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Prediction of Mortality Risk in advance Dementia

Using Machine Learning

Jia-Jean Yiin MD, Ph.D.? Kwo-Chen Lee, RN, Ph.D.2"

Background

Accurate mortality prediction in dementia is vital for palliative care planning. As the
disease advances, patients lose decision-making capacity, shifting the burden to
caregivers and clinicians. Although machine learning shows promise, most models lack
real-world validation and clinical interpretability. Furthermore, evidence specific to the
Taiwanese dementia population remains limited.

Aim

This study retrospectively analyzed medical records to develop and validate a deep
learning-based six-month mortality prediction model for Taiwanese patients with severe
dementia.

Methods

This retrospective study analyzed secondary data from a medical center in central Taiwan,
tracking patients diagnosed with severe dementia between January 1, 2001, and October
31, 2022, Patients were included if they held a catastrophic iliness card indicating severe
dementia (CDR > 2); those with a prior cancer diagnosis were excluded.

Study variables included dementia subtype, age, sex, comorbidities, acute illnesses,
healthcare utilization, vital signs, and laboratory data (Table 1). Machine learning models
were developed using Decision Tree, Random Forest, and XGBoost algorithms.

2. School of Nursing, China Medical University, Taichung, Taiwan {R.O.C }

1. Department of Neurosurgery, Neurological Institute, Taichung Veterans General Hospital, Taichung, Taiwan (R.0.C.)

Machine Learning for Data Analysis

The dataset comprised 1,143 patients, with data integrated from 14 project-specific
tables to generate a single record per patient. Patients were randomly grouped into 12
subsets based on data collection time. Data preprocessing was performed using Scikit-
learn, NumPy, and Pandas. Missing values were addressed using Multiple Imputation by
Chained Equations (MICE). The dataset was split into 70% training and 30% testing sets.
Model training employed five-fold cross-validation, where each fold was sequentially
used for validation while the remaining folds served as the training set.

Model performance was assessed by averaging results across the five iterations.
Hyperparameter tuning was conducted using GridSearchCV, with the ROC-AUC score as
the optimization criterion. For interpretability, the top 10 most important features for
each model were identified. A mortality risk threshold of 0.3 was used for classification.
Confusion matrices were constructed for model evaluation, and performance metrics—
including accuracy, precision, recall, F1-score, and AUC— were compared across the
three models. ROC curves were plotted for visual comparison.

Results

A total of 1,143 dementia patients were included in the study, with a mean age of 89.36
years (SD = 10.7), and the majority were female. The mean follow-up period was 5.95
years (SD = 4.38), during which 64.2% of the patients died (Table1).

Table 2 presents the best-performing models among the three models, while Figure 1

Table 1. D hic Ch istlcs of D ia Patients displays the confusion matrices for models. The AUROC values ranged from 0.594 to
N=1143 n=734 n=403 0.757 (Figure 2). Sepsis, delirium, and shock were the common features identified across
{Deceased) {Survive: all three models (Table 3).
Dl:agnosi.s [ ios33.0% | es3oson] | 380(929% Table 2. Performance Metrics of Various Madels within the Threshold Range of 0.30
Other type D = [ 3007 0:%) I 51 :7 0'%)) I 29 27 1'%)) Madels Threshold Accuracy Precision Retall Fil AUC
z : 3 = ecision Tree . F X 8. 0.400000 | 0.594805
] D: T 0.660550 0.362745 0.445783
Random Forest 0.30 0.697248 0.439394 0.698795 0.539535 0.746000
.36 (£10. 5 i .58 (+10.
;e?':;af Age | 8936(t1070) | 93.13(£9.03) | 8258 (+10.13) XGBoost 0706422 | 0.442478 | 0.602410 | 0.510204 | 0.757999
Male [ 418(36.6%) | 297(40.5%) | 121(29.6%) B - i
Female | 725(63.4%) | 437(59.5%) | 288(70.4%) ~ % "‘
Chranic Comorbidities {Preceding Dementia Diagnosis) iad W 1 e,
Stroke 253 (22.1%) 163 (22.2%) 90 (22.0%) = 3 i =
Hypertension 499 (43.7%) 308 {42.0%) 191 (46.7%) b ¥ T3 i
Diabetes Mellitus 249 (21.8%) 152 (20.7%) 97 (23.7%) W “ .
Coronary Artery Disease 183 (16.0%) 97 (13.2%) 86 (21.0%) = = = .
Heart Failure 46 (4.0%) 32 (4.4%) 14 (3.4%) iy iy siomrorct B -
Renal Failure 134 (11.7%) 72(9.8%) 62 (15.2%) o E it v Xaecost ¥
(C;;Oio - 13065(?.1292) g; gg:g 4126 (:30;;:{;) Fig 1. Confusion Matrices for Models on the Test Set
rrnosis . 4 A
Aciite Hlinesses (Number of Events in the Last 6 Months before Death) 4,
Shock 64 (5.6%) 38 (5.2%) 26 (6.4%)
Pneumonia 272 (23.8%) 203 (27.7%) 69 {16.9%) as
Urinary Tract Infection 251 (22.0%) 174 (23.7%) 77 (18.8%)
Fracture 58 (5.1%) 39 (5.3%) 19 (4.6%) <
Pressure ulcers 85 (7.4%) 63 (8.6%) 22 (5.4%) g
Delirium 583 (51.0%) 241 (32.8%) 342 (83.6%) 3 Decision T
Sepsis 97 (8.5%) 81 (11.0%) 16 (3.9%) " e DEHISION 1R
Respiratory Failure 108 {9.4%) 95 (12.9%) 13 (3.2%) seses Random Forest
Healthcare Utilization 02
Emergency Department (ED)Visit 0.32 (10.948) 0.49 (+1.146) 0.00 (+0.000) s XGBoOOSE
Hospital Admissions 0.22 (10.731) 0.34 (10.890) 0.00 (10.000) W6
Intensive Care Unit Admission 0.68 (11.782) 1.02 (+2.136) 0.08 (10.344) = & = = o =
Vital Signs (Number of 1 Occurrences in last 6 hs before Death) Rspectcry
Body Temperature(> 38°C or <35°C) 0.09 (£0.820) 0.14 (£1.020) 0.00 (+0.000) Fig 2. ROC Curves of the Models
Heart Rate{< 60 or< 120 bpm ) 0.02 (30.200) 0.03 (+0.249) 0.00 ($0.000) Table 3. The Top 10 most Important Features Affecting Dementia Mortality in the Models
Respiratory Rate(>30 ar<10/min ) 0.69 (+4.143) 1.07 (5.131) 0.00 (+0.000) Decision Tree Random Forest XGBoost
5"’;‘? P;;i/s;ure(SPBdDO mmHg) ggg ggg;fs’; g;; gég;g; ggg ggggg F Score Features Score Features Score
Sp0,(< o) .. 10.. B 0., K 0. =
Sa0,(< 80%) 0.12 (10.325) 0.19 (£0.390) 0.00 (£0.000) 3epshs 0459835 L 0.089103 2epsls 9.097999
Laboratory Tests (Number of Abnormal Occurrences in last 6 Months befare Death) Delirium 0.126496 Delirium 0.075360 Sa0, 0.092620
Albumin (<2.5 g/dL) 0.13 (£0.333) 0.20 (+0.398) 0.00 (£0.000} Sa0, 0.113998 Pneumonia 0.064526 eGFR 0.075775
HbA1c(> 7%) 0.06 (+0.246) 0.10 (+0.301) 0.00 (+0.000) ER visits 0.110429 Sepsis 0.055390 Shack 0.073122
Cg;‘;( 1‘;(;“‘%6) TRET L gg;é‘;) 90 Efg-zg;’; e {fg-ggg; age 0109388 | Pressure ulcers | 0.054734 Delirium 0070202
< 73m .16 (0. .25 (0. .00 ($0.
E}rinalysis(BZ‘ct::II: > ") 0.28 (1‘1.312; 0.44 (+1.616) 0.00 (£0.000) Hypertension 0.051081 | Hospital admissions | 0.053692 Pneumonia 0.062652
Sputum Culture(Abn Results) 0.17 (£0.953) 0.27 (¥1.179) 0.00 (+0.000) Hospital admissions | 0.146607 Shack 0.052100 | Alzheimer's disease | 0.059044
Limitation Shack 0.039541 ED Visit 0.050659 CRP 0.057293
Although this study has advanced the use of machine learning in predicting six-month Respiratory failure | 0033027 | Urinary tractinfection | 0.049696 Gende_r 0.049121
mortality among dementia patients receiving palliative care, several limitations remain. Pressure ulcers | 0.037751 Fractures 0.048373 Albumin 0042399
The analysis was limited to short-term mortality (six months), and extending prediction Conclusion

to longer time horizons warrants future exploration. Furthermore, only three algorithms
were employed, leaving room for performance enhancement. Future research may
consider optimizing these models or incorporating additional algorithms to improve
predictive accuracy. Such advancements could support clinicians in making more
informed palliative care decisions and ultimately enhance care quality.

This study leverages machine learning to build three predictive models based on
identified mortality risk factors. The models were trained and optimized using five-fold
cross-validation, extracting key mortality risk factors and generating prediction results.
The best-performing model achieved an accuracy of 70.6% and an AUC of 0.758.
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