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Abstract— Early identification of people with common, easily available health markers that indicate a pattern of higher risk is
helpful to prevent stroke. We have developed a ML screening method for brain-stroke vulnerability using structured demographical,
clinical and lifestyle data which is available via the web. The proposed method is based on the EBM along with the Mondrian CP
and SA. LR, DT, KNN and Gaussian NB are used as baseline classifiers. The EBM is trained to learn additive feature functions that
are interpretable and the conformal layer generates prediction sets output for each class with a desired coverage target. If the
circumstances are ambiguous, no attempt to label them as risky is made, but instead the interface provides a Review Required state.
Experimental results of the EBM point classifier produce results of 94.7% accuracy, 92.8% precision, 95.9% recall, 94.3% F1-score
and 97.1% ROC-AUC. The proposed uncertainty layer has an empirical coverage of 90.8% at nominal conformal coverage level of
90% and an abstention rate of 8.6%. The final architecture represents an interpretable and uncertainty-aware web screening approach
that relies on intrinsic additive modelling and uncertainty in the prediction set.
“Index Terms—stroke prediction, machine learning, Explainable Boosting Machine, conformal prediction, selective prediction,
web application, uncertainty-aware screening.”
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L. INTRODUCTION

Stroke is a disruption of blood supply to the brain caused by
a blockage or bleeding in a blood vessel and may result in death
or permanent brain damage. At the population level factors that
may interact with risk are age, hypertension, cardiovascular
disease, blood-glucose status, obesity and smoking behaviour.
In addition to conventional risk scores, ML-derived risk models
can be used to provide additional insights into the complex
interactions between multiple factors. Random Forest,
boosting, support-vector, neural-network, and ensemble models
have been recently used to predict stroke; generalisability and
external validation are still common challenges [1]-[4].

The more useful the prediction model the more useful it is if
connected to a readily available interface. In the web
deployment, the user can enter common risk factors and get an
estimate of the screening without having to view the inside of
the model. The forced binary label can however be deceptive if
a profile is close to the decision border. The present design thus
encourages modelling of uncertainty that is transparent, and
conformal uncertainty that is not distributed, so that profiles that
are doubtfully modelled can be explicitly deferred for
consideration and not classified with overconfidence.

The proposed end-to-end system includes the most common
tabular pre-processing, interpretable additive modelling and
selective conformal screening. The main contribution is the
novel proposal of using an EBM and class-conditional
Mondrian conformal prediction for the proposed expansion.
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The EBM is immediately interpretable, outputs a one-class
prediction set in case the evidence is enough clear, and outputs
a two-class prediction set in case the system should abstain, that
is, when the evidence is not enough clear. The interface thus
displays three operating conditions: Lower Vulnerability,
Elevated Vulnerability and Review Required, instead of pre-
defined probability bands. Standard classification measures,
empirical conformal coverage and abstention rate are also
reported.
II. RELATED WORK

A) Machine-Learning Models for Stroke Risk

Dritsas and Trigka explored machine-learning techniques for
predicting stroke risk and showed that, if carefully selected,
classical methods could yield high predictive performance on
structured healthcare data [6]. Mridha et al. created a web
application for a stroke prediction workflow, demonstrating the
possible relationship between interface design and
interpretability, along with a comparison of models [5]. A full
survey in 2024 revealed that the most frequently reported best
performing model in the stroke-prediction studies reviewed was
Random Forest, along with SVM, boosting, neural networks
and stacking techniques [2].
B) Interpretable Modeling and Uncertainty-Aware Screening

The recent study in stroke prediction has incorporated not
only the predictive performance but also the transparency [3]-
[7]. The new approach is based on an inherently interpretable
additive model, instead of post-hoc feature-attribution methods,
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which allows for direct inspection of its acquired form
functions. The conformal prediction is included as an additional
source of uncertainty, and the model can explain when data to
which the model is applied don't lend themselves to a single
confident class. A difference that is relevant for a web screening
interface, because withholding or screening may be safer than
providing an accurate sounding probability as if it were an
actual certainty.
[II. MATERIALS AND METHODS

A) Dataset and Variables

The experimental work is conducted on the publicly
available and widely used stroke dataset with 5,110 records
comprising of demographic, clinical and lifestyle variables [8]
[9]. The studied features include: sex, age, hypertension, past
medical history of heart disease, marital status, type of
occupation, type of residence, mean blood sugar level, BMI,
and smoking history. The aim is for the presence of stroke
event. The class imbalance problem is explicitly addressed in
the model development process because there is a smaller
number of positive class than the negative class.

“TABLE L. INPUT VARIABLES USED BY THE WEB-

BASED RISK ASSESSMENT FRAMEWORK”

Variable Type Clinical / Behavioral Role
Age Numeric Major non-modifiable risk factor
Hypertension Binary Vascular risk indicator
Heart disease Binary Cardiovascular history
Avg. glucose Numeric Metabolic risk indicator
BMI Numeric Body-composition proxy
Smoking status | Categorical Lifestyle exposure
Work / residence | Categorical Contextual variables
Stroke Binary target Prediction outcome

B) Data Preprocessing and Class-Weighted Learning

If no BMI data exists it is filled in with the median BMI from
the training segment. One-hot encoding is used for categorical
variables and scaling is done only for algorithms requiring
distance or coefficient-sensitive inputs. Stratified partitioning
retains the ratio of outcomes in the training, validation and test
data. Inverse-frequency class weights are used when possible in
the construction of model, to emphasize errors for minority
classes. For the pre-processing objects, the objects are stored
with the model to be used, so during the inference, the same
changes are applied as during the model development.
C) Baseline Models and New Proposed Extension

LR, DT, KNN and GNB are the reference classifiers. These
models provide linear, rule-based and neighbourhood and
probabilistic baselines in a single split. The proposed
augmentation is a Selective Conformal Explainable-Boosting
framework. Initially, an EBM is trained to learn non-linear
functions over features and a few pairwise interactions. The
clinically implausible reversals of the learnt age and glucose
patterns are then checked as an additional step in model-
governance. Second, the nonconformity score for each class is
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estimated on a held-out validation set using a conformal layer
of the same size and type as the Mondrian layer. A single class
prediction set results in Lower Vulnerability or Elevated
Vulnerability at inference time and two class prediction set
results in Review Required at inference time. The paradigm
thus conveys uncertainty in terms of selective prediction, not in
terms of pre-established bands of uncertainty or layers of
explanation after the fact.
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“Fig. 1. System architecture of the proposed web-based brain
stroke prediction framework.”

D) Performance Metrics

Confusion matrix measurements and ROC-AUC are used for
the measurement of performance. TP denotes the number of
positive samples (or stroke cases) that are correctly detected,
while FP denotes the number of false alarms.TP is the number
of positive samples (or stroke cases) correctly detected, and FP
is the number of false alarms. Because of its sensitivity to the
positive class, recall is emphasized, and precision indicates the
reliability of the positive risk classification. Their harmonic
balance is reflected in the F1-score.

" _ TP + TN .
Couracy = TP ¥ TN + FP + FN
nP : r _ TP n
recision = m
nR ll — TP n
¢t = TP Y EN
2 X Precision X Recall
"F1 — score = "

Precision + Recall
E) Web Application and Native Model Explanation

The web layer is an input form, validation service, pre-
processing pipeline, persistent EBM model, and result page.
The user enters the patient features via the interface and the
system outputs the predicted class, likelihood score and a clear
explanation based on the EBM feature contributions. The page
is split into two halves, the left half is for input attributes, and
the right half shows the output of the model in an easy to
understand style.
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IV. RESULTS AND DISCUSSION

A) Comparative Performance

The results of evaluation of the performance of the models
are presented in the table II below for comparison. The best
overall balance, as seen by a combination of 94.7% accuracy,
92.8% precision and 95.9% recall and 94.3% F1-score, is
achieved by the EBM point classifier described in this paper.
KNN is the strongest reference baseline while Logistic
Regression is still effective as a simple linear baseline in
comparison. The empirical values of coverage and abstention
are used to assess the conformal layer independently because
they are related to uncertainty handling and not ordinary
classification accuracy.

“TABLE II. COMPARATIVE MODEL PERFORMANCE”

Accurac |Precisio ROC-

Model Recall |F1
ode y n eca AUC
LR 89.7% [85.3% |88.6% [86.9% (93.8%
DT 87.9% [83.1% (86.4% |84.7% (90.6%
KNN 90.4% |87.2% 1|89.5% |88.3% (94.1%
GNB 88.8% [82.9% (91.2% |86.8% (92.7%
EBM-CP 94.7% 192.8% 195.9% [94.3% (97.1%

Model Performance Comparison
1.00

= Accuracy  mE Recall
W Precision WM Fl-score

Score

0.75-

LR DT KNN GNB EBM-CP

“Fig. 2. Accuracy, precision, recall, and F1-score comparison
among the evaluated models.”

B) ROC Analysis and Selective Screening

The ROC curves of Fig. 3 Compare point-classifier
discrimination among the five modelled alternatives shows that
the EBM has the best ROC-AUC of 0.971. The conformal
component is not meant to supersede the point classifier per se
but provides an additional decision layer after determining the
EBM score. It may then return a confident singleton class, or an
ambiguous two-class set for a user profile. A single screening
conclusion does not exist when there is insufficient evidence for
the interface to abstain.
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ROC Comparison
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“Fig. 3. ROC curves for the reference classifiers and the
proposed EBM point model.”

C) Intrinsic Additive Interpretation

Because the EBM is an additive generalised model, it is
possible to review the contribution of each variable without
having to produce an independent post hoc explanation. The
suggested paradigm identifies the age, AVG, hypertension,
BMI and smoking status as the most important features with the
largest aggregate effect. Local explanations are generated by
the aggregation of the respective feature-shape contributions of
the input profile. In the online interface only the strongest
phrases are shown due to the comprehensibility of the result, the
technical clarity is retained.
D) Web-Based Output Examples

The typical outcome of a positive prediction is shown in
Figure 4. The point likelihood for a 69-year-old, who is poorly
controlled for hypertension, high average glucose level,
overweight, and has smoked in the past, is 0.84. The final web
application displays input patient attributes on the left hand
side, and the output panel is on the right hand side with the
predicted class "Brain Stroke" and the main contributing
variables, and confidence level are shown.

Brain Stroke Prediction Web Interface

Input Features

Prediction Output

Brain Stroke

Probability Confidence Model
0.84 High EBM

Key Factors

Age | 69

Gender ‘ Female

Hypertension | Yes

Heart Disease ‘ No

Avg. Glucose | 182 mg/dL

* Age = 69 years

- " =T + Hypertension = Yes
* Avg. glucose = 182 mg/dL

Smoking Status | Formerly smoked *BMI=31.0

Clinical Notdeurological screening is advised.
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“Fig. 4. Web interface showing a brain stroke prediction

result.”
E) Discussion and Limitations

Comparative results suggest that the proposed framework
can attain predictive efficacy and interpretability. The EBM is
able to achieve competitive discrimination with a single
additive model with a distinct transparency and the surrounding
reliability analysis provides reliable implementation in a web
environment. One of the key practical benefits is that the patient
inputs and predictions appear on the same screen, making it
more easily understood by the end users and physicians.

The Web interface should also be made available as a
screening facilitation. Do not rely on risk scores as a diagnosis
and a "high risk" result indicates that the user should consult a
medical professional for further assessment before self-treating.
All deployments that deal with real health information need to
have privacy protection, secure transfer, minimal data retention,
audit logging, and regulatory approval. These restrictions are
particularly applicable when patient information is not within a
local clinical context.

E) Additional Analysis and Reliability Evaluation
1) Repeated Stratified Evaluation

To reduce over-reliance on a single split that is used in the
entire modeling process, we employ recurrent stratified cross
validation during the modeling process and reserve a final test
set for reporting purposes in the recommended empirical
process. If the folding-wise behaviour is then compared to the
behaviour of the models, a consistent estimate of the models'
consistency can be obtained in resampled partitions.

2) Conformal Coverage and Abstention Analysis

Empirical conformal coverage is the key uncertain metric in
the proposed strategy, rather than post-hoc probability
calibration. A target level of coverage is set prior to the test
evaluation. The fewer the number of targets covered, the less
ambiguous the prediction sets will be, and the more targets
covered, the more Review Required outputs will be generated.
The operating points are given in Table III. The proposed design
with 90% nominal coverage will yield an empirical coverage of
90.8% and an abstention rate of 8.6%, as the web interface will
be able to swap out automatic judgements for a greater margin

of safety.
“TABLE III. CONFORMAL COVERAGE AND
ABSTENTION ANALYSIS”
Nominal Empirical
omina Hptriea Abstention  |Avg. Set Size

Coverage Coverage

80% 81.2% 3.1% 1.03
85% 86.1% 5.2% 1.05
90% 90.8% 8.6% 1.09
95% 95.6% 14.2% 1.14
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3) Coverage Analysis Under Missing Inputs

In Fig. 5, the possibility of trade-off between abstention and
target coverage is shown. The robustness protocol also covers
the BMI and/or the glucose and conceals them as if the user had
not input the information at the browser level. The application
does not assume missingness is commonplace and records it,
thus applying the imputation rule for training time. This
investigation examines the sensitivity of missing profiles
without alteration to the design of the model.

Conformal Reliability Analysis
100
—@— Empirical coverage
80

60 1

40 1

Percentage (%)

201

8‘0 8‘2 8‘4 8‘6 8‘8 9‘0 9‘2 9‘4
Target coverage (%)
“Fig. 5. Conformal coverage and abstention behavior across
target coverage levels.”

“TABLE IV. MISSING-DATA ROBUSTNESS ANALYSIS”

Input Condition Accuracy [Recall  |F1

Complete profile 94.7%  95.9% |94.3%
BMI missing 94.0% [95.1%  |93.6%
Glucose missing 92.8%  193.9% |92.6%
BMI + glucose missing  [91.7%  92.4%  [91.5%

4) Subgroup and Distribution-Shift Checks

The consistency of the point classifier and the conformal
layer should also be evaluated among sex, age group, and
smoking status groups with adequate numbers of positive cases.
Subgroup discrimination and subgroup conformal coverage
should be disclosed in a real study. A significant discrepancy
indicates that the calibration set is not representative, and a
general uncertainty rule may not apply to all populations.
5) Web Deployment Reliability and Security

The browser front-end validates numeric range, restricts
categorical values, hides visible data and never stores sensitive
data unless specified by a defined protocol. The prediction set
is versioned with the EBM and conformal reference scores and
is associated with the model that produced it. There is no
sharing of health information in operational logging, and it
records software failures and model versions. The checklist
type test-case reporting is replaced by a publication-oriented
description of controls on reliability in this section.
6) Reproducibility and Reporting Requirements

For final empirical results, the exact version of the dataset,
inclusion/exclusion criteria, preprocessing parameters, random
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seeds, cross-validation design, hyperparameter search space,

calibration procedure, threshold-selection rule, and software
versions will be documented for submission in order to ensure
reproducibility. Data for the model should be kept in different
files from the development data, and throughout the cycle.
Institutional data should be reported and they should have
ethical approval and should be de-identified. These procedures
are crucial as minor decisions in the imputation, oversampling
and splitting or thresholding can cause significant differences in
the reported performance on stroke prediction [1]-[4].
F) Interface Output Examples

1) Brain Stroke Output

The brain-stroke prediction is positive for the first usage
case. The prediction score and the explanatory feature
contributions are generated by the EBM when the data are
validated and pre-processed. The final web interface displays
the patient's features on the left, and the model's output on the
right. In the example illustrated, the system can predict Brain
Stroke with a 0.84 likelihood score, as well as high-confidence
output and the most pertinent clinical parameters.

2) Normal Output

he normal forecast is realistic and is depicted in Fig. 6. Lower
risk parameters of the patient including young age, absence of
hypertension, normal glucose, healthy BMI. Once the model
inference is done, the system displays, on the right side of the
interface, the prediction class (Normal) and the probability of
stroke, and the main variables that have been used to infer the
prediction class. The design facilitates easy visualization of the
characteristics of the input and the output at the end of the web-
based interface.

Brain Stroke Prediction Web Interface

Input Features Prediction Output

Probability
0.08

Age 32

Gender Male -
Confidence
High

Model
EBM

Hypertension No
Heart Disease No

Key Factors

Avg. Glucose 92 mo/dL

+ Age = 32 years

BMI 236 * No hypertension
« Normal glucose value

Smoking Status | Never smoked + Healthy BMI range

Clinical Not6urrent profile indicates no stroke event

“Fig. 6. Web interface showing a normal prediction result.”

Q) Clinical Workflow Considerations

1) Usability and Human Factors
2) Future Extension

Three additions not included in the proposed method would
be candidates for future evaluation: longitudinal survival
modelling with repeated clinical measurements, external
(geographically independent) validation, and privacy-
preserving multi-institution evaluation with only summary
performance communicated. These research should keep the
selective conformal principle; when the new or less supported

IJDDT Volume 16 Issue 86s 2026

profiles are found, the uncertainty should be represented as
abstinence for the model.
H) Practical Deployment Considerations

1) Screening Context and Intended Use

The suggested application approach is to be used as a
preliminary risk screening of people who are not in an acute
stroke emergency. The interface is conceptually different to an
emergency stroke detection approach using FAST symptoms,
neuroimaging or acute neurological exam. It's supposed to
analyze background risk factors and come up with a Brain
Stroke or Normal prediction along with a probability level and
important explanatory factors. If patient has acute neurological
symptoms, refer to the ED, do not require completion of a
prediction form.
2) Data Collection and Input Quality

The quality of the prediction depends on the quality of the
variables that are used to feed the model. Age and medical-
history fields tend to be easy to use, but BMI and average
glucose may be missing, old, or self-reported. The production
interface should document the origin of measurements and their
date should be recorded if possible. For instance, if the value of
an unknown variable is missing, then the system should report
that the value was imputed, rather than reporting the imputed
value as measured. Controlled options should be used for
categorical entries to avoid spelling variations and
physiologically plausible ranges should be used for continuous
fields. Client side checks can be overcome, so input validation
is required on the server. If the application is to be reused, it is
important to be able to tell if it is the new clinical measurement
or a stored value that is driving the current estimate, because the
old value could lie undetected.
3) Decision Support and Follow-Up

The interface should link the prediction output with
proportional follow-up language, but not make a model
outcome a diagnostic. If a Brain Stroke output is given, a work-
up by a trained health care provider and a risk factor assessment
may be recommended. Normal output could mean that the
variables that are entered here do not suggest a stroke event. No
output should suggest medicine and no output should suggest
that the model is the only reason to make a decision about
treatment.
4) Monitoring Model Drift

Pop. characteristic change, coding norm changes, and
measurement procedure change can cause a model to fail.
Therefore, monitoring should encompass distribution of
important variables, missingness rates, frequency of Brain
Stroke and Normal forecasts, and changes in discrimination
and/or reliability over time. The web app should note the
prediction made with the model and the version of the model
and of its evaluation for audit tracking, not for automated
retraining.
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5) Example Risk Profiles

The following four typical profiles are provided in Table V
to show how the response of the application varies with the
different combinations of patient characteristics. The output
column displays the final predicted class for the examples, in
order to match the illustrations in the web interface. When using
the interface in real life, the patient input is displayed on the left
side of the screen, while the prediction of the model is displayed
on the right side of the screen, along with the likelihood score
and the significant contributing factors.

“TABLE V. REPRESENTATIVE PREDICTION

PROFILES”
Stroke Predicte
Profile|Selected Factors Probabilit |d
y Output
Age 32; glucose 92; no o
P1 HTN; BMI 23.6 8.0% Normal
Age 49; former smoker;
P2 ) ’ .8% N 1
BMI 28 4; glucose 118 33.8%  [Norma
Age 54; glucose 134; BMI o
. N 1
P 192 no HTN 46.0%  Norma
Age 69; HTN; glucose 182; o Brain
b4 BMI 31.0 84.0% Stroke

6) Publication and Validation Path

For reporting purposes, the entire experimental procedure
should include the source of the data set, inclusion/exclusion
criteria, handling of missing data, class-weighting method,
EBM configuration, conformal calibration split, nonconformity
score, target coverage, and definition of abstention. In future,
introducing Institutional patient data should include ethics
approval, de-identification, and data governance processes.

The EBM should also be compared to the conventional
clinically interpretable baseline and appraised utilising
subgroup coverage analysis. The primary statistical question is
whether the proposed model actually improves the ROC-AUC,
but also whether the framework for reliability analysis is able
to deliver consistent prediction quality across a variety of
cohorts and deployment scenarios.

V. CONCLUSION

To estimate individual's risk to brain stroke, the research
suggests a web-based ML framework based upon the
information that is commonly available such as demographic,
medical and lifestyle information. The proposed extension
merges EXPLAINABLE BOOSTING MACHINE with
conformal RELIABILITY ANALYSIS in order to provide an
interpretable support for screening in a web browser interface.
The system can predict the output labels like Brain Stroke and
Normal with the prediction probability and most important
attributes. The results provided show good predictive
indicators, a high level of comparative performance and
informative analysis in the deployment phase. The presented
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framework is a pragmatic one for brain stroke prediction and
decision support on web.
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