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ABSTRACT: Ulcerative Colitis is a chronic inflammatory bowel disease with unpredictable progression, often requiring invasive
and costly procedures (e.g., colonoscopy) for monitoring. This study developed a Support Vector Machine classification model that
integrates histological information (i.e., clinically established biomarkers), treatment history, lifestyle factors, and demographic
variables to classify UC severity. First, a prototype was developed using a synthetic dataset of 50 simulated patient profiles
containing age, calprotectin levels, and disease severity scores. The pipeline successfully classified unseen inputs, confirming basic
functionality. This prototype was migrated to a clinician-facing web platform, which allows users to upload datasets, determine
a train-test split, select the target variable, and visualize performance metrics. Validation with a publicly available biomedical
drug-classification dataset yielded 90.0% accuracy and 91.3% precision, demonstrating system reliability. These results show
that the platform can manage end-to-end workflows in a scalable and interpretable way. Once UC-specific patient datasets are
incorporated, the system will be expanded to enable clinicians to input live patient data and receive severity predictions and relapse
risk estimates. By considering a variety of factors, this tool has the potential to reduce reliance on invasive procedures, improve
monitoring efficiency, and advance precision medicine approaches for UC management.
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B Introduction

Ulcerative Colitis (UC) is a chronic, idiopathic inflam-
matory bowel disease (IBD) that causes continuous mucosal
inflammation in the colon and rectum.! While some risk fac-
tors, such as diet, stress, genetics, and microbiota, are correlated
with inflammation, UC remains largely unpredictable in its
progression. Associated symptoms (including bloody diarrhea,
tenesmus, and abdominal pain) typically overlap with other
gastrointestinal (GI) disorders, necessitating diagnostic tools
such as colonoscopy, biopsy, and imaging, which are often in-
vasive, expensive, and not practical for frequent monitoring.

Despite advancements in treatment, patients remain at high
risk for relapse, complications, and long-term consequences
such as toxic megacolon and colorectal cancer.® Non-invasive
biomarkers are increasingly used to monitor inflammation, but
as stand-alone tools, they lack the specificity and sensitivity re-
quired to reliably predict prognosis.

Recent literature has explored novel biomarkers and applied
machine learning techniques to IBD, yet relatively few studies
focus specifically on prognosis prediction in UC using clin-
ically relevant biomarkers in combination with demographic
and lifestyle data. Moreover, many existing studies emphasize
model development without addressing how such tools can be
translated into practical platforms with clinical relevance and
usability.*

This research addresses these gaps by developing a Support
Vector Machine (SVM) model to classify UC severity using
a combination of biomarker, histological, demographic, and
medication history data. A web-based platform designed for

practical use by clinicians and researchers was developed. The
platform enables users to upload patient datasets, select the tar-
get column/outcome (i.e., severity score), and define how the
dataset is divided between model training and validation (e.g.,
an 80/20 split means 80% of the data is used to train the model,
while the remaining 20% is used to test its accuracy). Results
are then displayed immediately through interactive charts and
performance metrics (such as accuracy, precision, F-1 score, re-
call, etc.), making the outputs both interpretable and clinically
relevant. While UC-specific patient data is still being acquired,
the system has already been tested with publicly available bio-
medical datasets to demonstrate end-to-end functionality and
scalability.

Ultimately, this research developed a clinician-facing web
platform that includes a validated machine learning model for
UC prognosis and a framework for integrating multidimen-
sional patient data into precision medicine tools. This project
offers a pathway from computational modeling to clinical ap-
plications in UC care, such as improved prognosis.

B Methods
This project followed a multi-step research and development
process to design and implement a machine learning model for

predicting the prognosis of UC.

Step #1: Literature Search and Variable Identif ication:

In order to select an appropriate machine learning model,
it was first necessary to identify and define the types of vari-
ables that best represent the clinical and biological complexity
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of UC, which arises from a complex interplay between the gut
microbiota, the mucosal immune system, and host genetics.®’
To capture this biological complexity, variables were selected
to reflect both molecular indicators of inflaimmation and in-
dividual-level differences that influence immune function and
disease severity.

The variable selection process was refined in consulta-
tion with IBD specialists (Dr. Soula Koniaris and Dr. Sarag
Boukhar), who emphasized the central role of biomarkers in
diagnosing and monitoring UC. Based on their guidance, four
clinically significant serum and fecal biomarkers (C-reactive
protein (CRP), erythrocyte sedimentation rate (ESR), calpro-
tectin, and lactoferrin) were prioritized during the extensive
literature search process. These biomarkers are routinely used
to assess inflammatory burden and disease activity, providing
quantifiable inputs well-suited for machine learning models.
Additional demographic and lifestyle variables (including age,
sex, diet, smoking status, and hospitalization history) were
included to account for patient-specific variation in immune
response and treatment outcomes.

Integrating patient-level characteristics with biomarker
data produced a multidimensional feature set capturing the
biological, behavioral, and demographic factors that shape
UC progression. The final dataset combines biomarker values,
clinical severity indices (e.g., Mayo Score, UCEILS), electron-
ic medical records (diagnoses, history, problems, medication
usage, lab test results), clinical data (relevant lab scores for
biomarkers, medication journey, extraintestinal manifesta-
tions, disease phenotypes and locations, disease severity scores,
etc.), and other demographic variables.” This comprehensive
structure captures both systemic inflammation and individual
variability, providing a strong foundation for developing and
validating the machine learning model.

Step #2: Model Selection and Algorithm Capacity:

Because UC severity is influenced by a combination of im-
mune, microbial, genetic, and lifestyle factors, a non-linear
modeling approach was required to capture the complexity of
these interactions. Based on the variable types identified ear-
lier, both regression and multiclass classification frameworks
were initially considered. Regression models predict continu-
ous numeric outcomes (e.g., severity scores along a spectrum),
whereas classification models assign cases to discrete catego-
ries (e.g., mild, moderate, severe).’ Given that UC severity is
typically evaluated through clinical categories, a classification
approach was determined to be more appropriate.

Three supervised learning algorithms were evaluated: lo-
gistic regression, decision tree, and Support Vector Machine
(SVM)." Logistic regression provides interpretability but is
limited in modeling nonlinear biological relationships. Deci-
sion trees can model non-linearity but often overfit smaller
or unbalanced datasets, reducing generalizability. The SVM
algorithm was ultimately selected for its robustness in han-
dling high-dimensional, non-linear, and limited-sample data,
making it well-suited for biomedical contexts."

To test the feasibility of this SVM model, an initial proto-
type was built in Python (Jupyter notebook), using the SVIM

model from the scikit-learn (sklearn) library, and trained on
a synthetic dataset generated in Excel. The dataset consist-
ed of 50 simulated UC patient profiles, generated based on
clinically recognized biomarker ranges and severity indices re-
ported in UC literature.® Each profile included two predictor
variables—age and calprotectin level (pg/g)—and one target
variable, disease severity, labeled on a 0-3 scale (0 = normal to
3 = severe). The SVM algorithm from the sklearn library was
trained to map the predictor variables (defining the x vector as
[age, calprotectin level]) to the output or target column (y =
severity score). Although this dataset was artificial and limited
in scope, it was instrumental in understanding how the data-
set should be formatted later and allowed us to verify that the
pipeline could successfully classify new inputs. Thereby, this
step established a functional and replicable framework for fu-
ture training on validated UC datasets.

Step #3: Prototype Development and User Testing:

To demonstrate user interaction and early data exploration
workflows, an interactive prototype was developed using an
R Shiny App (source code: https://github.com/aayushi-saxe-
na-me/shinyapp). The app (hosted at https://aayushisaxena.
shinyapps.io/shinyapp) allows for dataset/CSV upload, explor-
atory data analysis (summary statistics tables (with minimum,
Q1, median, mean, Q3, and maximum values) and a one-sam-
ple hypothesis test), and a k-means clustering plot (a type of
unsupervised machine learning algorithm). While this proto-
type provided proof-of-concept for user engagement, it lacked
SVM integration and was not optimized for high-volume or
clinical-grade deployment due to scalability limitations with

the Shiny App framework.

Step #4: Platform Migration & Full Stack Development:

To overcome these limitations, the system was migrat-
ed to a full-stack architecture using Python/Django (source
code: https://github.com/aayushi-saxena-me/statistical-anal-
ysis-app), with code development supported by Cursor
(Al-powered IDE) and deployment via AWS CodeDeploy.
The resulting web platform (https://statisticalanalysis.org)
allows the user to upload patient datasets, define train-test
splits, select the target/output variable, enable SVM learning
analysis, and view performance metrics of the SVM classifica-
tion, among other things. This architecture ensures scalability,
reproducibility, and accessibility, making it possible for both
researchers and clinicians to use advanced machine learning
tools without requiring extensive programming expertise.

Step #5: Validation with External Datasets:

Since UC-specific datasets are still pending, platform val-
idation was performed using a publicly available biomedical
dataset  (https://www.kaggle.com/datasets/prathamtripathi/
drug-classification). This dataset was uploaded in CSV format,
drug type was selected as the target column, RBF was selected
as the SVM kernel, and a 20% Test / 80% Train split was se-
lected. When the machine learning analysis was run, the SVM
model achieved 90.0% classification accuracy, demonstrating

the platform’s ability to handle the full workflow (from data
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upload to training and testing, to performance reporting) in a
reliable and interpretable way. This confirms that the system
works as intended and is ready to be applied to disease-specific
data.

Once UC datasets are acquired, the same process can be
repeated to produce clinically reliable predictions. Once
trained on this UC dataset, in further iterations of the model,
clinicians will be able to input new patient data and receive
real-time outputs. For now, the focus is on demonstrating
core functionality and evaluation workflows, not providing
live patient predictions. Evaluating the model on new, unseen
data provides a realistic measure of how well it will perform
in real-world settings, an essential step toward developing a

clinically dependable tool.

B Results and Discussion

Literature Search: Biomarkers:

One of the initial focuses of this project was identifying bio-
markers that could help predict the prognosis of Ulcerative
Colitis (UC). While biopsy and endoscopy are effective diag-
nostic methods, their invasive nature and high cost limit their
use in routine monitoring. Although some non-invasive imag-
ing techniques have shown high diagnostic accuracy, they also
require experienced personnel and sophisticated equipment,
which can be costly and difficult to access regularly.”

Biomarkers, on the other hand, are medical signs differ-
ent from symptoms that essentially act as measurable bodily
substances which can provide information about both physio-
logical and pathological conditions. These biomarkers can be
found in various biological samples (e.g., blood, urine, tissues,
etc.).™* Some basic examples include vital signs from pulse and
blood pressure to other serum, genetic, or inflammatory bio-
markers, which require more complex laboratory tests. While
biomarkers vary in specificity and sensitivity, they represent
a practical alternative for monitoring disease progression.
Through an extensive literature review and consultation with
gastroenterologist Dr. Soula Koniaris, four clinically estab-
lished biomarkers were prioritized: C-reactive protein (CRP),
fecal calprotectin, lactoferrin, and erythrocyte sedimentation
rate (ESR).

CRP is a well-known serum biomarker produced in the liver
and elevated during acute-phase inflammatory responses. It has
a relatively short half-life, making it a more dynamic indicator
of inflammation. Although more sensitive for Crohn’s disease
than UC, CRP remains a useful indicator in UC.* Calprotec-
tin, a calcium- and zinc-binding protein, is highly prevalent in
phagocytic leukocytes (especially neutrophils) and constitutes
about 60% of their cytosolic protein content. Neutrophil infil-
tration of the GI tract is a hallmark of UC, making calprotectin
a strong indicator of active disease.'® Fecal biomarkers such as
calprotectin are particularly important in IBD diagnosis and
prognosis because they reflect mucosal inflammation more di-
rectly. Fecal lactoferrin is another neutrophil-derived protein
present in stool, and is significantly elevated in pediatric pa-
tients with active intestinal inflammation and IBD (for both
UC and Crohn’s disease).’” ESR is a blood test that can indi-

cate if there is inflammation (the immune system's response to

injury, infection, and conditions such as immune system disor-
ders (i.e.,IBDs)) in your body. Erythrocytes are red blood cells,
and the sedimentation rate is the time it takes for red blood
cells to settle at the bottom of a test tube.” Though an elevated
ESR is a less specific indicator of inflammation, compared to
fecal lactoferrin, the biomarker still offers additional context
as markers of systemic inflammation and neutrophil activity.
According to Dr. Koniaris, elevated levels of these biomarkers
described previously are commonly used in practice to assess
whether inflammation is due to an intercurrent illness or not,
and how to adjust their medication accordingly to prevent es-
calation of disease severity.

In addition to clinically validated biomarkers, emerging
research highlights the potential of novel, more specific in-
dicators. Several recent studies have used bioinformatic and
machine learning approaches to identify differentially ex-
pressed mRNAs (DEMs) associated with immune activity
in UC. One such study identified 216 DEMs related to neu-
trophil infiltration and leukocyte migration, with MST1L,
OLFM4, and DPP10 standing out as potential prognostic
markers.” Although these are not yet validated for clinical use,
including them in future iterations of the model may help test
their diagnostic utility.

Incorporating a wide range of biomarkers (established and
experimental) along with basic patient information (e.g., age,
gender, hospitalization history, diet, smoking, etc.) allows the
model to account for the individualized nature of UC. Factor-
ing these nuances increases the likelihood of building a tool
that reflects real-world complexity and variation in disease
behavior.

At this stage, we have a curated set of biomarkers and pa-
tient variables (including demographics) that will serve as the
core features for the machine learning model. These inputs are
both clinically meaningful and widely available, ensuring that
the eventual tool will be feasible for real-world use while leav-
ing space for incorporation of experimental biomarkers as the
field evolves.

Computational & Model Selection:

Due to the complexity and non-linearity of UC progres-
sion, a Support Vector Machine (SVM) was selected as the
primary model for classification. SVMMs are a set of supervised
learning algorithms effective for classification, regression, and
outlier detection. They work by identifying a hyperplane that
best separates data into classes, using kernel functions to proj-
ect input into higher-dimensional space when necessary for
non-linear separation.??!

In this project, the model’s input features include various
clinical and biomarker data points, while the output is a se-
verity score derived from UC scoring systems such as the
Ulcerative Colitis Endoscopic Index of Severity (UCEIS) and
the Mayo Score. For example, UCEIS scores range from 0-8,
with higher scores indicating greater disease severity. These
scores serve as the “y” values (labels) for training, while the “x”
values are multidimensional input vectors consisting of vari-

ables like CRP, calprotectin, ESR, and patient demographics.
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SVMs require labeled training data, making them ideal for
our objective: to classify the course and severity of UC into
defined categories (e.g., mild, moderate, severe). Once trained,
the model could help streamline clinical decision-making by
suggesting potential treatment pathways or adjustments based
on predicted risk of relapse.

Test Run and Prototype Tool:

To evaluate the viability of a machine learning model for
UC prognosis, a Support Vector Machine (SVM) algorithm
from the scikit-learn library was tested in Python.?? The goal
was to establish a working proof of concept while awaiting real
clinical data. A synthetic dataset was created in Excel contain-
ing 50 hypothetical patient profiles. Each profile included two
features—age (in years) and levels of fecal calprotectin (ug/
g)—and was labeled with a correlating severity score from 0 to
3, representing disease intensity (mild to severe). This dataset
was used to train the SVM in a Jupyter Notebook environ-
ment, and then the model was asked to classify new, unseen
inputs using this training data.

For example, a 16-year-old patient with a calprotectin level
of 400 pg/g was labeled as a 2 (moderate severity) in the data-
set. When we asked the model to predict this same scenario
(“clf.predict([[16, 400]])"), a score of 2 was returned as mod-
eled in Figure 1. This prediction demonstrated that the model
was functioning as intended, at least within the bounds of the
simulated dataset.

= Prototype.ipynb X & Launcher X +

B +XDO0»mc

Code v © Notebook (3 @ Python (Pyodide) O

]

&}

#training the SVM algorithim with synthetic dataset UC [x vector = (age, level of calprotectin
fron sklearn import svm
s

(ug/9)); y = severity score]

I Based on the data, the predicted score is...

0 means none/normal, 1 means slightly severe, 2 means moderately severe, 3 is very severe

Figure 1: Implementation of a Support Vector Machine (SVM) in a Jupyter
Notebook environment using a synthetic dataset of ulcerative colitis patient
profiles. The model, trained on age and calprotectin level as predictive features,
classified the test input [16, 400] with a severity score of 2, corresponding to
moderate disease activity.

Although the dataset was small and artificially construct-
ed, it validated the SVM’s basic mechanics and confirmed the
model pipeline, providing a foundation for interface and back-
end development. Future performance is expected to improve
significantly with access to larger, clinically validated datasets.

Platform Development and External Dataset Validation:

In parallel to the Python-based modeling, an initial pro-
totype was built using R Shiny and deployed at https://
aayushisaxena.shinyapps.io/shinyapp to support clinical and
user-facing interaction. This app enables users to upload CSV
files, run summary statistics, perform hypothesis testing, and
conduct unsupervised machine learning via k-means cluster-
ing. Though initially populated with a default brain tumor
dataset, it can be used with any biomedical dataset. While the
Shiny App was instrumental in shaping the user interface and

front-end interaction, it could not run SVM models and would
not scale effectively in a clinical setting.

To address the limitations of the prototype, a web-based
platform (available at statisticalanalysis.org) was developed us-
ing Python/Django, migrated by Cursor, and deployed through
AWS CodeDeploy to provide a unified environment for ex-
ploratory data analysis, statistical computation, and machine
learning. Users can upload CSV or Excel datasets or generate
sample data directly within the interface. Upon uploading, us-
ers can preview the data input and examine the key dataset
information (number of rows, columns, and variable types)
automatically produced by the system. Built-in visualization
tools allow users to generate distribution plots, box plots, Q=Q_
plots, and correlation matrices, supporting a clear understand-
ing of variable relationships and data distributions. The user
can adjust which variables are the target columns in the anal-
ysis configuration on the left bar. The platform also computes
descriptive statistics such as mean, standard deviation, variance,
and percentile values, along with results from hypothesis test-
ing modules, including t-tests and normality checks.

The platform also features a dedicated Machine Learning
module that integrates an SVM classifier. Users can define
the target column, choose a kernel function (e.g., Radial Ba-
sis, sigmoid, etc.), and specify the train-test split ratio (e.g.,
80/20). The same number and type of input variables were
used in both the training and validation datasets to maintain
structural consistency and ensure the reliability of the mod-
el’s evaluation. Once trained, the system automatically reports
performance metrics (accuracy, precision, recall, and F1-score)
along with a confusion matrix and performance summary chart
for interpretability. While the prototype does not automatically
normalize or standardize input data, users can manually format
or preprocess their datasets prior to upload. This ensures flexi-
bility for users who wish to control their own data preparation.
Future iterations can be expanded to include built-in feature
scaling to further optimize SVM performance and simplify the
user workflow. The interactive interface allows users to refresh
or rerun analyses without coding, making the platform suitable
for both researchers and clinicians seeking to evaluate dataset
trends or model outcomes efficiently.

To test this system, a publicly available biomedical dataset
on drug classification was used. The dataset contained 200
samples (rows) and five drug classes as the target variable,
with 5 input features: age, sex, blood pressure, cholesterol, and
Na-to-K ratio.” The top of Figure 2 shows the performance
metrics of the SVM classifier once it was trained (on 80%)
and validated (with the remaining 20%) on the drug classifica-
tion dataset. It produced an accuracy of 90.0% and precision of
91.3%, indicating that the SVM achieved balanced and reliable
classification performance across all drug classes. The bottom
half of Figure 2 shows another visualization of the perfor-
mance metrics as well as the accompanying Confusion Matrix.

DOI: 10.36838/IJHSR87.65

68



ijhighschoolresearch.org

|~ Statistical Analysis Dashboard

Interactive statistical analysis and visualization tool. Configure your analysis parameters in the sidebar and explore
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Figure 2: Web-based Statistical Analysis Dashboard demonstrating Support
Vector Machine (SVM) model results on a drug classification dataset. At
the top of the image, the dashboard interface displays model configuration
and performance summary. On the bottom, the model outputs associated
performance metrics and a confusion matrix showing classification accuracy

(90.0%), precision (91.3%), recall (90.0%), and F1-score (89.9%).

While these datasets are not UC-specific, they effectively
demonstrate the model’s structure and performance. The ar-
chitecture is ready to accept UC patient datasets, and once
trained and validated on UC-specific data, the platform will
not only evaluate predictive accuracy but also highlight which
biomarkers and clinical variables most strongly influence dis-
ease prognosis.

This will enable refinement of the model by distinguishing
between critical predictors and potential sources of noise. Af-
ter validation, the system can expand beyond classification into
a real-time decision-support tool, where clinicians may input
patient-level data and immediately receive severity scores
alongside probabilities of relapse, hospitalization, or treatment
escalation. Producing performance metrics and actionable risk
predictions for clinicians ensures that the platform is both sci-
entifically robust and translationally relevant.

Limitations:

This study represents both a proof of concept and an
applied framework for bridging innovation in machine-learn-
ing-based UC research with real-world clinical use; however,
several limitations qualify its findings. First, the current sys-
tem was developed on a synthetic dataset and validated on a
drug-classification dataset that differs from UC in features
and outcomes, so reported performance may not reflect UC

prediction in practice. Second, the web app supports offline
evaluation only: users upload a dataset, the platform performs
a fixed 80/20 train—test split, and it reports metrics (accura-
cy, precision, recall, and F1 score) with a confusion matrix;
per-patient, real-time prediction is not yet implemented. Pre-
processing steps (e.g., feature scaling/normalization) are not
tully specified, which matters for SVM stability and reproduc-
ibility. Before clinical use, the platform also requires testing
and documentation for data security, scalability, and usability
on UC-specific, multi-institutional datasets.

B Conclusion

This study demonstrates the feasibility of applying ma-
chine learning to predict the prognosis of UC by integrating
clinically established biomarkers, demographic variables, and
treatment history into an SVM model. Through an extensive
literature review and consultation with IBD experts, a relevant
set of features was identified and used to build a classification
system that distinguished UC severity in simulated data. This
system was then migrated to a web-based platform and vali-
dated using an external biomedical dataset, showing reliable
performance across key metrics including accuracy, precision,
recall, and F1 score.

Overall, these results establish a functional proof of concept
that bridges computational modeling with practical applica-
tion. Moving forward, future implementations will involve
incorporating UC-specific clinical datasets directly into the
platform to train and evaluate the model on real patient data.
This process will include structured data acquisition through
clinical collaborations, evaluation of noisy or missing variables,
and the development of automated preprocessing pipelines for
normalization, feature scaling, and variable weighting to refine
model accuracy. Once validated, the model will be expanded
to enable clinicians to upload new de-identified patient data
and automatically generate severity classifications based on the
trained UC model. The platform will also allow users to visual-
ize model outputs and identify which biomarkers and clinical
variables most influence predictions, offering interpretability
alongside performance. These updates will allow the system to
be evaluated under real-world clinical conditions, improving
its reliability and practical utility. Together, these advance-
ments will transition the platform from a research prototype
to a validated clinical decision-support tool, demonstrating
how machine learning can be responsibly deployed to enhance
predictive precision medicine and improve UC management.
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