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1. Introduction

Background on EBD

Epidermolysis Bullosa Dystrophica (EBD) is a rare, inherited skin disorder characterized by
the fragility of the skin and mucous membranes, leading to blister formation and scarring.
EBD is caused by mutations in the COL7A1 gene, which encodes type VIl collagen, a crucial
component of the anchoring fibrils that secure the dermis to the epidermis. Due to the
variability in clinical presentation, diagnosing EBD early in life can be challenging, often
delaying appropriate treatment.

Objective

This paper presents a predictive model designed to identify patients at risk of EBD by
analyzing historical medical data and patient encounters. The model aims to detect early
signs of EBD, potentially before a formal diagnosis (ICD10 Q81.2) is made, thereby improving
patient outcomes through timely intervention.

Importance of Early Detection

Early detection of EBD can significantly impact patient management and prognosis.
Identifying at-risk individuals allows healthcare providers to initiate appropriate diagnostic
tests and treatment earlier, potentially preventing severe complications, reducing suffering,
and improving quality of life.

2. Methodology

Data Collection

The dataset comprises medical records from approximately 2,000 patients, encompassing
over 200,000 encounters. This dataset includes patients diagnosed with EBD (ICD10 Q81.2)
and those without a formal diagnosis but exhibiting potential markers of the disease. The
data spans various clinical encounters, including lab results, medical history with diagnoses,
procedures, treatments and medication records.
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Data Preprocessing

Data preprocessing involved cleaning and organizing the dataset to ensure consistency and
accuracy. This included handling missing values, standardizing medical codes, and
categorizing encounter types. Special attention was given to anonymizing patient
information to comply with data privacy regulations.

Feature Selection

Key features were selected based on their relevance to EBD diagnosis. These included
genetic mutations, clinical symptoms such as skin fragility, blister formation, and scarring
inferred from diagnosis and other codes, and laboratory values and treatment records.
Feature selection aimed to capture a comprehensive view of the patient's medical history.

Model Development

The predictive model was developed using advanced machine learning techniques, including
Random Forests and Support Vector Machines, to handle the complex nature of the data.
The model was trained to predict the likelihood of an EBD diagnosis based on historical
patient data, focusing on identifying patterns indicative of EBD.

Training and Validation

To ensure robustness, the model was trained using cross-validation techniques, dividing the
data into training and validation sets. Performance metrics, including accuracy, precision,
recall, and Fl-score, were calculated to evaluate the model's effectiveness. A confusion
matrix and ROC curve analysis were also used to assess the model's predictive power.

3. Results

Risk Prediction

The model's risk prediction capabilities were particularly notable in identifying patients with
increasing risk over time. Patients showing repeated clinical markers or symptoms
associated with EBD were flagged as high-risk, even if they had not yet received a formal
diagnosis.
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Correlation Analysis

A significant correlation was observed between the presence of markers commonly
associated with EBD (such as genetic mutations and skin biopsy results) and the likelihood of
a formal diagnosis (ICD10 Q81.2). This correlation underscores the potential of the model to
identify undiagnosed cases of EBD based on historical data.

Method of Proof

To evaluate the effectiveness of our predictive model for Epidermolysis Bullosa Dystrophica
(EBD), we implemented a rigorous validation process. The primary method of proof involves
testing the model on patient histories that were not included in the training set. This
process is designed to simulate real-world clinical scenarios and assess the model's ability to
predict EBD risk based on sequential patient data.

Step-by-Step Validation Process

1. Selection of Unseen Patient Histories: We select patient histories that the model
has never encountered during training. These patients have a range of medical visit
records, some of which ultimately lead to a diagnosis of EBD.

2. Chronological Data Submission: For each patient, we begin by submitting data from
their very first medical visit to the model. This includes all relevant diagnoses, lab
results, and clinical notes recorded during that visit. The model then provides a risk
score indicating the likelihood of EBD at the respective point in time.

3. Incremental Data Addition: We then proceed to submit data from subsequent visits
in chronological order. After adding each new visit’s data to the history, the model
updates the risk score. This process is repeated until all visits have been included.

4. Graphical Analysis: We plot the risk scores against the timeline of the patient's
medical visits. This graph allows us to observe how the model’s predictions change
as new data is introduced. Ideally, we expect to see a significant increase in the risk
score whenever a visit includes a diagnosis or symptom that is strongly associated
with EBD.

Interpretation of Results

The strength of this method lies in its ability to show how the model responds to
incremental information, much like a clinician would. If the model is effective, the risk score
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should reflect a rising trend as more symptoms or diagnostic clues associated with EBD
appear in the patient's history. Spikes in the risk score at specific visits would indicate the
model's sensitivity to critical clinical markers.

Model Performance

The results of our validation process are encouraging, demonstrating the model's potential
as a reliable tool for early EBD detection.

Model Performance Metrics

e Accuracy: The model achieved an accuracy of 91.7% in predicting EBD risk across the
validation set of unseen patient histories.

e Precision: Precision was measured at 90.5%, indicating a high level of confidence in
the positive predictions made by the model.

e Recall: The model's recall stood at 88.2%, reflecting its ability to identify the majority
of patients who eventually received an EBD diagnosis.

e F1-Score: The combined F1-Score, which balances precision and recall, was 89.3%,
suggesting the model is well-balanced in identifying true positives while minimizing
false positives.

e AUC-ROC: The area under the receiver operating characteristic curve (AUC-ROC) was
0.94, underscoring the model's strong discriminative ability between high-risk and
low-risk patients.

Risk Score Trajectory

In our case studies, the risk score trajectories plotted against the patients' timelines showed
a clear pattern. For example, in one patient’s history, the risk score was initially low but
showed a marked increase following a visit where the patient presented with severe
blistering symptoms—an early marker of EBD. Subsequent visits that included additional
clinical markers, such as genetic testing results, further increased the risk score, aligning
with the expected progression toward an EBD diagnosis.

Summary of Findings

e High-Risk Identification: The model successfully flagged patients as high-risk well
before they received a formal EBD diagnosis.

e Predictive Sensitivity: The model was sensitive to key clinical markers, as evidenced
by spikes in the risk score during relevant medical visits.
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e Potential for Early Intervention: These results indicate the model's potential for use
in clinical settings to trigger early diagnostic tests and interventions, ultimately
improving patient outcomes.

4. Discussion

Findings

The study's findings highlight the model's effectiveness in early identification of EBD risk.
Patients with subtle, yet consistent, clinical markers could be identified well before a formal
diagnosis, suggesting the model's potential utility in clinical settings.

Clinical Implications

The integration of this predictive model into clinical practice could transform the
management of EBD. By providing early risk assessments, healthcare providers can prioritize
diagnostic testing and initiate treatment sooner, potentially improving patient outcomes
and reducing the burden of the disease.

5. Future Work

Model Refinement

Future efforts will focus on refining the model by incorporating additional data sources,
such as genetic information and more comprehensive clinical markers. Advanced machine
learning techniques, including deep learning, may also be explored to enhance predictive
accuracy.

Integration into Clinical Practice

To fully realize the benefits of the predictive model, integration with electronic health
records (EHRs) and clinical decision support systems will be pursued. This will enable real-
time risk assessment and seamless incorporation into existing clinical workflows.
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Broader Applications

The methodologies developed for EBD prediction can be adapted to other rare diseases,
particularly those with complex and heterogeneous clinical presentations. The lessons
learned from this project can inform broader applications in rare disease diagnostics.

6. Conclusion

Summary of Key Points

This paper has outlined the development and evaluation of a predictive model for early
detection of EBD. By leveraging historical medical data, the model provides a valuable tool
for identifying at-risk patients, potentially leading to earlier diagnosis and improved patient
outcomes.

Call to Action

This predictive model's successful development highlights the importance of continued
research and collaboration in rare disease diagnostics. We encourage further studies to
refine and validate predictive algorithms, ultimately aiming to enhance patient care and
outcomes.
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