Interpretable Deep Survival Analysis of Alzheimer’s Disease

via Metabolic Genetic Variants

2,3% 1,2%

Sungwoo Goo'?, Soyoung Lee!*", Jung-woo CHAE">*", Sangkeun Jung*>", Hwi-yeol Yun

I' College of Pharmacy, Chungnam National University, Daejeon, Republic of Korea
? Department of Bio-Al convergence, Chungnam National University, Daejeon, Republic of Korea
3 Department of Computer Science and Engineering, Chungnam National University, Daejeon, Republic of Korea

L

4 Institute of Drug Research and Development, Chungnam National University, Daejeon, Republic of Korea

Problem Data table

A " Category Item Value
x / Our Setting \ / Massive Data \ . Total 1.1umber Of SUbj ects . 956
ot o Subjects Alzheimer’s Disease (AD) patients 473
yA "4 e o Control subjects 483
o T W@w Total input features used in FEN 55
v‘,/ ------ APOE enOt eS Ez, E3, E4 3
7 s S \ / Features g. ypes ( : )
. - Metabolic SNPs (Binary encoded) 27
A o Linear Model Number of interaction terms >=< Non-gene.tlc features (MMSE, Sex) 2
o | Validation Cross-validation scheme 5-fold
e Non-Linear Model p=10 p=20 p=30 p=50 p=100 Small cohort (1=956) Large cohort Data split ratio (Train/Test) 80:20
: : : with genetic data
Genetic Feature > 45 190 435 1,225 4,950 S \wnh only genetic datp \ + climical data / )
- o o . | . Results
1. Traditional models are too simplistic 2. Including all interactions causes 3. High-performing deep learning models
Cannot capture nonlinear relationships combinatorial explosion require massive, multi-modal data Table 1: Concordance index(C-index) from 5-Fold Cross-Validation
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Practically impossible to include in models leverage complex genetic interactions efficiently. Standard Deviation. Higher C-index indicates better performance.
The proposed method (FFN) outperforms the baseline method (LR) 1n
J Existing methods are limited by oversimplified assumptions, combinatorial explosion, or data requirements-leaving a gap both training and test sets.
for interpretable, data-efficient survival analysis in small genetic cohorts.
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Figure 1: Flowchart of the proposed method. The method consists of three main steps: (1) data preprocessing, (2) modeling, and | Figure 3: Performance of the proposed method by number of features.
(3) model interpretation. In the data preprocessing step, we handle missing values, encode categorical variables, and perform Lower Brier score and higher C-index indicate better performance.
feature selection. In the modeling step, we train a deep survival analysis model using the preprocessed data. Finally, in the model | Less important features can be removed without significant
interpretation step, we use SHAP values to interpret the importance of each feature in the model’s predictions. performance degradation.
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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. @
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The 1nput layer takes in the preprocessed features, which include metabolic genetic variants and other relevant clinical data. The rs12255372T ' E
hidden layers capture complex interactions between the features, while the output layer produces the Weibull distribution rs11558471A .-- .
parameters for survival analysis. The model 1s trained using a loss function that combines the negative log-likelihood of the APOE E3 — '
Weibull distribution with a regularization term to prevent overfitting.
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