
METHODS

CONCLUSION & DISCUSSION

Explainable deep Weibull survival modeling for predicting time to 

cognitive impairment in older adults

BACKGROUND AND OBJECTIVES

• This research demonstrates that combining deep learning with parametric survival analysis 

provides a robust and interpretable framework for predicting cognitive decline over time. The 

Deep Weibull model effectively captures the continuous nature of neurodegeneration, preserves 

the temporal ordering of risk, and adheres to the logical medical progression from Normal 

cognition to Mild Cognitive Impairment and Dementia.

• By incorporating SHAP explainability, the framework offers interpretability at both the global and 

individual levels, enabling clinicians to identify personalized risk factors and specific cognitive 

deficits that accelerate disease onset. The results indicate that discrimination power is 

particularly high for predicting Dementia and that probability estimates for MCI are well 

calibrated, providing reliable risk stratification. These properties suggest that the proposed 

model can serve as a comprehensive tool to support early intervention strategies, guide 

personalized patient management, and improve decision-making in aging populations at risk for 

cognitive decline.
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3
Weibull distribution

Workflow Data processing and model training

The MMSE and SNSB-II test scores of 

13 Domains of 936 patients aged 

60-90 years.

2

t: time variable (non-negative random variable representing time).  

F(t): cumulative distribution function of the Weibull distribution at 

time t.  
λ: scale parameter of the Weibull distribution.
k: shape parameter of the Weibull distribution.

𝐹 𝑡 = 1 − exp −
𝑡

𝜆

𝑘

Parametric Loss Function:
Normal (State 0): Probability of survival beyond age 𝑡:

1 − 𝐹𝑚𝑐𝑖 𝑡
MCI (State 1): Probability of falling between two thresholds:

𝐹𝑚𝑐𝑖 𝑡 − 𝐹𝑑𝑒𝑚 𝑡
Dementia (State 2): Probability of onset before age 𝑡:

𝐹𝑑𝑒𝑚 𝑡

Multi-Layer Perceptron (MLP) 

Splitting data

k>1: the risk increases over 

time (the event is more likely 

to occur later, producing a 

clear “S” shape).

The MLP predicts subject-specific scale parameters for 

MCI and dementia: λDem = λMCI + diff  (Dementia onset 

is always later than MCI onset).

• Visual Predictive Check

Model with 8 Domains
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Figure 1. Model performance and feature importance of the 13 domains neuropsychological model for predicting progression from normal cognition to MCI and dementia. (A) ROC curves of the model for 

predicting incident MCI and dementia, with corresponding AUCs shown in the legend; (B, C) SHAP summary plots show the relative importance and direction of effect of each cognitive domain and years of 

education for predicting MCI onset and Dementia onset.

No. Domain Test

1 YearsOfEducation -

2 SNSB_II_Domain_Memory SNSB-II

3 K_MMSE_attention_and_calculation K-MMSE

4 K_MMSE_recall K-MMSE

5 SNSB_II_Domain_Language SNSB-II

6 K_MMSE_orientation_to_time K-MMSE

7 SNSB_II_Domain_Frontal SNSB-II

8 K_MMSE_language K-MMSE

9 SNSB_II_Domain_Attention SNSB-II

10 K_MMSE_orientation_to_place K-MMSE

11 SNSB_II_Domain_Visuospatial SNSB-II

12 K_MMSE_drawing K-MMSE

13 K_MMSE_Registation K-MMSE

Figure 3. Model performance and feature importance of the 8 domains neuropsychological model for predicting progression from normal cognition to MCI and dementia. (A) ROC curves of the model for 

predicting incident MCI and dementia, with corresponding AUCs shown in the legend; (B, C) SHAP summary plots show the relative importance and direction of effect of each cognitive domain and years of 

education for predicting MCI onset and Dementia onset.

A B C

No. Age N AUC_MCI 

(95%CI)

Brier_MCI 
(95%CI)

AUC_Dem 

(95%CI)

Brier_Dem 
(95%CI)

1 60-59 44 0.875 

(0.747–0.971)

0.154 

(0.089–0.228)

0.889 

(0.766–0.978)

0.172 

(0.101–0.249)

2 65-70 141 0.841 

(0.769–0.905)

0.145 

(0.109–0.183)

0.839 

(0.766–0.904)

0.146 

(0.108–0.186)

3 70-75 292 0.841 

(0.769–0.905)

0.126 

(0.104–0.146)

0.896 

(0.858–0.931)

0.122 

(0.102–0.144)

4 75-80 290 0.911 

(0.873–0.942)

0.119 

(0.099–0.140)

0.892

(0.851–0.928)

0.132 

(0.111–0.155)

5 80-85 144 0.929 

(0.888–0.965)

0.109 

(0.084–0.134)

0.899 

(0.843–0.945)

0.148 

(0.117–0.182)

6 85-90 25 0.967 

(0.870–1.000)

0.100 

(0.033–0.183)

0.933 

(0.799–1.000)

0.140 

(0.065–0.218)

Table 2: AUC and Brier score values with 95% confidence intervals for the 8 

domains

Table 1: The ranking of domain importance for the model and 

classification.

A
U

C

Figure 2. (A, B) Feature importance plots showing the ranking of 

years of education and the 13 domains by mean absolute SHAP 

values for predicting onset of MCI (A) and Dementia (B); (C, 

D) Bootstrap results (B = 1,000 resamples) of the area under the 

ROC curve (AUC) and integrated Brier score for models including an 

increasing number of top-ranked domains.
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Figure 4. Age-dependent AUC and Brier score of the 8 Domains model for predicting incident MCI and dementia across 

5-year age groups.

Figure 5. Visual predictive checks of age-cumulative prevalence of (A) MCI 

and (B) dementia, comparing observed mean prevalence with 95% prediction 

intervals across 10-year age bins.

Clinical and Public Health

• Mild Cognitive Impairment (MCI) and 

Dementia are major public-health 

challenges. 

• MCI represents a transitional stage 

between Normal Cognition and 

Dementia.

• Early and accurate identification of 

individuals at risk is crucial for timely 

intervention, appropriate care 

planning, and recruitment into clinical 

trials targeting prodromal stages.
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Cognitive Screening Tools

K-MMSE

SNSB-II

• Brief screening tools such as the Mini-Mental 

State Examination (MMSE) are widely used 

because they are simple and familiar to clinicians.

•  Shows limited sensitivity for detecting MCI and 

early Dementia 

• Performance is affected by demographic factors 

such as age and years of education.

• The Seoul Neuropsychological Screening 

Battery (SNSB) and its revised forms provide 

a standardized, multidomain assessment

• Include: attention, language, visuospatial 

function, memory, and executive function. 

• SNSB has been standardized and widely 

used in Korea and provides rich quantitative 

information that can distinguish between 

cognitively normal individuals, with MCI, and 

Dementia.

• The primary objective of this study was to develop an Explainable Deep Survival Analysis framework that predicts the 

progression of cognitive decline. 

• Focusing on the transitions from a Normal state to Mild Cognitive Impairment (MCI) and to Dementia (Dem), this study 

aims to use a Deep Weibull model to learn individual-specific scale parameters from the cognitive scores of patients to 

ensure monotonic, age-related increases in hazard. By integrating explainable AI through SHAP (SHapley Additive 

exPlanations), the model identified key cognitive features driving disease progression. This enhances interpretability 

and provides personalized clinical insights into the domains that most strongly influence the timing of disease onset.

Objectives
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