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A Study on Dementia Risk Assessment Using Lifelog Data with
Explainable Artificial Intelligence

Huiwoong Cheon - Hyeyeon Park - Byeongju Lee - Suyeon Hong - Junegak Joung

School of Interdisciplinary Industrial Studies, Hanyang University

This paper presents a novel method for accurately assessing dementia risk by utilizing explainable artificial
intelligence (eXplainable Al) and lifelog data, which plays a crucial role in the early diagnosis of dementia. This
study focuses on calculating dementia risk scores that not only derive the accuracy of the predictive model but
also interpret the model's prediction results using SHAP values. This enables us to provide patients with clearer
and more specific follow-up plans. The significant contribution of this study is that, based on the calculated
scores, individuals with a high risk of dementia are promptly guided to undergo cognitive screening tests (CIST),
allowing dementia treatment to commence at the optimal stage. By individually explaining the impact of each
feature on the prediction results, SHAP values assist medical professionals in better understanding and utilizing
the model's predictions.
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Individuals who fully understand the purpose of the study and voluntarily provide written informed consent

Subjects

Inclusion |Individuals without severe hearing, vision, or language disabilities that affect the completion of neuropsychological tests or other assessments

Criteria

Individuals with no history or evidence of alcohol or substance use disorders, stroke, or central nervous system disease or injury

Individuals who cannot read or write

Individuals with convulsive disorder (epilepsy). depressive disorder, bipolar disorder, schizophrenia, or substance use disorder

Individuals with a history of brain-related conditions (stroke, brain infections, Parkinson's disease, multiple sclerosis, cerebrovascular disease, etc.)

Subjects

Individuals taking long-term psychiatric medications (for depression, alcohol dependence)

Exclusion |Individuals diagnosed with disabilities that hinder their participation in research (blindness in one eye, hearing loss in one ear)

Criteria

Individuals who have experienced severe head trauma with loss of consciousness

Cancer patients within three years post-treatment

Individuals with a history of metal implants

Individuals who do not consent to participate in the study

Figure 1. Criteria for Data Collection Subjects
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feature description feature description

activity_average_met Average daily MET sleep_midpoint_time Sleep midpoint time

activity_cal_active Daily active calorie expenditure sleep_onset_latency Sleep onset latency

activity_cal_total Total daily energy expenditure sleep_period_id Sleep period 1D

activity_daily_movement Daily movement distance sleep_rem REM sleep duration

activity_high Duration of high-intensity activity sleep_restless Restlessness ratio during sleep

activity_inactive Duration of inactivity sleep_rmssd Average heart rate variability during sleep

activity_inactivity_alerts Number of inactivity alerts sleep_score Overall sleep score

activity_low Duration of low-intensity activity sleep_score_alignment Sleep timing score

activity_medium Duration of moderate-intensity activity sleep_score_deep Deep sleep score

activity_met_min_high Daily MET for high-intensity activity sleep_score_disturbances Sleep disturbance score

activity_met_min_inactive Daily MET for low-intensity activity sleep_score_efficiency Sleep efficiency score

activity_met_min_low Daily MET for low-intensity activity sleep_score_latency Sleep latency score

activity_met_min_medium Daily MET for moderate-intensity activity sleep_score_rem REM sleep score

activity_non_wear Duration of non-wear time sleep_score_total Sleep contribution score

activity_rest Duration of rest sleep_temperature_delta Skin temperature deviation during sleep

activity_score Activity score sleep_total Total sleep duration

activity_score_meet_daily_targets Daily target achievement score activity_met_lmin_std Standard deviation of 1-minute MET log per day

activity_score_move_every_hour Hourly activity maintenance score activity_met_lmin_variance Variance of l-minute MET log per day

activity_score_recovery_time Recovery time score activity_met_lmin_kurtosis Kurtosis of 1-minute MET log per day
activity_score_stay_active Activity maintenance score activity_met_lmin_skewness Skewness of 1-minute MET log per day

activity_score_training frequency |Training frequency score activity_met_lmin_mean Mean of l-minute MET log per day

activity_score_training_volume Training volume score activity_met_lmin_median Median of 1-minute MET log per day

activity_steps Average daily step count activity_met_lmin_min Minimum of 1-minute MET log per day

activity_total Total activity duration (minutes) activity_met_lmin_max Maximum of l-minute MET log per day

sleep_awake Time awake during sleep period activity_met_lmin_autocorrelation  |Autocorrelation of 1-minute MET log per day

sleep_bedtime_end Bedtime end (wake-up time) activity_met_lmin_quantile_25 1-minute MET log Q1 per day

sleep_bedtime_start Bedtime start activity_met_lmin_quantile_50 1-minute MET log Q2 per day

sleep_time Actual sleep duration activity_met_lmin_quantile_75 1-minute MET log Q3 per day

sleep_breath_average Average respiratory rate (breaths per minute) |activity_class_5Smin_count_l Number of rest periods in 5-minute activity log per day

sleep_deep Deep sleep duration activity_class_Smin_count_2 Number of inactive periods in 5-minute activity log per day

sleep_duration Total time in bed activity_class_5min_count_3 Number of low-intensity periods in 5-minute activity log
sleep_efficiency Sleep efficiency activity_class_bmin_count_4 Number of medium-intensity periods in 5-minute activity log
sleep_hr_average Average sleep heart rate per minute sleep_hypnogram_5min_count_l Number of deep sleep periods in sleep state log
sleep_hr_lowest Lowest sleep heart rate per minute sleep_hypnogram_5min_count_2 Number of light sleep periods in sleep state log

sleep_light Light sleep duration sleep_hypnogram_5min_count_3 Number of REM sleep periods in sleep state log

sleep_midpoint_at_delta Sleep midpoint time delta sleep_hypnogram_5min_count_4 Number of awakenings in sleep state log

Figure 2. Feature List
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Model Accuracy ROC-AUC Precision Recall F1-macro
LightGBM 0.8262 0.9010 0.8276 0.7904 0.8025
Random forest 0.8055 0.8835 0.8325 0.7491 0.7659
Decision tree 0.7041 0.6806 0.6808 0.6806 0.6807
K-Nearest Neighbor 0.6572 0.6595 0.6229 0.6111 0.6136
Mlti-Layer Perceptron 0.5953 0.6348 0.6188 0.5634 0.5142
Support vector machine 0.6393 0.6249 0.6609 0.5083 0.4114
Logistic regression 0.6457 0.6067 0.6113 0.5331 0.4830
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Figure 4. Performance Improvement with Forward Feature Selection

Table 2. LightGBM Hyper Parameter

Parameter Value
min_data_in_leaf 41
num_leaves 330

n_estimators 1000
learning_rate 0.08
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True Positive Rate
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0.0

0.0 02 04 06 08 1.0
False Positive Rate

Figure 5. ROC curve of LightGBM
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