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2. Including all interactions causes 
combinatorial explosion

Dozens of SNPs →thousands to millions of terms
Practically impossible to include in models

1. Traditional models are too simplistic
Cannot capture nonlinear relationships

and epistatic interactions

3. High-performing deep learning models
require massive, multi-modal data

Small, genetic-only cohorts need methods that
leverage complex genetic interactions efficiently.

Existing methods are limited by oversimplified assumptions, combinatorial explosion, or data requirements-leaving a gap
for interpretable, data-efficient survival analysis in small genetic cohorts.

Methods

1. Data Processing

KNIH CODA
Database

No MutationMutation Present

Binary Encoding

Encoded as 0 Encoded as 1

SNP

Demographics

Train Dataset Test Dataset

8 : 2

2. FFN-Weibull Modeling 3. Interpretation

Feedforward Neural Network 

Weibull AFT Survival Model

5-Fold Cross-Validation

Performance Metrics Calculation
Concordance

Index
Integrated

Brier Score

Comparison 
with Linear Regression Baseline

Global Importance 
via SHAP Beeswarm Plot

Feature Interaction Analysis 
via SHAP Dependence Plot

Identify Key AD Genetic 
Risk & Protective Factors

Figure 1: Flowchart of the proposed method. The method consists of three main steps: (1) data preprocessing, (2) modeling, and
(3) model interpretation. In the data preprocessing step, we handle missing values, encode categorical variables, and perform
feature selection. In the modeling step, we train a deep survival analysis model using the preprocessed data. Finally, in the model
interpretation step, we use SHAP values to interpret the importance of each feature in the model’s predictions.
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Figure 2: Architecture of the proposed method. The architecture consists of an input layer, two hidden layers, and an output layer.
The input layer takes in the preprocessed features, which include metabolic genetic variants and other relevant clinical data. The
hidden layers capture complex interactions between the features, while the output layer produces the Weibull distribution
parameters for survival analysis. The model is trained using a loss function that combines the negative log-likelihood of the
Weibull distribution with a regularization term to prevent overfitting.
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Core
Idea

Use an FFN to model individual-
specific scale parameter together
with statistics constraints
that encode known survival-time
properties.
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Better generalization
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biological plausibility.
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Data table
Category Item Value

Subjects
Total number of subjects 956
Alzheimer’s Disease (AD) patients 473
Control subjects 483

Features

Total input features used in FFN 55
APOE genotypes (E2, E3, E4) 3
Metabolic SNPs (Binary encoded) 27
Non-genetic features (MMSE, Sex) 2

Validation
Cross-validation scheme 5-fold
Data split ratio (Train/Test) 80:20

Results

Table 1: Concordance index(C-index) from 5-Fold Cross-Validation,
LR: Linear Regression, FFN: Feedforward Neural Network, Std:
Standard Deviation. Higher C-index indicates better performance.
The proposed method (FFN) outperforms the baseline method (LR) in
both training and test sets.

Fold FFN Train FFN Test LR Train LR Test
0 0.7253 0.6481 0.6869 0.6116
1 0.7808 0.6514 0.6733 0.6446
2 0.7571 0.6736 0.6760 0.6562
3 0.7723 0.5933 0.6876 0.5930
4 0.7590 0.6698 0.6827 0.6181
Mean 0.7589 0.6472 0.6813 0.6247
Std 0.0212 0.0322 0.0064 0.0255
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(a) Brier score by number of
features.
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(b) C-index by number of
features.

Figure 3: Performance of the proposed method by number of features.
Lower Brier score and higher C-index indicate better performance.
Less important features can be removed without significant
performance degradation.
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Figure 4: SHAP beeswarm plot. Higher SHAP value indicates
protection against AD. Lower SHAP value indicates risk for AD. The
plot shows the distribution of SHAP values for each feature across all
samples, providing insights into how each feature contributes to the
model’s predictions.
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