions.

A more accurate performance occurred at 40 epochs, with all
IoU being greater than 0.8755. Similar to the other epochs, the
learning rates at the lower end of the range contain the lowest
IoU scores, demonstrating the model’s lack of convergence
at those rates. The best configuration, with the highest IoU,
occurs when the optimal learning rate is 0.001 and the epoch
is 40, leading to an IoU of 0.8961. However, at 50 epochs, the
model’s failure to converge at lower learning rates is apparent,
with the lowest IoU being 0.0121. Results from higher learning
rates do not show any improvement from 40 epochs, suggesting
that higher levels of epochs do not increase performance and

may introduce mild overfitting or training instability. Figure
6 represents the hyperparameter tuning process in a graphical
format, plotting the learning rate and epoch versus IoU. This
graph also corroborates the previous IoU analysis.

Additionally, loss results from this experiment also support
the IoU findings, reflecting strong underlying prediction quality
despite the differences in probability calibration. The loss metric
captures the model’s confidence while making predictions. At
10 epochs, there is generally very high loss, especially for
very low learning rates (0.000001) and very high learning
rates (0.05), demonstrating that the model is underfitting and
is unadjusted to the dataset. The results at 20 epochs show a
decrease in loss, demonstrating the model’s growing accuracy.
At 30 and 40 epochs, the model exhibits a stability in loss,
with most loss values from 0.02 to 0.03. This suggests 30
and 40 epochs is sufficient for the model to achieve optimal
convergence without overfitting. At 50 epochs, improvements
in loss are marginal and are not offset by the additional
computational resources necessary. At the hyperparameters
with the high IoU output, the model yielded a loss of 0.0064, a
relatively high loss, especially when compared to the model’s
performance with the same epoch and different learning rates.
A relatively high loss occurring despite a high IoU may
indicate the model’s uncertainty while making pixel-level
predictions. This lack of confidence may occur if the dataset
contains ambiguous or noisy scans, making certain predictions
difficult. Although augmenting the dataset would increase the
model’s confidence in prediction and decrease loss across the
board, ambiguous data reflects real-world conditions present
in clinical facilities, which may contain various scans with
different qualities. However, clinicial validation by radiologists
is necessary to fully validate the efficacy of the model in real-
world settings. Overall, this selection of learning rates and
epochs helped to balance convergence, stability, and overfitting,
helping to create a model that could robustly and accurately
localize abnormal hippocampal tissue.

Figure 6. Graph of Segmentation IoU Results

The most optimal combination of hyperparameters yielded
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an IoU of 0.902 on an unseen test dataset, highlighting the
model’s ability to generalize patterns accurately beyond the
test dataset; the relative consistency between the validation and
test IoU results demonstrates the model’s stability and lack of
overfitting.

Classification Performance: For the second experiment of
classification, the MobileNet model demonstrated excellent
balanced performance in distinguishing healthy from non-
healthy hippocampal tissues. The performance of the model
was recorded according to a simple accuracy metric, where
the higher the score, the more accurate the model was in
identifying healthy or unhealthy hippocampal scans. Similar
to the segmentation experiment, hyperparameters were closely
analyzed with the same ranges in learning rate and epochs.
Table II demonstrates how all combinations of hyperparameters
achieved relatively high accuracy scores, with the majority
being greater than 0.77. Across all epochs, the lowest learning
rate of 0.000001 had the lowest accuracy score, conveying how
this small learning rate hindered gradient updates, preventing
the model from capturing meaningful updates in each epoch.
Lower-end learning rates (0.00001 and 0.0001) had varied
results, but larger epochs achieved higher scores due to the
model’s ability to create more gradient updates with more
epochs. The model achieved the best results with learning rates
ranging from 0.001 to 0.01, indicating that moderately high
learning rates allowed MobileNet to converge efficiently and
extract discriminative features reliably for classification. The
highest accuracy of 0.9483 was achieved at 20 epochs and a
learning rate of 0.01, indicating how despite containing a lower
number of epochs, the larger learning rate allowed the model
to effectively adjust its gradients and learn patterns effectively.
The largest learning rate of 0.05 fared slightly poorly compared
to the previous epochs most likely due to training instability,
with a sudden decrease in performance at 30 epochs. This
model’s accuracy results indicate how the MobileNet model
fairs better with larger learning rates as they enable faster
convergence and more effective gradient updates. The graph
in Figure 7 highlights the accuracy results of the classification
experiment, by showing the trends across the hyperparameters.

The normalized confusion matrix, as shown in Figure 5,
corroborates the accuracy results and shows the classification
model’s performance in distinguishing between “healthy” and
“non-healthy” cases. The model exhibits a high accuracy in
identifying true positive cases, with 87.36% accuracy, as well
as true negative cases, with a 96.55% accuracy. This indicates
that the model is able to accurately discern if the MRI scan
is healthy or unhealthy, with minimal error. The model fares
slightly better when detecting healthy scans, as evidenced by
its higher accuracy for true negatives. Conversely, the slightly
lower true positive accuracy indicates that a small proportion of
unhealthy scans may be misclassified as healthy, highlighting
areas where further refinement during training could enhance
sensitivity without compromising overall reliability.

These results can be analyzed in terms of precision and recall
metrics. Precision measures the proportion of true positive
predictions to total positive predictions, focusing on decreasing

the occurrence of false positive predictions. Recall, however,
measures the proportion of true positive predictions to total
predictions and focuses on minimizing false negatives. The
precision score for “healthy” cases was 0.96, but for “unhealthy”
cases, it was 0.88. However, the recall score for “healthy”
cases was 0.87, but for “unhealthy” cases, it was 0.97. These
results illustrate how the model prioritized minimizing false
negative predictions over isolating false positive cases. A false
positive diagnosis may lead to unnecessary medical intervention,
leading to additional procedures and tests that contain certain
risks. In clinical settings, however, a false negative diagnosis
may pose a more significant danger to patients, leading to
delayed treatment and intervention, reducing the chances of
optimal patient recovery. These findings demonstrate how the
MobileNet algorithm has the potential to be deployed in a
clinical setting to detect structural abnormalities in hippocampal
MRIs, as it is able to accurately classify unhealthy from healthy
scans. Further experiments will be conducted under the purview
of radiologists to further validate the results.

Combination of Both Experiments: When a dual approach
of the models was employed, with classification occurring
before segmentation, the overall architecture yielded success.
When tested on an unseen test image, the architecture exhibited
a confidence score of 1 and was able to accurately segment the
location of the impacted hippocampus on a prediction mask.
The overall results from all three experiments demonstrate how
a dual deep learning approach with classification and segmen-
tation is able to successfully detect hippocampal abnormalities,
and ultimately detect the presence of TLE. This approach has
the potential to assist physicians with diagnosing TLE, as these
complementary models produce clinically meaningful outputs,
which guide further evaluation and treatment planning.

Despite the model’s potential for success, there were some
limitations within the methodology of the study which may
have constrained the model’s reliability. The analysis was
conducted using a single-source dataset, which only contained
50 scans; this limited amount of data may have limited the
model’s exposure to the diversity of data found in typical

Figure 7. Graph of Classification Accuracy Results
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clinical settings. Additionally, a more detailed analysis of other
varieties of classification and segmentation models is necessary
to determine the best possible architectures to achieve the
highest accuracies and greatest generalizability across varied
datasets.

For the second experiment of classification, the MobileNet
model demonstrated excellent balanced performance in distin-
guishing healthy from non-healthy hippocampal tissues. The
performance of the model was recorded according to a simple
accuracy metric, where the higher the score, the more accurate
the model was in identifying healthy or unhealthy hippocampal
scans. Similar to the segmentation experiment, hyperparameters
were closely analyzed with the same ranges in learning rate
and epochs. Table II demonstrates how all combinations of
hyperparameters achieved relatively high accuracy scores, with
the majority being greater than 0.77. Across all epochs, the
lowest learning rate of 0.000001 had the lowest accuracy
score, conveying how this small learning rate hindered gradient
updates, preventing the model from capturing meaningful
updates in each epoch. Lower-end learning rates (0.00001
and 0.0001) had varied results, but larger epochs achieved
higher scores due to the model’s ability to create more gradient
updates with more epochs. The model achieved the best results
with learning rates ranging from 0.001 to 0.01, indicating
that moderately high learning rates allowed MobileNet to
converge efficiently and extract discriminative features reliably
for classification. The highest accuracy of 0.9483 was achieved
at 20 epochs and a learning rate of 0.01, indicating how despite
containing a lower number of epochs, the larger learning rate
allowed the model to effectively adjust its gradients and learn
patterns effectively. The largest learning rate of 0.05 fared
slightly poorly compared to the previous epochs most likely due
to training instability, with a sudden decrease in performance
at 30 epochs. This model’s accuracy results indicate how the
MobileNet model fairs better with larger learning rates as they
enable faster convergence and more effective gradient updates.

The normalized confusion matrix as shown in Figure 5
exhibits a high accuracy in identifying true positive cases, with
87.36% accuracy, as well as true negative cases, with a 3.45%
accuracy. These results can be analyzed in terms of precision
and recall metrics. Precision measures the proportion of true
positive predictions to total positive predictions, focusing on
decreasing the occurrence of false positive predictions. Recall,
however, measures the proportion of true positive predictions
to total predictions and focuses on minimizing false negatives.
The precision score for “healthy” cases was 0.96, but for
“unhealthy” cases, it was 0.88. However, the recall score for
“healthy” cases was 0.87, but for “unhealthy” cases, it was 0.97.
These results illustrate how the model prioritized minimizing
false negative predictions over isolating false positive cases. In
clinical settings, a false negative diagnosis may pose a more
significant danger to patients, leading to delayed treatment and
intervention. These findings demonstrate how the MobileNet
algorithm has the potential to be deployed in a clinical setting
to detect structural abnormalities in hippocampal MRIs.

VI. CONCLUSION AND FUTURE WORK

This study underscores the potential of integrated deep
learning models as powerful tools for identifying hippocampal
abnormalities associated with TLE. By achieving an IoU
of 0.902 with the U-Net segmentation model and a test
accuracy of 0.94 with the MobileNet classifier, the study
highlights the strong performance of both architectures in
accurately localizing unhealthy hippocampal tissue. These
results, supported by IoU, accuracy and confusion matrix
metrics, reveal the capability of the combined architecture
to minimize misdiagnoses and provide consistent and unbiased
analysis suitable for clinical decision support. However, several
opportunities remain for future research. The study utilized a
relatively limited data set with slice-level labels, which can
constrain the generalizability of the model across diverse patient
populations and imaging conditions. A dataset containing
volumetric scans from a variety of centers could reduce the risk
of bias. Furthermore, a broader exploration of hyperparameters,
such as optimizer selection, learning rate schedules, and
augmentation strategies, as well as the incorporation of 3D
volumetric data, could significantly enhance model robustness
and diagnostic precision. Additionally, expanding the number
of algorithms that were trained and tested upon would further
enhance understanding of which models are most effective for
segmentation and classification. Expanding the framework to
encompass additional epilepsy subtypes or other neurological
disorders may further improve versatility.

Overall, this study presents a promising approach to advanc-
ing TLE diagnostics through the integration of deep learning
into neuroimaging workflows. By enabling efficient, accurate,
and scalable detection of hippocampal abnormalities, the
proposed models can assist clinicians in early identification and
assessment of epilepsy-related pathology. Future advancements,
like training the models from a larger variety of data sources,
validation by industry professionals, and rigorous evaluation
in real-world clinical environments, will be pivotal in shaping
the future of deep learning-driven diagnostic imaging.
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Abstract—Construction work is physically demanding and may 

lead to cumulative fatigue and increased injury risk. Wearable 

devices allow continuous monitoring of workers’ physiological 

strain, but few studies translate such data into concrete work–

rest decisions on active sites. This extended abstract summarizes 

an ongoing field study that uses wrist-based heart-rate 

monitoring to design and evaluate a physiology-guided work–

rest framework for construction workers. Minute-level heart-

rate data from 33 workers across three building sites were 

converted to Heart Rate Reserve (%HRR) and used to trigger 

candidate rest breaks and define a marginal recovery metric. 

Then, a Mixed-Integer Linear Programming (MILP) model 

selected breaks under a daily rest cap. Preliminary results show 

that targeted, physiology-informed breaks can substantially 

reduce exposure to high-strain minutes while remaining within 

realistic rest budgets.  

Keywords-wearable devices; construction workers; work–rest 

scheduling. 

I.  INTRODUCTION 

Construction remains one of the most labor-intensive 

sectors, and project outcomes depend strongly on workers’ 

health and productivity. In the United States, construction 

still accounts for about one-fifth of workplace fatalities [1], 

and cumulative fatigue is a key day-to-day contributor to this 

risk. A recent review highlights that fatigue in construction is 

linked to musculoskeletal disorders, performance errors, loss 

of motivation, and reduced productivity [2]. Beyond human 

costs, fatigue has been estimated to generate productivity 

losses on the order of $1,300–$3,100 per employee per year 

[3]. Experimental evidence also shows that fatigue degrades 

hazard recognition and risk perception, increasing the 

likelihood of accidents and near misses [4]. 

At the same time, modern sites are increasingly digitized, 

yet schedules and break policies rarely adapt to workers’ 

physiological state. Wearable devices now offer a practical 

way to collect in-situ physiological data and support real-time 

safety monitoring [5]. The value of these data, however, lies 

in converting measurements into timely recovery 

opportunities. Recent construction studies have begun using 

wearable information to inform work–rest allocation and 

micro-breaks [6], but existing frameworks typically rely on 

simplified or simulated scenarios and do not fully exploit 

continuously collected, on-site physiology. 
This study addresses that gap by using wrist-based Heart 

Rate (HR) monitoring on active construction sites to trigger 

and size breaks based on percentage heart-rate reserve and to 
allocate them through an optimization model that prioritizes 
breaks with the greatest marginal physiological recovery. 
Figure 1 illustrates the system architecture of the proposed 
physiology-guided work–rest scheduling framework. 

 

 
Figure 1. System architecture of the proposed physiology-guided work–rest 

scheduling framework. 

The remainder of this paper is organized as follows. 
Section II describes the wearable monitoring setup and the 
proposed scheduling framework. Section III presents the 
optimization approach and preliminary results. Section IV 
addresses the discussion and ongoing work and concludes 
with final remarks. 

II. METHODS: WEARABLE MONITORING AND 

SCHEDULING FRAMEWORK 

A. Field Data Collection 

Data were collected from 33 male construction workers 

across three active building sites in Beirut, Lebanon, covering 

residential and institutional projects with typical concrete and 

finishing trades. Workers wore a Fitbit Inspire 3 device on 

their wrist throughout their time on site over multiple weeks, 

and their heart rate was continuously recorded during 

working hours. For each worker, resting and age-predicted 

maximal heart rates were used to compute Heart Rate 

Reserve (HRR), and minute-level workload was expressed as 

%HRR [7], [8] using: 

%𝐻𝑅𝑅 =  
𝐻𝑅𝑊𝑜𝑟𝑘 − 𝐻𝑅𝑅𝑒𝑠𝑡𝑖𝑛𝑔

𝐻𝑅𝑀𝑎𝑥𝑖𝑚𝑢𝑚 − 𝐻𝑅𝑅𝑒𝑠𝑡𝑖𝑛𝑔

 × 100% (1) 

 

Building on this, a rest-allowance (RA) formulation that 

converts time spent at elevated %HRR into required rest is 

used. Conceptually, a break is modeled as a period during 

which heart rate decreases from the pre-break level toward 

resting heart rate; as HR is assumed to relax toward rest over 

the break, each break minute “pays back” some of the 

accumulated physiological load. The rest allowance thus 

specifies how many break minutes are needed, given a 

Insert a Break

%HRR

1 2 3 4

MILP

Optimized 
Schedule

Break 1 Break 2 Break 3
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worker’s recent %HRR profile, to bring exposure back 

toward a target strain level. 

B. Identifying Candidate Breaks 

For each worker-day, RA was evaluated on a 60-minute 

sliding window. Whenever RA is greater than 0, a candidate 

break was created with a duration equal to the RA output, 

then rounded to 5-minute increments. During each simulated 

break, %HRR was modeled to drop toward resting levels, and 

its benefit was summarized as Δ%HRR, defined as the 

average difference between the no-break and with-break 

%HRR over the break and its immediate recovery period. 

C. Optimization of Break Selection 

As it is not practical to allocate unlimited rest, we imposed 
a daily cap on non-lunch breaks (e.g., 30 minutes per worker 
per day). A Mixed-Integer Linear Programming (MILP) 
model then selects a subset and duration of candidate breaks 
subject to: 

• the daily rest budget per worker, 

• separation between breaks (minimum spacing), and 

• alignment with the actual working window. 
Break benefit is quantified using a marginal recovery 

metric, Δ%HRR. The MILP objective is to maximize the 
minute-weighted sum of Δ%HRR over all selected breaks, 
effectively prioritizing breaks that yield the greatest 
physiological relief per minute of rest. 

III. RESULTS: IMPACT ON PHYSIOLOGICAL STRAIN 

Across the three sites, the mean age was 29 years. At the 

individual level, worker mean %HRR ranged from about 

17% to 41%, with most standard deviations <5% HRR, 

indicating modest within-worker variability but substantial 

differences between workers. Approximately 92% of worker-

days triggered at least one candidate break, with the modal 

required rest lying between 5 and 15 minutes per day and an 

average of about 40 minutes of rest per worker-day when no 

cap was imposed. Under a 30-minute daily limit, the MILP 

retained roughly 80–85% of the total candidate rest time by 

shortening rather than discarding many breaks. This 

produced optimized break schedules that were more clustered 

and better aligned with sustained high-strain periods. 

As per Figure 2, applying the optimized breaks reduced 

the share of workday minutes spent at or above 40% HRR 

while keeping the whole-day mean %HRR nearly unchanged, 

indicating that recovery was concentrated in high-strain 

windows rather than simply lowering overall workload.  

 

 
Figure 2. Share of workday minutes with %HRR ≥40% before vs. after 

MILP breaks. 

At the worker level, most workers experienced a 

reduction in minute-weighted %HRR in the break windows 

compared with the corresponding no-break trajectories. 

These results suggest that relatively small amounts of 

targeted rest, informed by wearable data and simple 

optimization, can meaningfully reshape the distribution of 

physiological strain across the workday. 

IV. DISCUSSION AND ONGOING WORK 

The findings demonstrate that minute-level wrist-based 
heart-rate data from active construction sites can be 
transformed into actionable, physiology-guided work–rest 
schedules. By converting %HRR time series into rest-
allowance–based candidate breaks and then selecting a 
feasible subset via an optimization model that maximizes 
marginal recovery under a daily rest cap, the framework 
provides a concrete path toward data-driven rest policies that 
reduce high-strain exposure without imposing excessive 
downtime. Among the limitations of the study are that the 
current implementation relies on a single physiological signal 
(heart rate) and site-specific data from three projects in one 
city. Future work should expand the dataset, explore richer 
sensing (environmental and activity measures), incorporate 
subjective recovery indicators, refine the recovery model, and 
test on-site implementation of the optimized schedules. 
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Abstract— Cardiac cine Magnetic Resonance Imaging 
(cineMRI) is the gold standard for assessing left-ventricular 
wall motion, yet interpretation varies and free-text reports 
often contain ambiguous terminology. We developed 
CineScribe, an Artificial Intelligence (AI)-assisted framework 
that structures diagnostic information, detects ambiguous 
clinical reports, and generates standardized cineMRI 
documentation. Using a dataset of 982 cineMRI studies, 
CineScribe achieved state-of-the-art report structuration 
performance (F1-score = 0.92). Associated confidence scores 
effectively identified ambiguous cases (F1-score = 0.82), most 
of which carried misdiagnosis risk. Generated reports from 
final review findings were rated complete and accurate in 78% 
of cases, supporting more consistent and reliable cineMRI 
documentation. 

Keywords- Cardiac cineMRI; LLMs; Documentation; 
ambiguity. 

I.  INTRODUCTION 

Despite major advances in recent decades, cardiovascular 
diseases (CVDs) remain the leading cause of mortality 
worldwide, accounting for more than 17.9 million deaths 
annually [1]. Many diagnostic decisions in cardiology rely 
heavily on imaging, and cardiac cine Magnetic Resonance 
Imaging (cineMRI) is the gold standard for evaluating 
cardiac structure and function. CineMRI provides a 
comprehensive assessment of global and regional ventricular 
motion, primarily determined by the presence and severity of 
Regional Wall Motion Abnormalities (RWMAs).  Yet its 
interpretation remains inherently variable, even among 
experienced cardiologists. This intrinsic variability is 
compounded by the lack of standardized reporting practices 
which lead to clinical reports being often written using 
imprecise and inconsistent terminology, increasing the risk 
of misdiagnosis [2]-[4]. Identifying ambiguous reports that 
may lead to miscommunication, detecting diagnostically 
complex cases requiring further expert consensus, and 
implementing standardized review and documentation 

processes are essential to ensure accurate diagnosis and 
appropriate downstream patient management. 

The rest of the paper is organized as follows: Section II 
describes the objectives and provides an overview of the 
framework. Section III details the methodology, Section IV 
presents the main results, and Section V concludes with a 
summary and future research directions. 

II. OBJECTIVES 

To address the challenges presented in the previous 
section, we developed and validated an AI-assisted 
framework designed to facilitate more reliable and 
standardized cineMRI clinical documentation of left 
ventricular wall motion. The framework, illustrated in Figure 
1, integrates three complementary components:  

1) Automatic report structuration to extract and organize 
diagnostic information from free-text reports. 

2) Detection of ambiguous or imprecise reports that 
might lead to misdiagnosis, thereby enabling targeted 
expert cineMRI review and consensus. 

3) Standardized AI-assisted report generation from 
structured diagnostic findings to ensure clear, 
complete, and reproducible clinical documentation. 
 

The model first interprets the original free-text cineMRI 
report, converts it into a structured representation visualized 
as a bullseye diagram, and assigns a global confidence score 
reflecting uncertainty in the extracted interpretation. 
Subsequently, experts reassess the corresponding cineMRI 
scans for flagged ambiguous reports and provide the final 
structured diagnostic bullseye. CineScribe then generates a 
standardized clinical report using the confirmed structured 
diagnosis and Left Ventricular Ejection Fraction (LVEF). 

III. METHODS 

We conducted a retrospective study including 982 
cineMRI examinations from the Hospital de la Santa Creu i 
Sant Pau (Barcelona, Spain). Three board-certified 
cardiologists, with certification in cardiac Magnetic 
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Resonance Imaging (MRI), manually annotated the clinical 
reports, assigning a RWMA label to each myocardial 
segment [5] based on the findings described in the original 
text. For multi-expert (x3) annotated cases, report ambiguity 
was defined as inter-expert disagreement, with ambiguous 
reports corresponding to those that yielded more than one 
valid structured interpretation from medical experts.  

We developed CineScribe, a fine-tuned lightweight Large 
Language Model (LLM) based on Llama3 [6], trained for 
both report-structuration and clinical report-generation tasks. 
The model’s confidence score during the structuration task 
was validated as a quantitative proxy for report ambiguity. 
Reports were re-evaluated by expert cardiologists, who 
reviewed the original cineMRI videos to reassess the 
corresponding diagnostic findings. CineScribe was 
quantitatively benchmarked for report-structuration 
performance and prospectively evaluated on a stressed 
evaluation dataset composed exclusively of abnormal cases 
by expert cardiologists for its ability to detect ambiguous 
reports, flag cases at risk of misdiagnosis that require expert 
review, and for the clinical quality of its generated reports, 
following the QUEST framework [7]. 

IV. RESULTS 

CineScribe achieved an F1-score of 0.92 (95% 
Confidence Interval (CI): 0.89 -- 0.94) in the report 
structuration task, demonstrating state-of-the-art 
performance comparable to GPT-5 (F1-score = 0.89; 95% 
CI: 0.85 -- 0.92). The model’s confidence score 
demonstrated strong discriminative ability for detecting 
ambiguous reports, achieving an Area Under the Receiver 
Operating Characteristic Curve (ROC–AUC) of 0.76 on the 
evaluation dataset.  

Subsequent expert cineMRI review showed that 71% of 
non-ambiguous reports were safe-to-follow, whereas 84% of 
ambiguous reports carried potential misdiagnosis risk, 
underscoring CineScribe’s utility in flagging diagnostically 
complex cases that warrant targeted expert review.  

Finally, standardized clinical reports generated by 
CineScribe from structured reviewed findings were rated 
both complete and accurate in 78% of cases by expert 
cardiologists. 

V. CONCLUSIONS AND FUTURE WORK 

CineScribe improves cineMRI interpretation by 
accurately structuring diagnostic information, flagging 
ambiguous reports that signal diagnostically complex cases, 

and producing clear and consistent clinical reports. Our 
findings suggest that ambiguous report language often arises 
in clinically challenging cases. From a clinical perspective, 
this has important implications as ambiguous reports can 
mask diagnostically difficult cases that would benefit from 
consensus expert review.  

Among the limitations of this work is its reliance on data 
from a single institution, which may restrict the 
generalizability of the findings, as well as its motion-focused 
scope, which represents only a subset of full cineMRI 
clinical reporting. Future work should further explore 
human-in-the-loop approaches, such as the one proposed 
here, to improve report quality and support continued fine-
tuning and enhancement of the model’s capabilities. Further 
directions also include the integration of image-derived 
cineMRI features, as well as prospective deployment and 
validation in multi-center settings. Finally, continued 
research is needed to better characterize and address the 
intrinsic sources of variability in cineMRI assessment, 
particularly in diagnostically complex cases. 
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Figure 1.  AI-assisted CineMRI Reporting Framework Overview: In the first stage, CineScribe structures clinical reports, flagging potentially ambiguous 
cases. In the second stage, experts reassess the corresponding cineMRI scans, providing the final structured diagnosis, which is then used by CineScribe to 

generate a standardized clinical report. Generated reports undergo expert review and are used to produce the final AI-assisted report. 
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Abstract—Detecting and segmenting complex upper-limb frac-
tures in X-ray imaging remains a persistent challenge due to
subtle visual patterns, anatomical overlap, and heterogeneous
acquisition conditions. While deep learning continues to ad-
vance fracture analysis, its progress is limited by fragmented
public datasets that differ in format, annotation standards,
clinical focus, and image quality. This paper addresses this
limitation by unifying three publicly accessible X-ray datasets
(FracAtlas, Bone Fracture Detection, and GRAZPEDWRI-DX)
into a single, standardized, high-quality resource dedicated to
upper-limb fracture research. The proposed integration pipeline
includes rigorous dataset selection, annotation harmonization,
preprocessing, normalization, and multi-stage quality control to
ensure consistency and clinical reliability. The resulting dataset
provides extensive anatomical diversity, a wide spectrum of
fracture types, and verified segmentation masks suitable for
training and benchmarking deep learning models. Although class
imbalance and uneven fracture representation persist, the unified
dataset establishes a valuable foundation for developing robust,
generalizable, and clinically meaningful Artificial Intelligence
(AI) systems for fracture detection, localization, and segmenta-
tion. Future extensions will focus on balancing fracture categories
and evaluating state-of-the-art architectures on the proposed
dataset.

Keywords-Upper-limb fractures; X-ray imaging; Dataset har-
monization; Medical image preprocessing; Fracture detection;
Fracture segmentation; Artificial Intelligence; Dataset integration.

I. INTRODUCTION

Precisely detecting and segmenting complex bone fractures
in X-ray images remains an essential yet highly challenging
task in medical imaging, due to the subtle nature of fractures,
the frequent overlap of anatomical structures, and the con-
siderable variation in image quality [1]. Upper-limb fractures,
including those of the fingers, hands, wrists, forearms, and
elbows, can be particularly challenging due to the complex
anatomy of these areas, the small size of some bones, and the
wide variety of fracture types, such as displaced, comminuted,
or hairline fractures [2]. Errors or delays in diagnosing such
fractures can lead to prolonged recovery periods, reduced
functional mobility, and increased healthcare costs [3]. X-ray
imaging continues to be the primary method for evaluating
fractures due to its speed and accessibility [4][5]. Despite these
benefits, interpreting X-rays accurately remains a research
challenge because it depends largely on the clinician’s exper-

tise [1]. Studies have shown significant variability between
observers, especially when evaluating subtle or rare fractures,
highlighting the need for objective and standardized tools
to support clinical decision-making [4]. Artificial Intelligence
(AI) and deep learning have shown considerable promise in
medical imaging, helping clinicians more reliably detect, lo-
cate, and segment fractures [6][7]. However, building effective
AI models depends on access to large, diverse, and high-
quality datasets [8][9]. At present, existing X-ray datasets are
often fragmented, vary in format, and lack consistent annota-
tions, which limits their practical use for model development
[10]. This study proposes to address these limitations by
integrating, standardizing, and harmonizing multiple publicly
available X-ray datasets into a unified resource. In doing so,
we create a comprehensive, clinically meaningful, and fully
standardized X-ray dataset dedicated to upper-limb fracture
analysis.

The novelty of this work lies in the systematic integration
of three major publicly available datasets FracAtlas [10][16],
Bone Fracture Detection (Kaggle) [17], and GRAZPEDWRI-
DX [18] into a single, coherent resource. Publicly available
datasets that are fully annotated for fracture segmentation are
rare, and identifying datasets that simultaneously provide X-
ray imaging, upper-limb coverage, pixel-level segmentation
annotations, and comprehensive metadata remains a significant
challenge. Among the publicly accessible resources, only these
three datasets currently meet our selection criteria. While other
fracture related datasets do exist, they are often limited to
Computed Tomography (CT) imaging modalities or do not
cover the upper limb, such as RSNA [11] and 5K+ CT
Images on Fractured Limbs [12], or are primarily designed
for classification tasks, such as the MURA dataset [0], rather
than segmentation, making them unsuitable for the objectives
of this work.

This scarcity highlights the uniqueness of such datasets
and directly motivates the core objective of this study: the
construction of a unified, balanced, and high-quality data
distribution from heterogeneous public sources. To achieve
this objective, the proposed approach harmonizes annotation
formats, imaging resolutions, metadata structures, and prepro-
cessing pipelines, while implementing a multi-stage quality
control procedure to guarantee data consistency and reliability.
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By creating a reliable and comprehensive dataset, this work
establishes a strong foundation for the development of AI
systems capable of supporting clinicians in accurate and effi-
cient fracture diagnosis, improving patient care, and advancing
medical imaging research for the detection and segmentation
of complex bone fractures.

The paper is structured as follows: Section II details the
methodology, introduces the datasets with their key strengths
and limitations, and describes their preparation before fusion.
Fusion, Standardization, and Normalization of Datasets covers
the merging and preprocessing steps. Dataset Quality Assur-
ance presents post-fusion evaluation, including automated and
visual checks. Section III reports and discusses the results,
key observations, and trends. Finally, Section IV concludes
and outlines future research directions.

II. METHODS

Selecting an appropriate imaging modality is essential for
analyzing complex or atypical bone fractures. Public datasets
enable the integration of heterogeneous sources into a unified
database for automated fracture detection and segmentation
[13], ensuring clinical relevance and compatibility with ma-
chine learning workflows [14][15]. This study used three
publicly accessible datasets, FracAtlas, the Kaggle Bone Frac-
ture Detection dataset, and GRAZPEDWRI-DX (Table I),
chosen for their availability, rich annotations, and strong
focus on upper-limb fractures. All datasets underwent fusion,
standardization, normalization, and quality control to ensure
consistency.

The datasets FracAtlas, Bone Fracture Detection, and
GRAZPEDWRI-DX were selected primarily based on their
public accessibility and their suitability for fracture detec-
tion and segmentation tasks in X-ray imaging. The selection
focused on datasets covering the upper-limb, which remains
underrepresented in publicly available fracture datasets.

To develop robust and generalizable AI models, datasets
representing diverse populations and clinical contexts were
prioritized. FracAtlas, Kaggle Bone Fracture Detection, and
GRAZPEDWRI-DX offer complementary anatomical cover-
age, detailed annotations, and demographic variability. To-
gether, they form a cohesive resource for training and eval-
uating fracture detection and segmentation algorithms. Table I
summarizes their characteristics, including population type,
anatomical coverage, size, annotation formats, metadata, and
geographic origin.

A. Datasets Preparation

Prior to dataset integration, the three selected datasets were
manually examined. The FracAtlas dataset comprises only
717 fracture images (mixed upper and lower limp), while the
other two datasets contain substantially more (as illustrated in
Table I). To mitigate this imbalance, data augmentation was
applied to the FracAtlas images after selecting only upper-limb
samples tripling their number.

Additionally, 3,000 images were randomly selected from
each of the GRAZPEDWRI-DX and Bone Fracture Detec-

tion datasets before preprocessing to reduce their size. This
procedure ensured a more balanced selection across the three
datasets prior to fusion.

1) Data Preparation for FracAtlas:
The FracAtlas dataset contains X-ray images with pixel-
level segmentation masks for precise fracture detection.
The dataset is structured into Images (Fractured and Non-
fractured), Annotations (COCO JSON utilized in this
study), and Metadata recorded in a CSV file. Let Ninit
denote the total number of annotated fractured images
before filtering. We first filter the dataset to retain only
upper-limb fractures (hand and shoulder) and exclude
lower-limb regions (leg and hip). Formally, the filtering
condition can be expressed as:

UpperLimbFra =
{
i
∣∣∣ (handi = 1 ∨ shoulderi = 1)

∧ (legi = 0 ∧ hipi = 0)

∧ (fracturedi = 1)

}

(1)
where:
• i indexes each image in the dataset,
• ∨ (logical OR) indicates that at least one of the

conditions is true,
• ∧ (logical AND) indicates that all conditions must be

true simultaneously.
This defines UpperLimbFra as the set of images showing
fractures in the upper limbs (hand or shoulder) while
excluding any fractures in the legs or hips.
Each image Ii is associated with a binary mask Mi,
where fracture pixels are assigned a value of 255 and
background pixels are set to 0 [19], as formally defined
by:

Mi(x, y) =


255, if the pixel (x, y)

belongs to a fracture,
0, otherwise.

(2)

Applying the filter defined in (1) reduced the dataset to
Nfil (number of filtered upper-limb fracture images). This
filtered set restricts that only relevant images containing
fractures in the upper extremities (hand or shoulder)
and excluding lower-limb involvement are retained for
subsequent analysis and augmentation.
Moreover, images without valid masks (

∑
Mi = 0)

were removed. Data augmentation, as described in [20],
was applied to each filtered image. Let A denote the
number of augmented images per original sample. In this
study, the augmentation factor was fixed to A = 3, a
choice that provides additional variability without dis-
proportionately amplifying any particular subset of the
dataset. This specific choice helps maintain a comparable
number of images in the filtered FracAtlas subset relative
to the other two datasets, preventing any single dataset
from dominating the combined database and supporting
a balanced representation for training. The augmentation
techniques applied include:
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TABLE I. COMPARATIVE SUMMARY OF THE THREE PUBLICLY AVAILABLE FRACTURE DATASETS, INCLUDING DATASET ORIGIN.

Parameter FracAtlas Kaggle Bone Fracture Detection GRAZPEDWRI-DX
Population Mixed adults & children Unspecified Pediatric only (0–19 yrs)
Dataset origin /
Country

Bangladesh (3 hospitals) N/A Austria (University Hospital Graz)

Body regions Upper & lower limbs Mainly upper limbs Wrist only
Dataset size 4,083 images; 717 with fractures 8296 images 20,327 images; 6,091 patients
Annotations Classification labels, masks,

bounding boxes
Bounding boxes, some masks Masks, polygons, bounding boxes

Metadata Available None Rich; includes clinical descriptors
Strengths • Clinically reviewed

• Subtle fractures included
• Multi-hospital collection

• Wide upper-limb variety
• Useful for detection models

(YOLO)

• Large-scale pediatric dataset
• Detailed annotations
• Masks, polygons, bounding

boxes
Limitations • Underrepresented regions

• Class imbalance
• Missing metadata
• Unclear labeling
• Integration harder

• Single-center dataset
• Uneven class distribution

Note. yrs: years; N/A: Not Available

• Horizontal and vertical flips applied with probabilities
pflipH = 0.5 and pflipV = 0.3.

• Random rotation by an angle θ ∈
{−15◦,−10◦,−5◦, 5◦, 10◦, 15◦}.

• Brightness and contrast modification following Iaug =
αIorig + β, with brightness factor α ∈ [0.8, 1.2] and
contrast shift β ∈ [−20, 20].

• Additive Gaussian noise: Iaug = Iaug +N (0, σ2) with
noise level σ = 10.

Here, Iorig denotes the original image, and Iaug its aug-
mented version. The parameters α and β control bright-
ness and contrast, respectively. The variable θ represents
the randomly selected rotation angle, while pflipH and
pflipV denote the probabilities of horizontal and vertical
flipping. Finally, N (0, σ2) refers to zero-mean Gaussian
noise with variance σ2.

2) Data Preparation for Bone Fracture Detection from
Kaggle:
The Kaggle Bone Fracture dataset, provided in YOLOv8
format, was preprocessed to support both fracture de-
tection and segmentation tasks. This dataset contains
seven classes: ’elbow positive’, ’fingers positive’, ’fore-
arm fracture’, ’humerus fracture’, ’humerus’, ’shoulder
fracture’, and ’wrist positive’, as reported in [17]. The
preprocessing pipeline included generating binary masks,
computing image-level statistics, and creating metadata
for each image.
• Binary Masks for Segmentation

For each image Ii and its corresponding annotations
Li, a binary mask Mi was generated via (2).
Bounding boxes in YOLO format, with normalized
coordinates (xc, yc, w, h), were converted to pixel co-
ordinates as follows:

xmin = max(0, xc ·W − w ·W
2

)

xmax = min(W − 1, xc ·W +
w ·W

2
)

ymin = max(0, yc ·H − h ·H
2

)

ymax = min(H − 1, yc ·H +
h ·H
2

)

(3)

where W and H denote the image width and height.
When available, polygon annotations were rasterized
into the mask for more precise fracture localization as
represented by:

Mi(x, y) =

{
255, (x, y) ∈ polygon interior
0, otherwise

(4)

All masks were then binarized as:

Mi(x, y) =

{
255, Mi(x, y) > 127

0, otherwise
(5)

Images without valid annotations or with empty masks
were excluded.

• Metadata Creation
For each retained image, a metadata CSV file was
generated containing:

– image name Ii,
– fracture class for each annotation cj ,
– annotation coordinates (xj , yj),
– approximate fracture area formally defined as:

Aj = (xmax − xmin)× (ymax − ymin) (6)

Image-level statistics were computed:
– Number of fractures: ni = count(cj)
– Mean coordinates: x̄i = 1

ni

∑
j xj , ȳi =

1
ni

∑
j yj

– Mean area: Āi =
1
ni

∑
j Aj
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– Severity category:

severity(Ii) =

{
mild, ni = 1

multiple, ni > 1
(7)

• Visualization and Statistics
The percentage distribution of fracture types was com-
puted as:

pk =
count(cj = k)

Nfinal
× 100 (8)

where k denotes a possible fracture class value, and
Nfinal is the final number of image–mask pairs after
preprocessing.

3) Data Preparation for GRAZPEDWRI-DX: For prepro-
cessing, a subset of images Ninit was selected from the
GRAZPEDWRI-DX dataset part 1 to maintain balance
when merging with other datasets. A fixed random seed
allowed reproducible results [4][18].
The preprocessing pipeline included the following steps:
• Defining input paths for raw images and Pascal VOC

annotations, and creating output folders for prepro-
cessed images and masks.

• Parsing each annotation to extract polygons or bound-
ing boxes, which were used to generate precise binary
masks (0 = background, 255 = fracture).

• Clamping and resizing masks when necessary to match
the image dimensions.

• Saving the masks alongside images with harmonized
filenames.

• Recording metadata, including filenames, mask names,
and classes, in a CSV file.

B. Fusion, Standardization, and Normalization of Datasets

In order to build a comprehensive and consistent dataset,
multiple fracture datasets were fused into a single collec-
tion while preserving demographic labels (Adult, Child, or
Mixed—Adult and Child). Each image Ii and its correspond-
ing mask Mi were resized (resampled) to a standard resolution
of 512×512 pixels [21], resulting in I res

i and M res
i , the resized

image and mask, respectively. This process is formally defined
by:

I res
i = Res(Ii, 512, 512, interp = cubic),

M res
i = Res(Mi, 512, 512, interp = nearest)

(9)

Cubic interpolation preserves image details [22], while
nearest-neighbor interpolation maintains mask accuracy [23].
X-ray images often exhibit uneven brightness or shading. To
correct this, the N4ITK Bias Field Correction was applied to
the luminance channel of each image as formally defined as:

Îi = I res
i ·B−1

i , Bi = BiasField(I res
i ) (10)

where Bi is the estimated bias field. After bias correction,
intensity normalization was performed to scale the pixel val-
ues to a consistent range suitable for machine learning, as
represented by:

Inorm
i =

Îi − µÎi

σÎi

· 255 (11)

Here, µÎi
and σÎi

are the mean and standard deviation of the
bias-corrected image Îi. This normalization ensures consistent
brightness and contrast across all images. Preprocessing was
performed in batches with parallel processing for efficiency.
Metadata, such as dataset source, demographic category, and
mask information, were saved alongside the images.

The resulting fused Dfused and normalized dataset Inorm
i is

formally defined as:

Dfused = {(Inorm
i ,M bin

i ,metadatai)}Ntotal
i=1 (12)

where Ntotal denotes the total number of image–mask pairs
in the fused dataset, computed as the sum of all filtered and
augmented images across the three constituent datasets.

C. Dataset Quality Assurance

After merging the datasets, we ensured consistency and
reliability through automated verification, visual inspection,
and quantitative analysis. We implemented a standardized
integration pipeline that included annotation harmonization,
intensity normalization, and multi-stage quality control. These
steps were specifically designed to minimize potential data
distortions during the merging process and to preserve all
clinically relevant fracture features, despite variations in imag-
ing protocols, anatomical coverage, and acquisition quality
across the original datasets. This approach guarantees that the
resulting unified dataset maintains both anatomical fidelity and
suitability for training robust and generalizable deep learning
models. Automated checks confirmed that each image had
a readable, correctly sized, and non-empty mask, with any
anomalies logged for review.

Additionally, a random subset of images was manually
inspected by overlaying the fracture regions on the correspond-
ing X-rays to verify accurate mask delineation. To quantify
fracture coverage, we calculated the proportion of each image
occupied by fractures using (13):

Fracture_%i =

∑
x,y ⊮[Mi(x, y) > 127]

widthi × heighti
× 100, (13)

Here, Mi denotes the standardized binary mask of image
Ii from its original dataset (before integration into the unified
database), and ⊮ is the indicator function counting fracture-
labeled pixels. Using these values, we computed standard
descriptive statistics for each dataset, including minimum,
maximum, mean, and median fracture coverage. To assess
fracture complexity, we analyzed the morphology of each
connected component in the mask. For a component Cj in
Mi with area Aj , width wj , height hj , and perimeter Pj , its
complexity was computed using (14):
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TABLE II. UNIFIED SUMMARY OF THE THREE DATASETS: SIZES, FILTERING, AUGMENTATION, SURFACE STATISTICS, AND COMPLEXITY.

Dataset Ninit
Filtering & Resulting Outputs Surface Statistics (%) Complexity
Nfil A Nfinal Min Max Mean Median Mean / Max

FracAtlas 717 439 3 1,756 0.007 2.241 0.352 0.312 11.48 / 28.66
Kaggle 3,000 1,491 – 1,491 0.123 18.583 2.256 1.651 11.20 / 24.97
GRAZPEDWRI-DX 3,000 2,017 – 2,017 0.320 14.986 2.622 2.288 11.56 / 24.63

Notes: Ninit: initial number of X-ray images selected in each dataset; Nfil: number of valid image–mask pairs remaining after filtering; A: number of
augmentation operations applied (only FracAtlas was augmented with A = 3); Nfinal: final number of image–mask pairs after filtering and augmentation;
Min, Max, Mean, Median (%): proportion of fracture pixels; Mean / Max of Complexity: average and maximum fracture complexity based on morphological
descriptors (connected components, aspect ratio, compactness).

Complexity(Cj) = 0.5 · max(wj , hj)

min(wj , hj)
+ 0.5 ·

P 2
j

Aj
. (14)

The overall complexity of image Ii was then defined as the
mean complexity across its ni components through (15):

Complexity(Ii) =
1

ni

ni∑
j=1

Complexity(Cj). (15)

Finally, for each dataset, we computed the mean and max-
imum complexity across all images retained after preprocess-
ing, using (16):

Mean Complexity =
1

Nfinal

Nfinal∑
i=1

Complexity(Ii),

Max Complexity = max
i≤Nfinal

Complexity(Ii).
(16)

These metrics provide a comprehensive description of frac-
ture morphology by capturing size and shape irregularities,
offering a clear overview of dataset properties for downstream
analysis and model development.

III. RESULTS AND DISCUSSION

The filtering procedure defined in (1) reduced the initial
FracAtlas dataset from Ninit = 717 to Nfil = 439 upper-limb
fracture images. To preserve class balance and dataset diver-
sity, each retained image Ii and its corresponding mask Mi

underwent three augmentation operations (A = 3), resulting
in a final total of Nfinal = 1,756 aligned image-mask pairs, as
summarized in Table II.

Figure 1 shows the distribution of fracture types after
filtering and augmentation, highlighting the predominance of
hand fractures and confirming the effective exclusion of leg
and hip cases. This ensures the dataset remains representative
of upper-limb fractures and suitable for subsequent training
and evaluation.

Similarly, the Kaggle Bone Fracture dataset underwent the
same preprocessing. Binary masks were generated via (5) and
only valid image–mask pairs were retained. Out of 3,000
initially selected images, 1,491 pairs remained. Metadata were
then created, and fracture type percentages calculated using (8)
to support statistical analysis and task integration. Figure 2
illustrates class imbalance, particularly for wrist-positive and
humerus cases.
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Figure 1. Class distribution in the selected FracAtlas subset.
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Figure 2. Class distribution in the selected Bone Fracture Detection subset.

The GRAZPEDWRI-DX dataset followed the same
pipeline. From Ninit = 3, 000 images, 2,017 valid image–mask
pairs were retained (Table II). The resulting subset, with har-
monized images, masks, and metadata, is ready for integration
with the other datasets, providing a robust training set for
fracture detection and segmentation [4][7][18].

Merging these three datasets produced a unified, coherent X-
ray collection for upper-limb fracture analysis. Despite differ-
ences in acquisition protocols, demographics, and annotation
styles, preprocessing, normalization, and validation ensured
alignment in image quality, mask formats, and metadata.

After resizing and normalization, summary statistics (Ta-
ble II) and histograms (Figure 3) highlight variability and
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Figure 3. Distribution of fractured pixels across datasets.

potential outliers. Fractures were categorized by size: subtle
(0–2% of pixels), medium (2–5%), and large (>5%). Bone
fracture detection (Kaggle mainly contains small fractures,
FracAtlas mostly subtle ones, and GRAZPED shows a bal-
anced distribution of small to medium fractures, including a
few extreme case (Figure 3). Overall, most images feature
very small fractures, with larger ones increasingly rare. This
distribution suggests a bias toward detecting minor cracks, em-
phasizing the importance of data augmentation, oversampling,
or class-weighted training.

Fracture complexity was quantified using connected com-
ponents, aspect ratio, and compactness, with the mean com-
plexity across components defining each image’s overall com-
plexity. Complexity scores were computed for all images to
enable cross-dataset comparisons, and Table II reports mean
and maximum values. Notably, small fractures are not always
simple; some remain regular while others, though subtle, show
intricate shapes, multiple fragments, or irregular boundaries.
A full assessment should therefore include fine, medium, and
large cases to capture patterns important for robust detection.

The choice of A = 3 augmentations per image was
subjective, as no data-driven method determined the optimal
number. This is a limitation, and future work could test
different augmentation levels to evaluate their impact on per-
formance. Remaining limitations also include class imbalance,
with subtle fractures being overrepresented, potentially biasing
models toward minor fractures. Strategies, such as additional
augmentation, synthetic image generation, or class-weighted
training are recommended to mitigate this issue.

Moreover, it is important to emphasize that this work is
part of an ongoing improvement process. At present, the study
relies on publicly available datasets that are annotated for
segmentation, contain upper limb X-ray images, and meet our
quality standards. The over-representation of certain fracture
types, such as wrist fractures, is partly due to their higher

prevalence in the population and their greater availability in
clinical records, as highlighted by Ye et al. [24]. In the future,
if additional datasets meeting these requirements become
accessible, they will be incorporated to further increase data
diversity, reduce potential bias, and enhance the robustness
and generalization capability of the proposed module.

Finally, both the datasets (before and after fusion) and the
associated preprocessing, augmentation, and mask generation
code are publicly available on the Synapse website, ensuring
full reproducibility and enabling task-specific customization.
This is made possible through Synapse, a secure platform for
sharing, storing, and collaboratively managing biomedical and
clinical research data, which allows researchers to access and
reproduce datasets reliably [25].

IV. CONCLUSION AND FUTURE WORK

This paper introduces a unified and standardized X-
ray dataset focused on upper-limb fractures, created by
merging FracAtlas, Bone Fracture Detection (Kaggle), and
GRAZPEDWRI-DX. The integration pipeline harmonizes im-
age formats, annotations, preprocessing steps, and quality
assurance measures, resulting in a consistent and clinically
relevant resource suitable for training and evaluating deep
learning models. The dataset offers broad anatomical diver-
sity and detailed segmentation masks, supporting research in
fracture detection, localization, and segmentation. Remaining
challenges include class imbalance and limited representation
of complex fractures, which will be addressed through dataset
expansion and targeted sampling strategies. Future work will
benchmark state-of-the-art architectures and explore clinical
deployment potential. Overall, this dataset provides a solid
foundation for developing more reliable and generalizable AI-
based fracture assessment systems.

ACKNOWLEDGMENT

The authors gratefully acknowledge the financial support
provided by Mitacs through the Mitacs Globalink program,
which enabled this research internship, as well as by the
Fondation Docteur Sadok Besrour.

DATA AVAILABILITY STATEMENT

The unified dataset generated in this study are
publicly available in synapse at the following DOI:
https://doi.org/10.7303/syn71834100

REFERENCES

[1] Z. Su, A. Adam, M. F. Nasrudin, M. Ayob, and G. Punganan,
“Skeletal fracture detection with deep learning: A compre-
hensive review,” Diagnostics, vol. 13, no. 20, p. 3245, 2023.
[Online]. Available: https://www.mdpi.com/2075-4418/13/20/
3245.

[2] O. Khalilzadeh, C. Canella, and L. M. Fayad, “Wrist and
hand,” in Musculoskeletal Diseases 2021–2024: Diagnostic
Imaging, ser. IDKD Springer Series, J. Hodler, R. A. Kubik-
Huch, and G. K. von Schulthess, Eds., Springer, Cham,
Switzerland, 2021, pp. 41–55. DOI: 10 . 1007 / 978 - 3 - 030 -
71281- 5_4. [Online]. Available: https : / / link . springer.com/
chapter/10.1007/978-3-030-71281-5_4.

80Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-362-0

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

AIHealth 2026 : The Third International Conference on AI-Health

                            88 / 97



[3] K. Liu et al., “Time to surgical management of distal radius
fractures: Effects on health care utilization and functional
outcomes,” Canadian Journal of Surgery, vol. 67, no. 4,
E286–E294, 2024. [Online]. Available: https://pmc.ncbi.nlm.
nih.gov/articles/PMC11233172/.

[4] A. Hassan, I. Afzaal, N. Muneeb, A. Batool, and H. Noor,
“Ai-based applied innovation for fracture detection in x-rays
using custom cnn and transfer learning models,” arXiv e-prints,
arXiv:2509, 2025. [Online]. Available: hhttps://arxiv.org/html/
2509.06228v1.

[5] X. Zhai et al., “High-speed x-ray visualization of dynamic
crack initiation and propagation in bone,” Acta Biomaterialia,
vol. 90, pp. 278–286, 2019. [Online]. Available: https://doi.
org/10.1016/j.actbio.2019.03.045.

[6] J. Ju, Z. Qu, H. Qing, Y. Ding, and L. Peng, “Evaluation
of artificial intelligence-based diagnosis for facial fractures,
advantages compared with conventional imaging diagnosis: A
systematic review and meta-analysis,” BMC Musculoskeletal
Disorders, vol. 26, no. 1, pp. 1–19, 2025. [Online]. Available:
https://link.springer.com/article/10.1186/s12891-025-08842-2.

[7] T. Aldhyani et al., “Diagnosis and detection of bone frac-
ture in radiographic images using deep learning approaches,”
Frontiers in Medicine, vol. 11, p. 1 506 686, 2025. [Online].
Available: https://doi.org/10.3389/fmed.2024.1506686.

[8] J. Li et al., “A systematic collection of medical image datasets
for deep learning,” ACM Computing Surveys, vol. 56, no. 5,
pp. 1–51, 2023. [Online]. Available: https://dl.acm.org/doi/
full/10.1145/3615862.

[9] B. Boecking et al., “Making the most of text semantics to
improve biomedical vision–language processing,” in European
conference on computer vision, Springer, 2022, pp. 1–21.
[Online]. Available: https : / / link . springer . com / chapter / 10 .
1007/978-3-031-20059-5_1.

[10] I. Abedeen et al., “Fracatlas: A dataset for fracture clas-
sification, localization and segmentation of musculoskeletal
radiographs,” Scientific data, vol. 10, no. 1, p. 521, 2023.
[Online]. Available: https://www.nature.com/articles/s41597-
023-02432-4.

[16] M. H. Tasin, Fracatlas original dataset, [retrieved: January,
2026], 2023. [Online]. Available: https: / /www.kaggle.com/
datasets/mahmudulhasantasin/fracatlas-original-dataset.

[17] P. K. Darabi, Bone fracture detection: Computer vision project,
[retrieved: January, 2026], 2024. [Online]. Available: https :
//www.kaggle.com/datasets/pkdarabi/bone-fracture-detection-
computer-vision-project.

[18] E. Nagy, M. Janisch, F. Hržić, E. Sorantin, and S. Tschauner,
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Abstract—Personalized medicine represents a paradigm shift
from the traditional one-size-fits-all approach to a more cus-
tomized healthcare model that seeks to provide the right treatment
to the right patient at the right time. With the significant increase
in the maturity of related technology over the past several years,
Artificial Intelligence (AI) is enhancing personalized medicine,
making it more precise, efficient, and accessible. To gain a deeper
understanding of the interplay between personalized medicine and
AI, we conducted a Systematic Literature Review (SLR), aiming
to provide AI’s pivotal role in advancing tailored healthcare
solutions. Synthesizing insights from 36 articles, our investigation
explores key factors of AI-driven personalized medicine, including
techniques, tools, and effectiveness. Furthermore, we examine
the limitations and lay out the potential future work inherent
in this field. Our review organizes the state of the art in AI-
based personalized medicine and paves the way for better patient
outcomes and more effective healthcare delivery in clinical practice.

Keywords-Personalized medicine; Artificial Intelligence; System-
atic Literature Review.

I. INTRODUCTION

In recent years, the convergence of personalized medicine
and AI has heralded a new era in healthcare. Personalized
medicine, which tailors medical treatment to individual patients,
marks a significant change from traditional one-size-fits-all
approaches. This shift improves diagnostic accuracy, optimizes
treatment, and enhances patient outcomes through large-scale
data and algorithms. The role of AI in this transformation is
pivotal, offering unprecedented capabilities to analyze diverse
datasets, identify patterns, and generate insights that drive more
effective and personalized healthcare solutions [1] [2].

In the realm of personalized medicine, AI holds immense
potential. For instance, recent research has demonstrated that
AI-driven approaches can significantly improve the identifi-
cation of genetic variants and their associations with various
diseases [3]. By leveraging AI algorithms, researchers can
analyze vast genomic datasets to identify genetic variations
associated with diseases and drug responses. This enables the
development of targeted therapies tailored to an individual’s
genetic makeup, enhancing treatment efficacy while minimizing
adverse effects [2]. Additionally, AI-driven approaches facilitate
the interpretation of complex genetic data, providing clinicians
with insight to guide treatment decisions and improve patient
outcomes [4]. Despite challenges, such as data quality, inter-
pretability of results, and ethical considerations surrounding
genetic privacy, AI is still considered a revolution in human

healthcare [5]. Addressing these challenges is essential to fully
harness the power of AI in genomic medicine.

Furthermore, AI plays a crucial role in optimizing the
selection and dosing regimens of medications for individual
patients [1]. By analyzing patient data, including genetic
profiles, medical history, and treatment responses, AI algorithms
can predict the most effective drugs and dosages for specific
individuals. This personalized approach not only improves
treatment results but also reduces the likelihood of adverse
reactions and side effects. This ongoing progress promises even
greater advancements in personalized medicine, making AI a
powerful tool to optimize patient care.

Despite the growing body of studies and successful appli-
cations, the integration of AI in personalized medicine faces
numerous challenges. An outstanding challenge is the lack
of a comprehensive synthesis of existing studies. This paper
aims to fill this gap by thoroughly exploring AI’s role in
personalized medicine. We conducted a Systematic Literature
Review (SLR) to synthesize existing research, analyzing how
AI technology is applied in various aspects of personalized
medicine. The overarching goal of our investigation is to delve
into the intersection of AI and personalized medicine from three
aspects: techniques, tools, and clinical specialties, providing a
holistic view of the current state and future directions of AI
in personalized medicine. To reach this goal, we propose the
following Research Questions (RQs):

1) RQ 1: What techniques are adopted in the area of AI-based
personalized medicine?

2) RQ 2: What tools are used when applying AI to personalized
medicine?

3) RQ 3: What specialty is benefited from the intersection of
AI and personalized medicine?

II. RELATED WORK

Recent literature has explored the application of AI across
various domains of personalized medicine. Gallo [3] and
Suwinski [2] examined AI-driven approaches for genetic
data interpretation and drug development. The integration
of electronic health records into AI frameworks was studied
by Abul-Husn and Kenny [6], highlighting their relevance
for individualized care. Petrovic [7] and Nova [8] discussed
advancements in deep learning and generative AI models,
particularly in clinical decision-making and patient-specific
data handling.
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Methodological insights were provided by Dinesh [9], Gifari
[10], and Ho [11], who explored algorithmic frameworks, AI
infrastructure, and enabling technologies for precision medicine.
While these studies contribute meaningful perspectives, many
are either domain-centric or emphasize selected AI methods.
This review complements prior efforts by synthesizing findings
across AI techniques, implementation tools, and clinical
specialties, to present a consolidated view of the field.

Overall, prior work shows that AI enables personalized
medicine by improving diagnostics, treatment selection, and
clinical decision-making using large and diverse healthcare
data. However, the literature is fragmented across techniques,
tools, and clinical specialties, limiting a unified understanding
of research gaps. To address this, we conduct a Systematic
Literature Review that consolidates and categorizes existing
studies and highlights challenges and future directions for
AI-based personalized medicine.

III. METHODOLOGY

This paper follows Kitchenham’s approach [12] to develop
our systematic literature review, to ensure a rigorous and
comprehensive review process. Kitchenham’s approach has
been widely used in conducting literature reviews related to
AI and medicine [13][14].

A. Query Search

To thoroughly investigate the role of AI in personalized
medicine, we construct a detailed search query that includes
key terms and relevant phrases. Below are the search terms and
combinations that form the backbone of our search strategy:
• “AI in Personalized Medicine"
• “Machine Learning in Personalized Medicine"
• “Artificial Intelligence and Personalized Healthcare"
• “Machine Learning in Precision Medicine"
• “Big Data Analytics for Individualized Treatment"

To enhance the inclusiveness of our search, we also use
Boolean operators in the query to create more search terms:
• “AI AND "Personalized Medicine"
• “Artificial Intelligence" AND "Precision Healthcare"
• “Machine Learning AND "Individualized Treatment"
• “Big Data Analytics" AND "Personalized Medicine"

We also include alternate spellings and synonyms to broaden
the scope of our search. For example, we use “Artificial Intel-
ligence” and “AI” interchangeably, and “Precision Medicine”
is used as a synonym for “Personalized Medicine.”

This systematic approach to formulating our query aims to
capture all relevant information, providing a solid foundation
for synthesizing insights and drawing meaningful conclusions
about the role of AI in advancing personalized medicine.

B. Source Selection

The criteria for selecting sources for this research aim to
include high-quality and diverse literature in the field of AI-
based personalized medicine. We prioritized the PubMed and
SpringerOpen databases due to their extensive collection of
research in biomedical and health informatics, with PubMed

being a primary source for articles in medicine and life sciences.
ScienceDirect, a leading scientific database, was also included
to cover a broad spectrum of scholarly articles in various
disciplines relevant to health informatics.

We further expanded our selection by including Google
Scholar, IEEE Xplore, ResearchGate, PLOS, Hindawi, Cureus,
and MDPI to ensure comprehensive coverage of the research
landscape. Five additional specialized platforms were included:
the British Institute of Radiology, the American Society for
Clinical Pharmacology and Therapeutics (ASCPT), the Pacific
International Conference on Ecosystem Services (PICES),
BioMed Central (BMC), and the Journal of Medical Internet
Research (JMIR), to provide a multidisciplinary perspective.

In total, we selected 15 digital databases as sources for
identifying relevant papers.

C. Selection Criteria
Inclusion Criteria: The inclusion criteria encompass studies

that (1) directly address the integration of AI in personalized
medicine. This includes research that focuses on tailoring
medical treatment to individual characteristics, such as ge-
nomics, diagnostic methods, and treatment optimization. (2)
Studies selected for inclusion involve the application of AI
techniques, algorithms, and technologies in the healthcare
context. Furthermore, preference is given to literature published
in peer-reviewed journals and conference proceedings, ensuring
the reliability and validity of the findings. (3) Studies involve
clinical trials, experiments, or real-world applications, providing
practical insights into the implementation of AI in personalized
medicine.

Exclusion Criteria: The exclusion criteria were established
to ensure the quality and relevance of the selected literature.
Studies were excluded if they (1) did not involve the application
of AI or machine learning in the context of personalized
medicine. (2) lacked clinical relevance, such as those focused
solely on theoretical AI models without healthcare applications.
(3) were not published in peer-reviewed journals or reputable
conference proceedings, including abstracts, editorials, and
opinion pieces. (4) were published before the year 2015, as our
focus is on recent advancements in the field. (5) demonstrated
low methodological quality, including unclear research design,
insufficient data transparency, lack of validation, or inadequate
explanation of AI model performance. These criteria ensured
that only high-quality, clinically applicable, and scientifically
rigorous studies were included in the final review.

IV. REVIEW EXECUTION

In this section, we outline the execution of our review process,
as discussed in Kitchenham’s methodology [12].

A. Initial Search Results
We started with a broad search across 15 academic databases,

as discussed in the previous section. This extensive search led
to a large initial pool of 31,924 papers. The aim was to cover
a wide range of studies discussing technological advancements,
applications, challenges, and prospects in personalized medicine
related to AI.
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B. Preliminary Screening

The preliminary screening involved a preliminary review to
eliminate papers that were not directly related to personalized
medicine or AI, resulting in the exclusion of 28,450 papers.
These exclusions were based on the relevance of the papers
to our research scope, despite containing the keywords we
defined, did not focus on AI-based approaches. This preliminary
screening ensures that the remaining papers address the
integration of AI in the context of personalized healthcare.
After this preliminary screening, we have 3,474 papers left.

C. Shortlisting

Following the preliminary screening, we examined the titles
and abstracts as a more refined set of criteria to further narrow
down the selection. We excluded an additional 2,980 papers that,
although related to personalized medicine, did not adequately
address the application of AI or were not published in peer-
reviewed sources.

Another 224 papers were excluded after assessing their
introduction sections for alignment with our research focus.
After shortlisting, we have 270 papers left.

D. Quality Assessment

At this stage, the remaining 270 papers were subjected
to a structured quality assessment to ensure methodological
rigor, clinical relevance, and scientific contribution. Each study
was evaluated based on specific criteria, including the clarity
of research design, transparency of data and methodology,
validation of AI models, and reproducibility of results. Studies
were excluded if they lacked peer review, presented incomplete
or ambiguous findings, or failed to demonstrate a practical
application of AI in personalized medicine. This assessment
led to the exclusion of 212 papers that did not meet the required
standards, resulting in a final set of 58 papers for analysis.

E. Data Extraction

Finally, the data extraction process was carried out on the
remaining 58 papers. We focused on studies that provided
practical insights into the implementation of AI in person-
alized medicine, particularly those involving clinical trials,
experiments, or real-world applications. This rigorous selection
process resulted in a final set of 36 papers. Figure 1 illustrates
our paper selection process.

F. Included Studies

Table I lists all the studies included after the review process
has been executed.

V. RESULTS AND DISCUSSIONS

A. Techniques

The first research question that we examine is: What
techniques are adopted in the area of AI-based personalized
medicine? In this section, we present our findings related to
this research question.

Our examination reveals that machine learning algorithms
and neural networks are commonly utilized in several papers,

Figure 1. Selection Process of Selected Papers.

showcasing the broad applicability of these techniques. Natural
Language Processing (NLP) and computational linguistics
are applied in text-based data analysis, while others leverage
techniques such as the Quadratic Phenotypic Optimization
Platform (QPOP), Bayesian Decision Analysis (BDA), K-
Nearest Neighbor (KNN), Support Vector Machine (SVM), and
Artificial Neural Network (ANN). Some papers specifically
emphasize the use of NLP for biostatistical datasets, while
others explore Next-Generation Sequencing (NGS).

In addition, advanced deep learning techniques are widely
adopted, including Convolutional Neural Networks (CNNs),
Recurrent Neural Networks (RNNs), and Generative Pre-trained
Transformers (GPT). Novel approaches such as Evolutionary
Enhanced Markov Clustering, AI-assisted Personalized Disease
Burden (AI-PDB) assessment tools, and Real-Time Artificial
Neural Networks further enrich the methodological landscape.
These techniques reflect the interdisciplinary nature of data
analysis in AI-driven personalized medicine, showcasing both
depth and diversity in technological adoption.

In the discussion below, we divide the techniques in selected
papers into two categories: Main Approaches which means the
main implementation methods to achieve personalized medicine,
and Supporting Techniques which refers to techniques used
alongside main approaches in included studies.

1) Main Approaches: In this section, we discuss the main
approaches identified from the list of papers in Table I. These
approaches represent the key techniques and methodologies
employed in the field of AI-based personalized medicine. The
reference number in Table II corresponds to the paper numbers
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TABLE I. LIST OF INCLUDED STUDIES

Paper # Paper Title Publication Year
1 The role of artificial intelligence in shaping future health planning [1] 2025
2 The revolutionary intersection of AI and healthcare: Embracing ChatGPT with caution [15] 2025
3 AI in healthcare: Transforming patient care and outcomes [16] 2025
4 Personalized medicine in urolithiasis: AI chatbot-assisted dietary management of oxalate

for kidney stone prevention [17]
2024

5 Revolutionizing healthcare delivery: The role of AI and machine learning in personalized
medicine and predictive analytics [18]

2024

6 Synergizing AI and healthcare: Pioneering advances in cancer medicine for personalized
treatment [19]

2024

7 AI in healthcare: Revolutionizing diagnosis and treatment through machine learning [20] 2024
8 Artificial Intelligence for Personalized Genetics and New Drug Development: Benefits and

Cautions [3]
2023

9 Artificial Intelligence in Brain Tumor Imaging: A Step toward Personalized Medicine [21] 2023
10 Artificial Intelligence based Personalized Predictive Survival Among Colorectal Cancer

Patients [22]
2023

11 Artificial Intelligence in Healthcare and Education [23] 2023
12 ChatGPT-4 and the Global Burden of Disease Study: Advancing Personalized Healthcare

Through Artificial Intelligence in Clinical and Translational Medicine [24]
2023

13 Deep Learning in Personalized Medicine: Advancements and Applications [7] 2023
14 Generative AI in Healthcare: Advancements in Electronic Health Records, Facilitating

Medical Languages, and Personalized Patient Care [8]
2023

15 Personalized Dental Medicine, Artificial Intelligence, and Their Relevance for Dentomax-
illofacial Imaging [25]

2023

16 Using ChatGPT to Predict the Future of Personalized Medicine [26] 2023
17 Effectiveness of artificial intelligence for personalized medicine in neoplasms: a systematic

review [14]
2022

18 Artificial Intelligence based Algorithms Used for Solving Personalized Medicine Problems
in Personalized Medicine Application [9]

2022

19 Artificial Intelligence Toward Personalized Medicine [10] 2021
20 Artificial Intelligence and Hybrid Imaging: The Best Match for Personalized Medicine in

Oncology [27]
2020

21 CURATE.AI: Optimizing Personalized Medicine with Artificial Intelligence [28] 2020
22 Enabling Technologies for Personalized and Precision Medicine [11] 2020
23 Use of Machine Learning and Artificial Intelligence to Drive Personalized Medicine

Approaches for Spine Care [29]
2020

24 Advancing Personalized Medicine Through the Application of Whole Exome Sequencing
and Big Data Analytics [2]

2019

25 Personalized Medicine and the Power of Electronic Health Records [6] 2019
26 Personalized Medicine for Patients with COPD: Where Are We? [5] 2019
27 Personalized Medicine—Concepts, Technologies, and Applications in Inflammatory Skin

Diseases [30]
2019

28 Predictive AI Models for Personalized Medicine[31] 2019
29 Using Deep Learning to Model the Hierarchical Structure and Function of a Cell [4] 2019
30 Futuristic Biosensors for Cardiac Health Care: An Artificial Intelligence Approach [32] 2018
31 Pivotal Trial of an Autonomous AI-Based Diagnostic System for Detection of Diabetic

Retinopathy in Primary Care Offices [33]
2018

32 Scalable and Accurate Deep Learning with Electronic Health Records [34] 2018
33 The Role of Agent Technologies in Personalized Medicine [35] 2018
34 Integrated Genomic Medicine: A Paradigm for Rare Diseases and Beyond [36] 2017
35 Predicting Effects of Noncoding Variants with Deep Learning–Based Sequence Model [37] 2015
36 E-Health Towards Ecumenical Framework for Personalized Medicine via Decision Support

System [38]
2010

85Copyright (c) IARIA, 2026.     ISBN:  978-1-68558-362-0

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

AIHealth 2026 : The Third International Conference on AI-Health

                            93 / 97



TABLE II. MAIN TECHNIQUES AND APPLIED PAPERS

Main Techniques Applied
Papers

Convolutional Neural Network (CNN) [3] [26] [27] [5]
[30]
[4] [36] [37]

Support Vector Machines (SVM) [21] [38]
Deep Learning Neural Networks (DNN) [25]
Generative Pre-trained Transformer (GPT) [8]
Bayesian Decision Analysis (BDA) [23]
Next-Generation Sequencing (NGS) [25]
Big Data Analytics [22]

in the table I. The same numbering convention applies to other
tables in the paper. Table II summarizes these main techniques.

Several studies [27][11][29][33] referenced the application
of Artificial Neural Networks (ANNs) without providing suffi-
cient detail regarding specific subtypes such as Convolutional
Neural Networks (CNNs), Deep Neural Networks (DNNs), or
Transformer-based models (e.g., GPT). To maintain clarity and
avoid redundancy, these studies have been excluded from Table
II, but are discussed narratively within the section as part of
the broader category of ANN-based approaches.

Although our review includes 36 papers, Table II highlights
those that explicitly outline specific AI techniques in the context
of personalized medicine. The remaining papers also contribute
valuable insights such as conceptual frameworks, application-
driven approaches, or interdisciplinary perspectives are dis-
cussed narrative within the section to provide a comprehensive
understanding of the field.

Artificial Neural Networks (ANNs) and Their Subtypes:
Deep Neural Networks (DNNs), including Convolutional Neu-
ral Networks (CNNs) and Transformer-based Language Models,
fall under the broader category of Artificial Neural Networks
(ANNs). CNNs are particularly useful for medical image
analysis, extracting features from Magnetic Resonance Imaging
(MRI), Computed Tomography (CT), and histopathological
scans to assist in diagnostics. Transformer-based models, such
as Generative Pre-trained Transformers (GPT), contribute to
clinical text mining and genomic sequence interpretation by
processing structured and unstructured medical data.

Other Machine Learning Techniques: Beyond neural
networks, algorithms such as Support Vector Machines (SVMs)
aid in disease classification and treatment response prediction,
while Bayesian Decision Analysis (BDA) assists in uncertainty
modeling for precision medicine.

Genomic Data Processing: AI plays a significant role in
analyzing data generated by sequencing technologies such
as Next-Generation Sequencing (NGS) and Whole Exome
Sequencing (WES). While NGS and WES are not AI techniques
themselves, they produce large-scale genomic datasets that re-
quire AI-driven variant classification, pathogenicity prediction,
and functional annotation. These AI applications contribute to
precision medicine by improving the interpretation of genetic
variants.

Figure 2. Main Approaches Discussed in Selected Papers.

Big Data Analytics: It was used alongside AI techniques
to handle high-volume, heterogeneous datasets. These methods
enabled scalable data preprocessing and integration from
multiple sources such as electronic health records, genomic
repositories, and wearable devices. While not an AI algorithm
itself, big data analytics serves as a foundational layer that
supports AI-driven personalized healthcare in large scale
clinical studies.

Figure 2 summarizes the main techniques adopted in selected
papers. The distribution of approaches was determined based on
the frequency of each technique’s use in the selected papers. As
shown in Figure 2, deep learning methods dominate, reflecting
a trend toward end-to-end modeling techniques in healthcare.

2) Supporting Techniques: In addition to core AI methodolo-
gies, various supporting techniques assist in data pre-processing,
feature extraction, and predictive modeling in personalized
medicine.

Data-Driven Approaches in Personalized Medicine: Natu-
ral Language Processing (NLP) techniques extract meaningful
insights from Electronic Health Records (EHRs), clinical
notes, and published literature, improving decision-making in
personalized treatment plans. Machine learning-based clustering
techniques and regression models enhance patient stratification
for risk assessment and treatment optimization.

B. Tools

The investigation of AI applications in personalized medicine
relies on a diverse array of advanced tools, each designed
to enhance different aspects of data processing, analysis,
and clinical decision-making. These tools are critical for
leveraging large datasets to derive meaningful insights, optimize
treatment plans, and improve patient outcomes. By employing
various machine learning algorithms, data mining techniques,
and specialized tools, researchers can tailor medical care
to individual patients needs with higher precision. Table III
provides an overview of the key tools used in several studies,
illustrating the breadth and depth of technology integration in
personalized medicine research.
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TABLE III. TOOLS USED IN THE INVESTIGATION

Tools used in the investigation Applied
Papers

ChatGPT [29] [5]
GATK [3] [35]
CURATE.AI [23]
Da Vinci Surgical System [2]
AssistDent, Diagnocat, CranioCatch
(Dentist)

[6]

Sugar.IQ [32]
Messaging applications (Facebook,
Messenger, WeChat

[35]

Golden Helix VarSeq [3]

The tools listed in the table reflect a broad scope of
AI applications in personalized medicine. These range from
advanced data analysis platforms to clinical robotics, each
serving specialized roles. For instance, genomic analysis
software like GATK and Golden Helix VarSeq enable high
throughput interpretation of genetic variants, directly supporting
precision medicine.

Similarly, AI-driven decision platforms such as CURATE.AI
optimize drug dosing tailored to individual patient responses,
while conversational AI tools, such as ChatGPT enhances
data synthesis and patient interaction. The tools also include
domain specific systems like the Da Vinci Surgical System
provides robotic precision in surgery, and applications like
Sugar.IQ leverage AI for personalized diabetes management.
Even everyday platforms such as messaging applications
(e.g. Facebook Messenger, WeChat) and diagnostic aids in
dentistry (AssistDent, Diagnocat, CranioCatch) have been
used, underscoring how AI technologies in disparate domains
converge to improve patient-specific outcomes.

C. Specialty

To comprehend the application of AI in personalized
medicine, it is essential to understand the medical specialties
included in our surveyed papers. Identifying these specialties
provides insights into how those technologies are used to help
patients in various fields. We can better understand how data-
driven approaches improve diagnostic accuracy and enable
tailored treatments, thereby supporting clinicians in making
precise, patient-specific decisions.

Therefore, the next research question we delve into is what
specialties our surveyed papers focus on. Table IV shows the
specialties investigated by our included studies.

The reviewed studies span a wide range of medical special-
ties, reflecting the wide applicability of AI in personalized
medicine. Oncology emerged as the field that is the most
frequently addressed, indicating a strong focus on AI for
cancer diagnosis, treatment planning, and optimization of
patient-specific therapy. Genomics was another dominant area,
underscoring the central role of AI methods in interpreting
genetic data and guiding precision medicine initiatives.

TABLE IV. SPECIALTIES DISCUSSED IN INCLUDED PAPERS

Medical Special-
ties

Applied Papers

Oncology [15] [16] [17] [18] [19] [21] [22] [8]
[9] [10] [27] [28] [11] [29] [6] [5]
[30] [4] [33] [35]

Genomics [15] [22] [8] [25] [26] [29] [30] [32]
[33] [34] [35] [36]

Cardiology [22] [25] [10] [28] [29] [37]
Radiology [17] [18] [8] [10] [29] [2] [4]
Neurology [10] [28] [2]
Dermatology [18] [32]
Ophthalmology [18]
Pathology [18] [4]
Dentistry [24]
Endocrinology [28]
Gastroenterology [28]
Hematology [18]
Immunology [32]
Nephrology [28] [17]
Orthodontics [24]
Orthopedics [10]
Pharmacology [15]
Surgery [10]
Health Policy &
Public Health

[1]

Health Informatics [16]
Urology [17]
Radiology [20]

Beyond oncology and genomics, other specialties were also
represented. Fields such as cardiology and radiology had
moderate coverage, highlighting the use of AI in personal-
ized cardiac risk assessment and imaging-based diagnostics.
Meanwhile, specialties including neurology, dermatology, and
dentistry appeared only in a few studies, suggesting an
emerging interest. This distribution suggests that while AI-
driven personalization is being explored in healthcare care,
it is particularly concentrated in data-rich domains such as
oncology and genomics, aligning with the high potential for
impact in these areas.

VI. THREATS TO VALIDITY

In any research study, there are threats to the validity.
These threats can impact the credibility and generalizability of
the results. In this section, we discuss three main categories
of threats to validity: internal threats, external threats, and
construct threats.

A. Internal Threats

In the context of a systematic literature review, these threats
consist of issues associated with the selection of studies,
data extraction procedures, and synthesizing techniques. For
instance, biases in study selection, inconsistencies in data
extraction, or subjective interpretations of findings can pose
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significant internal threats to the validity of the research. To
mitigate these threats, we followed a systematic approach based
on established guidelines, ensuring thoroughness and objectivity
in our review process.

In our study, another internal threat is related to the included
papers. At the time our review was conducted, it was still in the
middle of 2025 and, as a result, a complete list of publications
for the year was not yet available. Given this limitation, it
was not possible to include all relevant studies from 2025, as
many papers had not been published or indexed by the time
the review was finalized. Therefore, the scope of the review
was restricted to studies published up to mid-2025.

B. External Threats

In the context of conducting our systematic review, external
threats mainly refer to whether the findings of our review
can be applied outside of specific circumstances. Because our
review targets existing research, generalizability is not the main
concern in our investigation. However, one potential external
threat is the potential selection bias. To mitigate this threat,
we adopted various resources for paper selection and followed
exclusion and inclusion criteria to minimize external threats to
validity.

C. Construct Threats

In our study, construct threats mainly refer to the design and
execution of the review process. We deal with these issues by
using rigorous validation techniques and utilizing standardized
protocols.

VII. CHALLENGES

The integration of artificial intelligence into personalized
medicine is marked by numerous benefits, but also faces
inherent challenges. One such limitation is the lack of a
universally accepted definition of personalized medicine. This
ambiguity makes it difficult to clearly delineate the scope of our
review, which leads to challenges in systematically assessing
AI applications across various medical domains.

In addition, when it moves toward customized treatments for
individual patients and projects involving whole-genome data,
particularly Whole Exome Sequencing (WES), it introduces
challenges such as variant complexity and incomplete exome
coverage. [2]. Although WES shows significant potential, it
creates substantial data challenges that need complete analysis
when dealing with complex biological data. Managing and
interpreting such data remains a critical challenge.

Another challenge is the adoption of Phenotypic Personalized
Medicine (PPM). PPM uses data specific to each individual
to determine the best combination and doses of medicines
using tools such as CURATE.AI. However, this approach
faces challenges because it does not fully account for the
differences between individuals and how drugs interact, which
cannot be understood by analyzing the results generated from
multiple trials [28]. Although PPM aims to optimize results, it
faces challenges such as navigating the complex landscape of
individual responses and ensuring patient safety.

These challenges underscore the need for advances in data
processing, algorithmic refinement, and a deeper understanding
of biological systems to exploit the potential of AI in person-
alized medicine. Despite these challenges, potential benefits,
such as precise diagnostics, still highlight the importance of
overcoming these challenges and limitations to revolutionize
patient care and healthcare outcomes when AI techniques are
applied in personalized medicine.

In addition, the cost of personalized medicine, including
sequencing, infrastructure, and model maintenance, remains a
major barrier to large-scale adoption, particularly in resource-
constrained healthcare settings. Another challenge is the
readiness of clinical workflows and healthcare systems to
adopt AI-driven personalized approaches, which often require
integration with electronic health records, clinician training,
and organizational change management.

VIII. FUTURE DIRECTIONS

The future of AI in personalized medicine is closely related
to the challenges discussed in our review. Future research efforts
must focus on refining AI-based analytics, with a particular
focus on improving data handling, storage infrastructure, and
algorithmic sophistication to make personalized medicine
datasets easier to interpret and more efficient.

Moreover, developing comprehensive ethical frameworks and
regulatory paradigms is essential to ensure responsible use of
AI in healthcare. These frameworks must address critical issues
such as data privacy, fairness, and accountability, aligning with
ethical and legal standards. Future research should also explore
these barriers while fostering interdisciplinary collaboration
among researchers, clinicians, ethicists, and regulators. Such
efforts will enhance the equity, effectiveness, and reliability of
AI applications in personalized medicine.

IX. CONCLUSION

Personalized medicine aims to tailor prevention, diagnosis,
and treatment to patients’ genetic, environmental, and lifestyle
characteristics. The integration of AI methods—including
machine learning, natural language processing, and deep learn-
ing—enables analysis of large, heterogeneous clinical datasets
to support risk stratification, treatment-response prediction, and
optimization of therapeutic strategies, thereby improving the
precision and effectiveness of care.

This systematic literature review synthesizes evidence on
the techniques, tools, and clinical specialties that shape current
AI-enabled personalized medicine. Key priorities for future
research and deployment include strengthening data privacy
protections, mitigating algorithmic bias, ensuring regulatory
compliance, and promoting equitable access, all of which
are essential for responsible and scalable clinical adoption.
Collectively, our findings highlight the transformative potential
of AI to advance individualized healthcare and inform both
methodological development and practice-oriented implemen-
tation.
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