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Abstract  69 

Group-level studies have highlighted the roles of aging, poor sleep, and brain atrophy in cognitive 70 

performance (CP) but have overlooked inter-individual variability. We predict CP from feature sets 71 

(demographic, subjective/objective sleep parameters, and regional brain morphometry) using multisite 72 

ENIGMA-Sleep data (n = 2,372). Linear and non-linear machine learning models were trained on the 73 

largest cohort (n = 845), and the best-performing models were validated on independent cohorts. 74 

Subsequently, based on the best-performing model on the largest cohort, we characterized feature 75 

importance and interactions across all cohorts. We observed that a combination of demographic, sleep, 76 

and brain parameters moderately predicted CP, with age emerging as the key predictor. Model 77 

explanations further suggested that age was the primary driver of prediction models, while sleep played a 78 

smaller role that varied across subgroups. These findings endorsed inter-individual variability and complex 79 

interaction between aging, sleep, brain, and CP. 80 

 81 

  82 
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INTRODUCTION  83 

Cognitive performance (CP) reflects individual ability across core neurocognitive domains, including 84 

attention, processing speed, executive function, and memory. In population studies, lower CP is 85 

associated with poorer educational and occupational attainment, reduced everyday functioning, 86 

maladaptive interpersonal relationships, and adverse mental health outcomes across the lifespan (Lövdén 87 

et al., 2020). Thus, poor CP, including attention and memory impairments, can lead to substantial 88 

healthcare and societal costs (Gläser et al., 2025). Notably, substantial inter-individual variability in CP 89 

exists, influenced by biological, lifestyle, and environmental factors. Identifying which factors most strongly 90 

contribute to CP at the individual level is therefore critical for informing early intervention strategies and 91 

guiding personalized approaches to cognitive health. 92 

Aging across the lifespan is associated with cognitive decline in multiple domains and is an early 93 

symptom for the development of prevalent neurodegenerative diseases such as dementia (Brito et al., 94 

2023). Fluid cognitive abilities, including attention, novel problem-solving, processing speed, literacy, 95 

numeracy, and episodic memory, tend to decline gradually from midlife onward, particularly in women 96 

(Brito et al., 2023; Hanushek et al., 2025). Accordingly, aging poses a major challenge to maintaining CP 97 

in rapidly aging populations. Besides aging, sleep is related to multiple aspects of CP (Tahmasian et al., 98 

2026). Previous large-scale studies in a large aging population dataset (UK Biobank, UKB) observed that 99 

both long and short sleep durations were linked to impaired CP (Kyle et al., 2017; Li et al., 2025), and 100 

multi-organ ageing clocks (O’Toole et al., 2026). Non-linear relationships between sleep duration and CP 101 

and executive function have also been reported (Li et al., 2022; Tai et al., 2022). Longitudinal studies have 102 

shown that abnormal sleep duration and shift work are predictors of future cognitive impairment (Ell et al., 103 

2023). Although these studies reported statistically significant group-level associations, the corresponding 104 

effect sizes were consistently very small (r range 0.0007 - 0.0057) (Keyes & Westreich, 2019; Lin et al., 105 

2013; Spence et al., 2026; Sullivan & Feinn, 2012). Those UKB studies also primarily relied on a single 106 

self-reported question about sleep duration from the British population, whereas sleep behaviors show 107 

substantial regional and cultural variation (Coutrot et al., 2022; Willoughby et al., 2023). Moreover, 108 

individual sleep needs are flexible across individuals and dynamically related to CP (Fjell & Walhovd, 109 

2024). Together, these factors may limit the generalizability of group-level findings to international cohorts. 110 

The neurobiological substrates linking CP, aging, and sleep remain poorly understood, making the 111 

characterization of sleep-related variation in brain structure essential for elucidating the mechanisms 112 

underlying their interplay. Prior work incorporating genetic information has reported non-linear 113 

relationships among sleep duration, cognition, and brain structure (Li et al., 2022), with divergent patterns 114 

between short- and long- sleep duration groups (Li et al., 2025). An inverse U-shaped cross-sectional 115 

association between sleep duration and cortical thickness was reported, but longitudinal analysis did not 116 

show robust associations (Fjell, Sørensen, Wang, Amlien, Baaré, Bartrés-Faz, Bertram, et al., 2023). 117 

Other evidence suggests that long sleep duration is linked with higher grey matter volume of the basal 118 

ganglia, whereas insomnia symptoms were not associated with morphological measurements (Schiel et 119 

al., 2023; Weihs et al., 2023). At the individual level, structural brain data have been used to predict CP 120 

and sleep health separately, suggesting that morphometric measures may capture variability relevant to 121 

CP, although their predictive power has generally been modest (Genon et al., 2022; Raimondo et al., 2026; 122 

Wulan et al., 2024). Taken together, these findings suggest inconsistencies across studies regarding the 123 

interplay between aging, sleep, brain, and CP. Large-scale international datasets and advanced 124 

computational approaches are therefore needed to model this complexity and clarify the cognitive 125 

consequences of poor sleep, aging, and brain atrophy. 126 

Machine learning (ML) provides an individual-level framework that can accommodate heterogeneous, 127 

non-linear associations, and particularly in unseen data (independent cohorts), thereby improving 128 

generalizability beyond traditional group-level statistical analyses in one cohort (Varoquaux & Poldrack, 129 
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2019). In this preregistered study (https://osf.io/nhbkq/), we leveraged multisite international data of the 130 

ENIGMA-Sleep Working group (Tahmasian et al., 2021) with both self-reported and objective 131 

(polysomnography-based) sleep measures to evaluate whether demographics (i.e., age, sex, body mass 132 

index (BMI), and depressive symptom scores), sleep, and regional (parcel-based) brain morphometry can 133 

predict CP in the general population. To assess the contribution of single and multiple domains to 134 

predicting CP, we systematically compared ML models based on demographics-only, sleep with 135 

demographics, and a combination of demographics, sleep, and brain morphometry, and complemented 136 

these comparisons with shuffled-feature controls. To evaluate the generalizability of ML models beyond a 137 

single cohort and under geographic variation in sleep behaviors (Coutrot et al., 2022; Willoughby et al., 138 

2023), we trained multiple ML models in the largest cohort and assessed the best-performing models on 139 

independent cohorts, consistent with recommendations that external validation provides a more rigorous 140 

assessment of generalizability in neuroimaging prediction studies (Bi et al., 2026; Olfati et al., 2024; 141 

Rosenblatt et al., 2026). We then applied explainable ML using SHapley Additive exPlanations (SHAP) 142 

(Lundberg & Lee, 2017) to identify feature contributions and also Shapley Interaction Quantification 143 

(SHAP-IQ) (Muschalik et al., 2024) to characterize feature interaction patterns underlying model 144 

predictions. To examine whether these prediction patterns were homogeneous across participants, we 145 

additionally clustered participant-specific SHAP values and explored the transferability of the resulting 146 

clustering rules across cohorts. 147 

 148 

RESULTS 149 

Overview of the framework and study cohort 150 

We evaluated whether demographics, sleep, and regional brain morphometry features could predict CP 151 

across seven international cohorts (n = 2,372 participants), including Greifswald (SHIP-Trend, n = 845) 152 

(Völzke et al., 2022), Rotterdam (The Rotterdam Study, n = 700) (Ikram et al., 2024), San Diego (VETSA, 153 

n = 511) (Kremen et al., 2013), Liège (COF and COGNAP, n = 191) (Deantoni et al., 2024), Stockholm 154 

(Sleepy Brain, n = 48) (Nilsonne et al., 2020), Pittsburgh (PyNEL, n = 41) (LaGoy et al., 2022), and Jülich 155 

(Somnosafe, n = 36) (Hennecke et al., 2021). The models used three feature domains, which were i) 156 

demographics including age, sex, BMI, and depressive scores, ii) sleep duration and efficiency derived 157 

from polysomnography (PSG) and self-reported questionnaires, and iii) parcel-based brain structural 158 

measures from T1 MRI, including cortical thickness, surface area, and subcortical volume. The prediction 159 

targets were cognitive measurements assessed by the Stroop (reaction time) and memory tests 160 

(accuracy). To facilitate cross-cohort interpretation, we defined the Stroop test score uniformly as reaction 161 

time and the memory test score as accuracy hereinafter. We trained the ML models in the Greifswald 162 

cohort, which included 845 participants and provided the largest sample size, the broadest age range, and 163 

both cognitive outcomes. Given differences in cognitive measurements and score scales across cohorts 164 

(Supplementary Figure 1), Spearman’s rank correlation coefficient was used as the primary performance 165 

metric to assess whether participants with better observed cognitive performance also tended to receive 166 

better predicted scores, without requiring exact agreement in score units. We then assessed the 167 

generalizability of best-performing ML models in independent cohorts using out-of-cohort validation. We 168 

first benchmarked seven linear and non-linear ML algorithms, then compared feature combinations to 169 

assess whether sleep measurements and parcel-based brain morphometry improved prediction beyond 170 

demographics. Based on the selected models, we used SHapley Additive exPlanations (SHAP) (Lundberg 171 

& Lee, 2017) and Shapley Interaction Quantification (SHAP-IQ) (Muschalik et al., 2024) to characterize 172 

feature importance and their interactions. To assess whether these explanation patterns were 173 

homogeneous across participants or instead reflected distinct participant profiles, we further applied 174 

spectral clustering to SHAP values in the Greifswald cohort and evaluated the transferability of the 175 

resulting clustering rules in the remaining cohorts (Fig. 1c). 176 



 6 

 177 

Figure 1. Data description and machine learning pipeline. 178 

 179 

a, Data were collected from 2,372 participants across seven cohorts within the ENIGMA-Sleep working group. The datasets 180 

included demographic information, sleep measurements, cognitive performance scores, and structural brain imaging data derived 181 

from T1-weighted MRI scans. b, Cohorts differed in age distributions, ranging from young-adult to predominantly older-adult 182 

samples. Greifswald cohort spans early to late adulthood and was used for model development. Details for each cohort are 183 

provided in Supplementary Figure 1 and Supplementary Table 1. c, T1 MRI preprocessing was performed with FreeSurfer's 184 

recon-all command to derive parcel-based cortical and subcortical measures. Data were integrated into a tabular format and 185 

exclusion of participants with incomplete data and outlier removal. Models were trained in the Greifswald cohort with nested cross-186 

validation. Validation of Stroop predictions was conducted using data from Rotterdam, San Diego, Liège, and Pittsburgh, while 187 

validation of memory predictions utilized data from San Diego, Liège, Stockholm, Pittsburgh, and Jülich. Model explanations were 188 

generated with SHAP and SHAP-IQ to quantify feature importance and interactions. Participant subgroups were identified by 189 

spectral clustering based on SHAP values. 190 

 191 

Prediction of cognitive performance in the Greifswald cohort 192 

 193 

We first compared models based on demographics, sleep, brain morphometry features, and combinations 194 

to predict the Stroop and memory test scores in the Greifswald cohort using 5-fold 10-repeat nested cross-195 

validation. Across both outcomes, the demographics-only model showed the strongest performance 196 
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among single-domain feature sets, whereas sleep-only and brain-only models performed worse. Adding 197 

sleep to demographics or adding sleep and parcel-based brain morphometry to demographics did not 198 

significantly improve prediction beyond the demographics-only model. Non-linear models showed the 199 

most robust performance when the complete feature set was used. Therefore, AutoGluon was used as 200 

the baseline model for feature-set comparisons because it matched the best linear models with 201 

demographics-only and outperformed them with the complete feature set (Supplementary Figure 2). 202 

Stroop test: With demographics-only features, AutoGluon achieved a robust prediction performance 203 

(test Spearman’s ρ = 0.43 ± 0.05, R2 = 0.15 ± 0.05, RMSE = 10.36 ± 1.48). Compared with the 204 

demographics-only model, the sleep-only model (test ρ = 0.16 ± 0.06) performed worse (P < 0.0001), and 205 

the brain-only model yielded intermediate performance (test ρ = 0.37 ± 0.06, R2 = 0.11 ± 0.04, RMSE = 206 

10.60 ± 1.49). Adding sleep to demographics (test ρ = 0.43 ± 0.05, R2 = 0.15 ± 0.04, RMSE = 10.34 ± 207 

1.49) matched the demographics-only model and using all features together (test ρ = 0.42 ± 0.05, R2 = 208 

0.14 ± 0.04, RMSE = 10.42 ± 1.52), which was not significantly different from the demographics-only 209 

model. Shuffled-feature controls for sleep in sleep with demographics, and for brain in all feature sets, 210 

reduced performance slightly but not significantly (Fig. 2a, Supplementary Table 3). 211 

Memory test: A similar pattern was observed for memory test score prediction. With demographics-212 

only features, AutoGluon showed a robust prediction performance (test ρ = 0.29 ± 0.06, R2 = 0.08 ± 0.04, 213 

RMSE = 15.08 ± 0.67). Compared with demographics-only, the sleep-only model (test ρ = 0.10 ± 0.08) 214 

performed worse (P < 0.001), and the brain-only model yielded intermediate performance (test ρ = 0.22 ± 215 

0.06, R2 = 0.04 ± 0.02, RMSE = 15.42 ± 0.63). Adding sleep to demographics (test ρ = 0.29 ± 0.06, R2 = 216 

0.08 ± 0.04, RMSE = 15.06 ± 0.69) matched the demographics-only model and using all features together 217 

(test ρ = 0.27 ± 0.06, R2 = 0.06 ± 0.03, RMSE = 15.23 ± 0.63), which was not significantly different from 218 

the demographic-only model. Shuffled-feature controls for sleep in sleep with demographics, and for brain 219 

in all feature sets, reduced performance slightly but not significantly (Fig. 2b, Supplementary Table 4).  220 

Overall, in the Greifswald cohort, demographic variables captured most of the predictive signal for 221 

both Stroop and memory test scores, whereas sleep and parcel-based brain morphometry did not 222 

significantly improve prediction beyond the demographics-only model. 223 

 224 

Figure 2. Prediction of cognitive performance by feature combinations in the Greifswald cohort using AutoGluon. 225 

 226 

a, Stroop test score prediction across feature combinations by AutoGluon. Boxplots display test Spearman's rank correlation 227 

coefficient from 5-fold 10-repeat nested CV for feature combinations including sleep measurements only, demographics only, 228 

sleep with demographics, parcel-based brain morphometry only, and sleep, demographics with brain. Shuffled-feature controls 229 

for sleep measurements and parcel-based brain morphometry. b, Memory score prediction across the same feature combinations 230 

and evaluation scheme. Pairwise model comparison used Nadeau–Bengio corrected resampled paired t-tests on nested 231 

cross-validation scores with Bonferroni adjustment. Statistical significance: * P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001. 232 
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Out-of-cohort validation of prediction models 233 

We next tested whether ML models trained in the Greifswald cohort generalized to independent cohorts. 234 

We selected AutoGluon as the best-performing model from the Greifswald cohort, which demonstrated 235 

robust, stable performance across feature sets. Detailed cohort-level validation results include all metrics 236 

for each feature set are provided from Supplementary Table 7 to Supplementary Table 22. 237 

Stroop test: Out-of-cohort validation for Stroop test score prediction was assessed in the Rotterdam, 238 

San Diego, Liège, and Pittsburgh cohorts. In the Rotterdam cohort, the demographic-only model 239 

generalized significantly (Spearman ρ = 0.24, P < 0.0001), the model combining sleep with demographics 240 

performed similarly (ρ = 0.26, P < 0.0001), and the all-feature model also generalized (ρ = 0.26, P < 241 

0.0001). In the San Diego cohort, the demographics-only model generalized weakly but significantly (ρ = 242 

0.11, P < 0.05) and the model combining sleep with demographics performed similarly (ρ = 0.10, P < 0.05), 243 

whereas the all-feature model showed stronger generalized performance (ρ = 0.16, P < 0.001). In the 244 

Liège cohort, the demographics-only model generalized significantly (ρ = 0.36, P < 0.0001), the model 245 

combining sleep with demographics generalized significantly (ρ = 0.39, P < 0.0001), and the all-feature 246 

model generalized significantly (ρ = 0.29, P < 0.0001). The Pittsburgh cohort contributed an executive-247 

function proxy rather than a Stroop measure and did not show robust validation results (Fig. 3, 248 

Supplementary Table 3). Overall, Stroop test score prediction generalized across Rotterdam, San Diego, 249 

and Liège, with the relative performance of the feature sets varying across cohorts. 250 

 251 

Figure 3. Out-of-cohort validation of Stroop test score prediction by AutoGluon. 252 

 253 

AutoGluon models were trained in the Greifswald cohort and evaluated on four external cohorts. a-d, Model inputs are 254 

demographic features only. e-h, Model inputs are sleep measurements and demographics. i-l, Model inputs are sleep, 255 

demographics and parcel-based brain morphometry data. Within each group the panels from left to right correspond to Rotterdam, 256 

San Diego, Liège, and Pittsburgh. Each panel displays predicted versus true Stroop test scores. Significance of the Spearman's 257 

rank correlation coefficient is indicated by: *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. 258 
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 259 

Memory test: Based on data availability, out-of-cohort validation for memory test score prediction 260 

was assessed in the San Diego, Liège, Stockholm, Pittsburgh, and Jülich cohorts. The clearest validation 261 

was observed in Stockholm, where the demographics-only model generalized significantly (ρ = 0.34, P < 262 

0.05), the model combining sleep with demographics generalized significantly (ρ = 0.36, P < 0.05), and 263 

the all-feature model showed the strongest generalized performance (ρ = 0.47, P < 0.001). In contrast, 264 

predictions were not validated in the San Diego or Liège cohorts due to differing scales (digit- and letter-265 

based scores), and predictions in the Pittsburgh and Jülich cohorts were modest but not significant (Fig. 266 

4, Supplementary Figure 3, Supplementary Table 4). Overall, out-of-cohort generalizability for memory 267 

test score prediction was more limited than for Stroop test score prediction and was most evident in the 268 

Stockholm cohort. 269 

 270 

Figure 4. Out-of-cohort validation of memory test score prediction by AutoGluon. 271 

 272 

AutoGluon models were trained in the Greifswald cohort and evaluated on five external cohorts. a-e, Model inputs are 273 

demographic features only. f-j, Model inputs are sleep measurements and demographics. k-o, Model inputs are sleep, 274 

demographics and parcel-based brain morphometry data. Within each feature combination, panels from left to right correspond 275 

to San Diego, Liège, Stockholm, Pittsburgh, and Jülich. Each panel displays predicted versus true memory test scores. The site-276 

specific memory outcomes were WMS-III Digit Span in San Diego, n-back accuracy in Liège, spatial n-back accuracy in Stockholm, 277 

WMS-III Spatial Span in Pittsburgh, and spatial n-back accuracy from session 1 in Jülich. Significance of the Spearman's rank 278 

correlation coefficient is indicated by: *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. 279 

 280 

Model explanation in the Greifswald cohort and out-of-cohort validation 281 

To examine how individual features contributed to predictions, we used SHAP values to explain the 282 

AutoGluon models trained on the Greifswald cohort. Here, we focused on models that use sleep and 283 

demographics because they directly address how sleep measures contribute to prediction while remaining 284 

low-dimensional enough for interpretable cross-cohort comparison. SHAP results for models including 285 
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parcel-based brain morphometry are shown in Supplementary Figures 4 and 5. We focused on models 286 

that showed satisfactory external validity, defined a priori as a significant Spearman correlation between 287 

observed and predicted scores. Under this criterion, model explanations for predicting the Stroop test 288 

score are shown for Greifswald, San Diego, and Liège, and for predicting memory test score for Greifswald 289 

and Stockholm. 290 

For Stroop test score prediction, age showed the largest mean absolute SHAP values in the sleep 291 

and demographics models across all cohorts, followed by sex and BMI. Sleep duration and sleep efficiency 292 

contributed only modestly, and depressive symptom scores showed consistently low importance (Fig. 5a-293 

d). In the models including all features, the Greifswald model was dominated by age and 3rd ventricle 294 

volume, with additional contributions from prefrontal and cingulate cortical thickness parcels. Overall, 295 

cortical thickness features carry more importance than cortical surface area. Similar patterns were 296 

observed in the San Diego and Liège cohorts, where age, ventricular volume, and several frontal and 297 

cingulate parcels remained among the most important contributors, despite minor site-specific shifts 298 

(Supplementary Figure 4). 299 

For memory test score prediction, age again showed the largest mean absolute SHAP values in the 300 

sleep and demographic models in both Greifswald and Stockholm. Sex ranked second in Greifswald and 301 

third in Stockholm. Sleep measurements contributed more to memory test score prediction than to Stroop 302 

test score prediction. In Greifswald, polysomnography-based sleep measurements were more important 303 

than self-reported sleep measures, whereas the reverse pattern was observed in Stockholm. BMI showed 304 

consistently low importance in predicting memory test scores (Fig. 5e-f). When all features were included, 305 

age remained the most important feature in Greifswald, followed by a broader pattern of brain 306 

morphometry. Cortical thickness effects were most prominent in the ventromedial and orbitofrontal regions 307 

and the occipital cortex, with additional contributions from cortical surface area and ventricular and other 308 

subcortical volumes. Sleep variables contributed only marginally. The Stockholm cohort showed a similar 309 

pattern, with age again ranking highest and overlapping frontal, occipital, and ventricular markers among 310 

the most important features (Supplementary Figure 5). 311 

 312 

 313 

 314 

 315 

 316 

 317 

 318 

 319 

 320 
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 323 
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 329 

 330 

 331 

 332 
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 333 

Figure 5. Model explanation by SHAP for Stroop and Memory test score prediction. 334 

 335 

a–d, Model explanations with SHAP for Stroop test score prediction using AutoGluon models with sleep and demographics in 336 

Greifswald (a), Rotterdam (b) San Diego (c), and Liège (d). e–f, Model explanations for memory test score prediction using the 337 

same feature combination in Greifswald (e) and Stockholm (f). Each panel shows a beeswarm plot of SHAP values for individual 338 

features, with points representing participants and point color indicating the underlying feature value. Each panel also includes a 339 

horizontal bar plot that displays the mean absolute SHAP value of each feature across all participants. Blue numbers next to each 340 

bar indicate the mean absolute SHAP value of that feature, and red numbers indicate the percentage contribution of that feature 341 

to the total mean absolute SHAP value across all features. 342 

 343 

Feature interaction and subgroup analysis based on model explanation 344 

We next examined whether the contributions of sleep and demographic variables differed across 345 

participants by inspecting pairwise feature interactions and clustering participant-level SHAP profiles from 346 

the AutoGluon models trained with sleep and demographic features in the Greifswald cohort. SHAP 347 

dependence plots identified age as the dominant feature in both Stroop and memory test score prediction 348 

and suggested non-linear interactions between age and sleep duration, with shorter sleep in older 349 

participants and longer sleep in younger participants tending to be associated with worse predicted CP 350 

(Supplementary Figure 6).  351 

To summarize these heterogeneous explanation patterns, we clustered participant-level SHAP values 352 

into subgroups that reflected participants with similar combinations of feature importance for prediction, 353 

rather than similarity in the raw input variables. The number of clusters was determined by clustering 354 

validity metrics and UMAP visualization (Supplementary Figure 7), yielding four subgroups for Stroop test 355 

score prediction (Fig. 6a) and six subgroups for memory test score prediction (Fig. 7a, Supplementary 356 

Figure 8). Across these subgroups, age provided the principal axis of separation, whereas the 357 

contributions of sleep-related features varied between subgroups. SHAP-IQ further indicated that 358 

interactions among age, sex, sleep duration, sleep efficiency, and depressive score were present but 359 

generally weaker than the corresponding main effects (Fig. 6a, Fig.7a). We used a decision tree-based 360 

algorithm (Goix et al., 2020) to define clustering rules for each subgroup based on the original input values 361 

of the AutoGluon model. These rules allowed us to characterize each predicted subgroup profile by 362 

identifying the most distinctive variables and value ranges associated with subgroup assignment 363 

(Supplementary Tables 5 and 6). Detailed rule-based subgroup definitions, cluster sizes, and cluster-364 

specific interaction patterns are reported in Supplementary Results 1. 365 
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When the clustering rules derived in the Greifswald cohort were applied to the external validation 366 

cohorts, transferability was cohort-specific, with two Stroop-related subgroup profiles recovered in Liège, 367 

one in San Diego (Fig. 6b-c), and three memory-related subgroup profiles in Stockholm (Fig. 7b). The 368 

corresponding interaction patterns were broadly similar to those observed in the matched Greifswald 369 

subgroups (Supplementary Figures 9 and 10). Supplementary Results 1 further describes which 370 

Greifswald-derived subgroup profiles were recovered externally and why incomplete recovery may reflect 371 

cohort differences in age distribution, sex composition, sleep measurements, and cognitive measurements. 372 

 373 

Figure 6. Participants clustering and feature interaction analysis based on SHAP values for Stroop test score prediction. 374 

 375 

SHAP-IQ interaction networks were computed from AutoGluon models trained with sleep measurements and demographic 376 

features for Stroop test score prediction. a, Cluster-specific interaction networks for the four SHAP-derived participant subgroups 377 

in the Greifswald cohort. b, Interaction networks for the two participant subgroups identified when the Greifswald-derived 378 

clustering rules were applied to the Liège cohort. c, Interaction network for the single participant subgroup identified when the 379 

same clustering rules were applied to the San Diego cohort. Node size indicates the mean SHAP value within each subgroup, 380 

and node color indicates the direction of the feature contribution to the predicted Stroop test score. Edge thickness and opacity 381 

indicate SHAP-IQ interaction strength. For Stroop test scores, higher predicted values indicate lower cognitive performance. 382 

 383 

 384 

 385 

 386 

 387 

 388 

 389 

 390 

 391 

 392 

 393 

 394 

 395 

 396 

 397 

 398 

 399 

 400 

 401 
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Figure 7. Participants clustering and feature interaction analysis based on SHAP values for memory test score prediction. 402 

 403 

SHAP-IQ interaction networks were computed from AutoGluon models trained with sleep measurements and demographic 404 

features for memory test score prediction. a, Cluster-specific interaction networks for the six SHAP-derived participant subgroups 405 

in the Greifswald cohort. b, Interaction networks for the three participant subgroups identified when the Greifswald-derived 406 

clustering rules were applied to the Stockholm cohort. Node size indicates the magnitude of the mean SHAP value within each 407 

subgroup, and node color indicates the direction of the feature contribution to the predicted memory test score. Edge thickness 408 

and opacity indicate SHAP-IQ interaction strength. For memory test scores, higher predicted values indicate better cognitive 409 

performance. 410 

 411 

Sensitivity analysis based on APOE-ε4 412 

To assess the contribution of APOE-ε4 status to Stroop and memory test score prediction, we trained 413 

AutoGluon models that combined APOE with sleep-alone, sleep and demographic, and all features. Then, 414 

we compared them to models with shuffled APOE labels and to corresponding models without APOE-ε4 415 

(Supplementary Figure 11). Across all feature sets and outcomes, including APOE-ε4 produced changes 416 

in test Spearman ρ that were small in magnitude relative to the corresponding models without APOE-ε4 417 

and did not reach statistical significance in corrected t-tests. Consistent performance across models with 418 

observed and shuffled APOE-ε4 indicated that APOE-ε4 status contributed little to predict Stroop and 419 

memory test scores in our data. 420 

 421 

DISCUSSION 422 

The present study aimed to predict CP from sets of features (demographic, subjective/objective sleep 423 

parameters, and regional brain morphometry) across multisite data. Our findings demonstrated: (i) Non-424 
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linear models (i.e., AutoGluon) yielded the most robust performance for both Stroop and memory test 425 

score predictions in the largest cohort (Greifswald). Model comparisons across feature combinations 426 

further indicated that, unlike demographic-only models, sleep-only features did not provide robust 427 

predictive value. Sleep and brain morphometry added limited predictive value to the demographic-only 428 

model. Shuffling the sleep and brain features additionally revealed that demographic variables were the 429 

primary contributors to prediction performance. In a Greifswald’s subset with available genotype data, 430 

adding APOE-ε4 status did not improve cross-validated prediction, indicating limited incremental predictive 431 

value in these models; (ii) Out-of-cohort validation of the best-performing predictive model trained on the 432 

Greifswald cohort for the Stroop test revealed generalizable patterns across the Rotterdam, San Diego, 433 

and Liege cohorts, despite differences in demographic characteristics, including age range, across cohorts. 434 

For the memory test, a generalizable pattern was observed only in the Stockholm cohort, highlighting 435 

greater variance in acquired memory tests across cohorts; (iii) SHAP-based model explanation showed 436 

that age is the main feature contributor for both Stroop and memory test score prediction across all cohorts; 437 

(iv) Subgroup analysis based on SHAP values and SHAP-IQ explanations showed heterogeneous 438 

patterns for Stroop test score predictions driven by age, sex, and their interaction. For memory test 439 

prediction, interactions among age, sex, polysomnography-based sleep efficiency and duration, and 440 

depressive score were observed. 441 

Although sleep and brain morphometry are relevant to CP (Kyle et al., 2017; Li et al., 2022), 442 

demographic factors, particularly chronological age, emerged as the most robust predictor in our study. 443 

This pattern was observed in the primary training dataset and in out-of-sample validation cohorts, 444 

suggesting that age captures stable, generalizable variance in CP across independent samples. One 445 

possible explanation is that age serves as a proxy for the cumulative effects of biological processes across 446 

multiple organs (O’Toole et al., 2026; Tian et al., 2023), many of which are not fully captured by simple 447 

measures of sleep duration or regional brain structure. This result is consistent with recent work showing 448 

that demographic factors can rival or even outperform multimodal neuroimaging markers in predicting 449 

sleep health characteristics and cognitive outcomes, highlighting their strong role in explaining population-450 

level variance (Raimondo et al., 2026; Ujma et al., 2023). Similarly, prior studies have reported that sleep 451 

EEG explains only modest variance in cognition and contributes relatively little unique explanatory power 452 

after demographic adjustment, typically accounting for approximately 2.5–10% of cognitive variation 453 

(Tyurina et al., 2025; Ujma et al., 2023). More broadly, predictive modelling studies in sleep and mental 454 

health have shown that neuroimaging can provide limited added predictive utility beyond behavioral 455 

measures, clinical variables, and demographic characteristics (Olfati et al., 2024; Raimondo et al., 2026). 456 

In population-based studies, the cognitive consequences of poor sleep tend to be modest and 457 

heterogeneous (Fjell et al., 2023) and depend on how sleep is operationalized, in terms of duration, 458 

efficiency, regularity, fragmentation, or longitudinal change (Moon et al., 2024; West et al., 2024). This 459 

heterogeneity likely reflects the inherently dynamic nature of sleep, whose cognitive effects may 460 

accumulate over time or depend on chronicity, intra-individual variability, and interactions with aging, 461 

affective state, cerebrovascular burden, and circadian regulation (Bi et al., 2026; Tahmasian et al., 2026). 462 

A similar interpretation may apply to brain morphometry. Our cross-sectional, parcel-based structural 463 

measures likely provide only a coarse anatomical snapshot of neural variation, whereas CP is likely 464 

shaped by more distributed and temporally dynamic processes. Although it has been shown that 465 

demographic characteristics are also superior to resting-state fMRI in predicting cognitive phenotypes 466 

(Omidvarnia et al., 2024). Of note, the amount of our brain features is larger than sleep and demographics. 467 

In addition, as a substantial proportion of structural brain variance is age-related, the predictive 468 

contribution of morphometric features may be attenuated by age when included in multivariable models 469 

(Bi et al., 2026; Komeyer et al., 2025; Kyle et al., 2017). These findings suggest that statistically significant 470 

group-level associations between sleep and CP in large-scale UKB data were mainly driven by large 471 
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sample sizes rather than robust effect magnitudes. This has raised concerns about the practical relevance 472 

of the reported small effect sizes in UKB (Keyes & Westreich, 2019; Lin et al., 2013; Spence et al., 2026; 473 

Sullivan & Feinn, 2012), and thereby, does not necessarily translate into robust, cross-cohort markers for 474 

individual-level prediction, indicating that sleep variables may retain explanatory relevance while offering 475 

only limited incremental predictive value. 476 

Our clustering and subgroup analysis were intended to move beyond global SHAP averages and test 477 

whether the model relied on the same feature relationships across all participants or instead captured 478 

distinct interaction patterns. In this context, an interaction means that part of the model prediction is jointly 479 

attributed to a pair of features beyond their separate main effects, so the prediction cannot be fully 480 

explained by summing the individual contributions of those features alone. For Stroop prediction, the 481 

subgroup patterns indicated that age and sex defined the dominant interaction structure. For example, in 482 

older males, age and male sex jointly reinforced a less favorable prediction pattern, whereas in older 483 

females, the adverse age effect appeared partly offset by a more favorable sex and age-sex interaction 484 

contribution. Thus, even when age remained the dominant feature, its predictive role differed across sex 485 

groups rather than following a single, uniform gradient. For memory prediction, the interaction structure 486 

was more differentiated and suggested a stronger role for objective sleep within specific demographic 487 

contexts. In younger males with better PSG sleep efficiency and lower depressive burden, PSG sleep 488 

efficiency and its interaction with age aligned with more favorable predicted memory performance, 489 

whereas in older males, objective sleep duration and efficiency appeared to partly buffer an otherwise less 490 

favorable age-sex interaction. The repeated divergence between PSG-based and self-reported sleep 491 

measures across memory subgroups further suggests that objective and subjective sleep do not contribute 492 

interchangeably to prediction. Taken together, these findings suggest that age and sex define the 493 

dominant predictive background on which sleep exerts subgroup-specific modifying effects, rather than 494 

acting as a uniform predictor across the full sample (Rahimi-Eichi et al., 2025; Sattari et al., 2024; 495 

Stankeviciute et al., 2025). Importantly, these clusters should not be interpreted as biological subtypes. 496 

Instead, they capture recurring model decision patterns, indicating how demographics and sleep 497 

contribute to CP prediction in a heterogeneous and context-dependent manner. 498 

Here, we used ML as it provides an explicit framework for individual-level prediction and for testing 499 

generalizability across independent cohorts with different age distributions, which cannot be inferred from 500 

within-sample associations alone (Komeyer et al., 2025; Olfati et al., 2024; Omidvarnia et al., 2024; 501 

Rosenblatt et al., 2026; Wu et al., 2023). This design allowed us to test whether models trained in the 502 

broad adult age range of the Greifswald cohort retained predictive performance in cohorts with different 503 

age ranges (Mendl-Heinisch et al., 2026; Olfati et al., 2024), while recognizing that transferability remained 504 

outcome and cohort-dependent. Recent studies in sleep and mental health underscore the utility of 505 

predictive modeling, enabling validation across independent datasets and quantification of the incremental 506 

value of candidate feature domains (Olfati et al., 2024). Importantly, recent large-scale neuroimaging 507 

studies further illustrate that ML can serve as a stringent test of whether high-dimensional brain features 508 

meaningfully improve out-of-sample prediction. In some cases, predictive performance remains near 509 

chance, thereby placing important constraints on mechanistic interpretation and tempering expectations 510 

for clinical translation (Olfati et al., 2024; Omidvarnia et al., 2024; Raimondo et al., 2026). Although many 511 

AI applications in sleep medicine focus on diagnostics, staging, or monitoring rather than cognitive 512 

performance itself, they highlight a methodological point that is directly relevant here, namely that real-513 

world utility depends on rigorous validation, transparent reporting, and explicit handling of heterogeneity 514 

and bias (Bi et al., 2026; Jahrami et al., 2026). These considerations motivated our unified, leakage-515 

controlled ML framework across multiple cohorts. By strictly separating model development from external 516 

evaluation and fitting all preprocessing steps within each training split, the analysis yields conservative 517 

estimates of generalization under realistic site heterogeneity. Finally, SHAP and SHAP-IQ added an 518 
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important explanatory layer by distinguishing dominant global effects from smaller context-dependent 519 

effects and by revealing subgroup-specific interaction patterns that were not evident from performance 520 

metrics alone. 521 

Our study has several limitations, which mainly concern the existing predictor domains, the 522 

comparability of cognitive targets across cohorts, and the methodological constraints of cross-cohort ML 523 

validation (Bi et al., 2026; Raimondo et al., 2026). First, we only focused on sleep duration and sleep 524 

efficiency from PSG and the Pittsburgh Sleep Quality Index (PSQI), which represent a subset of sleep 525 

health dimensions. Future work should incorporate long-term wearable-derived measures to capture night-526 

to-night variability at scale (Massar et al., 2021). Multimodal sleep data, including detailed biological 527 

signals and subjective reports, and emerging sleep-focused foundation models may further improve 528 

representation of learning across cohorts under rigorous train-test separation (Thapa et al., 2026). Second, 529 

the cognitive phenotypes showed limited comparability across cohorts and likely variable reliability, 530 

particularly for memory, which may have limited out-of-cohort prediction and reduced apparent 531 

generalizability across sites (Gell et al., 2024; Rosenblatt et al., 2026). This may be more salient in multi-532 

cohort settings where CP measures differ in content and scaling, where harmonization supports valid 533 

external validation. A recent proposed framework removes site-related variance while preserving 534 

instrument effects and links tests via a shared latent ability scale to facilitate cross-cohort score conversion 535 

(Kennedy et al., 2024, 2025). However, it relies on item-level data and is less applicable when only total 536 

scores are available. In ML settings, harmonization may yield optimistic estimates if information from hold-537 

out participants influences the transformations, which motivates leakage-free harmonization that fits only 538 

the training data (Nieto et al., 2026). As the included cohorts differed in age distributions (Fig. 1b), 539 

depressive scores (Supplementary Table 1), and implementation of the cognitive tasks, we did not 540 

harmonize features or targets across sites to avoid cross-site information leakage (Nieto et al., 2026). 541 

Longitudinal designs will be essential to determine whether sleep and multimodal brain measures (e.g., 542 

white matter integrity, functional connectivity, vascular burden, or brain age gap) predict future cognitive 543 

decline more strongly than baseline CP. 544 

 545 

CONCLUSION 546 

This study suggests that while sleep and brain structure make modest contributions in predicting CP, age 547 

remains the primary and generalizable predictor in our multisite, individual-level models. Overall, these 548 

results indicate a complex contribution of demographic characteristics, sleep, and brain structure to CP. 549 

Our findings underscore the need for longitudinal, multimodal, and densely sampled data, as well as 550 

personalized approaches, to better understand how aging, sleep, and brain structure jointly shape CP at 551 

the individual level. 552 

 553 

METHODS 554 

Study participants and measurements 555 

Study participants: Participants were included from seven cohorts of the ENIGMA-Sleep Working 556 

Group, yielding a total of 2,372 participants (N = 938 females; median age = 58.8 years; range = 18.0 – 557 

95.1 years). Details of the cohorts’ demographic characteristics, depressive scores, APOE-ε4 carrier 558 

status, and sleep measurements are summarized in Supplementary Table 1. All contributing sites received 559 

approval from their respective local institutional review boards and ethics committees to collect and 560 

analyze data. Cohort-specific inclusion and exclusion criteria before data sharing are listed in 561 

Supplementary Table 2. 562 

Sleep measurements: Sleep duration and sleep efficiency were included as sleep predictors. 563 

These measures were derived from PSG and self-reported sleep questionnaires where available. For 564 

questionnaire-based sleep measures, the PSQI was used across cohorts with self-reported sleep data, 565 
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and the Karolinska Sleep Questionnaire (KSQ) (Nordin et al., 2013) was used only in the Stockholm cohort. 566 

The availability and modality of sleep measures differed across cohorts and are summarized in 567 

Supplementary Table 1. We retained both objective and self-reported measures when both were available, 568 

because they capture related but non-equivalent aspects of sleep. 569 

 Demographic variables: Age, sex, body mass index (BMI), and depressive scores were included, 570 

where available, as the demographic and clinical feature set used for prediction. Age was included 571 

because cognitive performance, sleep, and brain morphometry vary across adulthood. Sex was included 572 

because it is relevant to inter-individual differences in sleep, brain structure, and cognition. BMI was 573 

included because it is associated with sleep and overall health status, which may affect cognitive 574 

performance. Depressive scores were included because depressive symptoms are associated with both 575 

sleep and cognition. These variables were entered as predictors and were not regressed out from the 576 

input features or cognitive outcomes. Depressive symptoms were assessed with the Patient Health 577 

Questionnaire-9 (PHQ-9) in Greifswald, the Beck Depression Inventory-II (BDI-II) (Beck et al., 2011) in 578 

Liège, the Center for Epidemiologic Studies Depression Scale (CES-D) (Radloff, 1977) in Rotterdam and 579 

San Diego, and the Hospital Anxiety and Depression Scale (HADS) (Zigmond & Snaith, 1983) in 580 

Stockholm. PHQ-9 was converted to the Beck Depression Inventory-II (BDI-II) scale before analysis. 581 

HADS scores in Stockholm were transformed to the BDI-II scale using a piecewise mapping based on 582 

severity ranges, with HADS scores of 0–7 mapped to BDI-II 0–13, 8–10 to 14–19, 11–15 to 20–28, and 583 

16–21 to 29–63, followed by rounding to the nearest integer. CES-D scores were retained on their original 584 

scale. Depressive scores were not available in Pittsburgh or Jülich.  585 

Stroop test score: The Stroop test score was used as an executive function-related outcome. It 586 

was measured as reaction time, defined as the interference cost in seconds computed as the difference 587 

between the interference and neutral conditions in the Greifswald, Rotterdam, and Liège cohorts. In the 588 

San Diego cohort, the Stroop test score was indexed by the Stroop Interference Norm-Based T-Score 589 

(Golden et al., 1978), which reflects performance on the color-word interference condition. The Pittsburgh 590 

cohort did not provide a Stroop measure and contributed an executive function proxy using the 591 

Neuropsychological Assessment Battery (NAB) Mazes Test. To ensure consistency across cohorts, in 592 

which lower Stroop test scores indicate better cognitive performance, we inverted the San Diego and 593 

Pittsburgh scores by subtracting each score from the sum of the cohort-specific maximum and minimum. 594 

Although measurement protocols differed across cohorts, the scales of these Stroop test scores were 595 

comparable (Supplementary Figure 1), and models were therefore trained in the Greifswald cohort and 596 

evaluated on other independent cohorts to assess the generalizability of ML models. 597 

Memory test score: The memory test score was used as an accuracy-based memory outcome. 598 

It reflected accuracy for n-back working memory tasks in the Liège, Stockholm, and Jülich cohorts. In the 599 

Liège cohort, working memory performance was measured using the n-back paradigm with three load 600 

conditions: 1-, 2-, and 3-back. To unify this measure with accuracy-based memory scores from other 601 

cohorts, we computed one memory test score per participant by taking the mean accuracy across the 602 

three n-back loads. In the Jülich cohort, working memory was assessed with letter and spatial versions of 603 

an n-back task in which participants indicated whether the current stimulus matched the one presented N 604 

trials earlier. For each load level (1-, 2-, and 3-back), performance was summarized by the sensitivity (A’) 605 

based on hits, false alarms, and omissions (Hennecke et al., 2021). We derived a single working memory 606 

score by averaging A’ across the available n-back loads, including both letter and spatial versions. 607 

In Stockholm, a spatial n-back paradigm was used, implemented in the WakeApp web app 608 

(Holding et al., 2021). Participants were presented with a grid in which squares light up in sequence, and 609 

the task was to remember the sequence. After each sequence, one square lit up with a number to ask 610 

whether that square was in the position indicated by the number in the sequence, and the participant 611 

responded yes or no. The test included 6 6-long sequences and 6 2-long sequences.  612 
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In the Greifswald cohort, memory was assessed using the Nuremberg Age Inventory (NAI) word 613 

list (Oswald & Fleischmann, 1999), a German verbal learning and memory test that presents eight words 614 

and requires immediate and delayed recall in the presence of distractor words. Immediate recall was 615 

scored as the number of correctly recalled target words, and delayed recognition was scored as the 616 

number of correctly recognized target words minus the number of falsely endorsed distractor words, with 617 

a maximum of eight points for each condition. In the present study, we derived a memory accuracy score 618 

by dividing the immediate and delayed sum scores by their maximum possible value and averaging the 619 

two scaled scores. 620 

In the San Diego cohort, memory performance was assessed using the Wechsler Memory Scale–621 

Third Edition (WMS-III) Digit Span Forward, Digit Span Backward, and Letter-Number Sequencing 622 

(Wechsler, 1997). For Digit Span, we summed the forward and backward raw scores and divided the sum 623 

by the maximum possible score of 30 to obtain a digit span accuracy proportion. For Letter Number 624 

Sequencing, we divided the total raw score by the maximum possible score of 21 to obtain a sequencing 625 

accuracy proportion. 626 

The Pittsburgh cohort contributed memory measures from the WMS-III Spatial Span and Letter-627 

Number Sequencing. Spatial Span Forward and Backward raw scores were combined into a total score 628 

between 0 and 32. Letter-Number Sequencing yielded a total raw score ranging from 0 to 21. To place 629 

these measures on a common accuracy scale, we transformed each raw score into a percentage score 630 

by dividing the Spatial Span total by its maximum of 32 and the Letter-Number Sequencing total by its 631 

maximum of 21. 632 

APOE-ε4 carriership: APOE-ε4 carriership: APOE-ε4 carrier status was summarized where 633 

available and used in sensitivity analyses to explore whether genetic risk information improved the 634 

prediction of Stroop and memory test scores beyond the main feature sets. In San Diego data, APOE 635 

genotype was determined using PCR and HhaI restriction digest methods. In Greifswald, Rotterdam, Liège, 636 

and Stockholm, the APOE genotype was determined from imputed rs429358 and rs7412 variants. APOE-637 

ε4 carriership by cohort is reported in Supplementary Table 1. 638 

 639 

Image acquisition and processing 640 

Each cohort collected T1-weighted structural MRI at participating sites. Images were processed in each 641 

cohort by the standard ENIGMA workflow with FreeSurfer (https://github.com/ENIGMA-git/). Cohort-642 

specific image acquisition parameters and FreeSurfer version are included in the Supplementary Table 2. 643 

For each participant, parcel-based cortical thickness and surface area were calculated using the Schaefer 644 

atlas (400 regions and 7 networks) (Schaefer et al., 2018). Parcel-based subcortical volumes were 645 

calculated using the ASEG atlas, yielding 36 volumetric regions, including bilateral lateral ventricles, 646 

inferior lateral ventricles, cerebellar white matter, cerebellar cortex, thalamus, caudate, putamen, pallidum, 647 

hippocampus, amygdala, nucleus accumbens, ventral diencephalon, and vessels, as well as the third, 648 

fourth, and fifth ventricles, cerebrospinal fluid, brainstem, and five corpus callosum segments (Fischl et al., 649 

2002). 650 

 651 

Feature integration and quality control 652 

For each cohort, demographic information, sleep measurements, and parcel-based brain morphometry 653 

features were combined into a tabular dataset with one row per participant. Participants with missing 654 

phenotypic or imaging features were excluded. To detect potential image-processing failures and extreme 655 

multivariate outliers, we applied Isolation Forest (Liu et al., 2008) implemented by Scikit-learn (Pedregosa 656 

et al., 2011) within each cohort. The Isolation Forest was fitted on all features and assigned each 657 

participant an inlier (+1) or outlier (−1) label, and participants classified as outliers were excluded. This 658 

procedure was used only to detect and exclude participants, and did not modify feature values, use 659 
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outcome information, or create any derived dataset for subsequent analysis. This step was treated as 660 

cohort-level quality control before model training rather than as a cross-validation preprocessing 661 

transformation. It was performed without using Stroop or memory test scores, and the resulting outlier 662 

labels were not estimated from, or optimized against, prediction performance. 663 

We did not apply cross-site data harmonization in this study because standard harmonization methods 664 

such as ComBat (Johnson et al., 2007) and ComBat-GAM (Pomponio et al., 2020) can introduce data 665 

leakage in ML pipelines when they are fitted across combined training and test data or across cohorts 666 

before cross-validation (Nieto et al., 2026). In addition, previous work has suggested that appropriately 667 

trained ML models can mitigate site and demographic-related bias in performance without explicit 668 

harmonization (Wang et al., 2023). 669 

 670 

Machine learning models 671 

To comprehensively characterize the link between sleep, demographics, brain morphometry, and 672 

cognitive performance, and to assess both linear and nonlinear relationships, we benchmarked a panel of 673 

seven supervised learning algorithms. These ranged from simple linear models, which are linear 674 

regression, ridge regression, and SVM with linear kernel, to nonlinear kernel and tree-based ensembles, 675 

which are SVM with rbf kernel, random forest, and XGBoost, and an automated ML framework i.e., 676 

AutoGluon. AutoGluon, as an automated tabular learning framework, can infer feature types, handle 677 

common preprocessing steps such as missing data and feature rescaling, and train a diverse set of base 678 

learners that are combined through bagging, stacking, and a greedy weighted ensemble. This spectrum 679 

of models also allowed us to evaluate whether associations between sleep, brain morphometry, and 680 

cognition were better captured by models that can represent nonlinear relations (Li et al., 2022) and 681 

whether these associations were robust across different algorithm choices. 682 

 683 

Model training and internal evaluation 684 

Model training took place in the Greifswald cohort, which had the largest sample size, covered the age 685 

range of the other cohorts, and included both Stroop and memory test scores. Prior to model training, 686 

parcel-based morphometric features were ratio-adjusted for brain size to mitigate global scaling effects 687 

(Nicolaisen-Sobesky et al., 2022). Depressive scores were entered as model predictors within the 688 

demographics and were not used for residualizing either predictors or cognitive outcomes. Specifically, 689 

cortical thickness, surface area, and subcortical volume were normalized by overall cortical thickness, total 690 

surface area, and total intracranial volume (TIV) at the individual participant level. To ensure 691 

generalizability and obtain test scores from the Greifswald cohort, we employed a 5-fold, 10-repeat nested 692 

cross-validation (CV), yielding 50 outer train-test splits for model evaluation. To maintain distributional 693 

consistency across folds, data splitting was stratified based on a demographic label generated by binning 694 

age into tertiles (based on the Greifswald cohort quantiles) and interacting these age bins with sex. 695 

For linear regression, ridge regression, SVM with linear kernel, SVM with rbf kernel, random forest, 696 

and XGBoost models, feature preprocessing and hyperparameter tuning were conducted within the 697 

training data of each outer split. For each outer split, continuous variables in the training data were 698 

standardized with z-scores. The fitted transformers were then applied to the corresponding test data for 699 

that split. Within each outer training set, hyperparameters for linear regression, ridge regression, SVM with 700 

linear and rbf kernels, and random forest were tuned by grid search using 5-fold inner CV with coefficient 701 

of determination (R2) as the optimization metric, implemented with Julearn (Hamdan et al., 2024) and 702 

Scikit-learn (Pedregosa et al., 2011). For XGBoost, Optuna optimized hyperparameters using 5-fold inner 703 

CV with R2 as the optimization metric (Akiba et al., 2019). The best hyperparameters from each outer split 704 

were used to refit the model on that split’s full training data, and performance was then evaluated on that 705 

split’s test data. 706 
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For AutoGluon models, in each outer split, models were trained on the original feature values in the 707 

training data, since AutoGluon includes internal logic for preprocessing operations such as missing value 708 

imputation and one-hot encoding. We used AutoGluon’s TabularPredictor in regression mode with R2 as 709 

the optimization metric and the best-quality preset, which trains a diverse stack ensemble of bagged 710 

models and automatically configures hyperparameters, stacking and bagging based on dataset properties 711 

(Erickson et al., 2020). In each outer split, the single best-performing model obtained from the training 712 

procedure was refitted on the training data and evaluated on that split’s test data. 713 

We summarized performance across outer splits by averaging each test metric from each split to 714 

obtain model performance in the Greifswald cohort. Spearman correlation between observed and 715 

predicted scores was the primary performance metric because it evaluates whether participants with 716 

higher observed cognitive performance also tended to receive higher predicted scores, is less sensitive to 717 

extreme values than Pearson correlation, and is less dependent on absolute score scaling across different 718 

cognitive tests. We additionally reported rooted mean squared error (RMSE), mean absolute error (MAE), 719 

R2, and Pearson correlation. Linear regression, ridge regression, SVM with linear and rbf kernel, random 720 

forest, and XGBoost were then refitted with the best performing hyperparameters on the full Greifswald 721 

dataset for out-of-cohort validation. AutoGluon models were retrained on the whole Greifswald cohort 722 

using the same configuration as in nested CV for out-of-cohort validation. 723 

 724 

Model comparison on the Greifswald cohort 725 

To evaluate the contribution of different feature sets to prediction, we trained models for each ML algorithm 726 

on the Stroop test score and the memory test score using multiple input feature sets, which comprised 727 

sleep measurements only, demographics only, sleep with demographics, parcel-based brain morphometry 728 

only, and sleep plus demographics with brain. In addition, as negative control models, we trained models 729 

in which sleep measurements were randomly shuffled while demographics and brain morphometry 730 

features were left intact, and models in which brain morphometry features were randomly shuffled while 731 

sleep and demographics were left intact. These negative control models were used to assess whether 732 

sleep or brain features added information beyond demographics. 733 

Statistical comparisons of model performance were carried out within the Greifswald cohort to 734 

compare feature sets within each algorithm and to compare algorithms within each feature set. 735 

Comparisons were based on model performance on the outer split and used the Nadeau–Bengio 736 

corrected resampled paired t-test on nested cross-validation scores with Bonferroni adjustment for all 737 

pairwise contrasts with threshold (Nadeau & Bengio, 1999). As all algorithms used the same outer fold 738 

splits, these pairwise comparisons were comparable. Statistical comparisons were implemented with 739 

Julearn (Hamdan et al., 2024). 740 

 741 

Out-of-cohort validation in independent cohorts 742 

For out-of-cohort validation, models were trained in the Greifswald cohort and then applied separately to 743 

the Rotterdam, San Diego, Liège, and Pittsburgh cohorts for Stroop test score prediction, and to the San 744 

Diego, Liège, Stockholm, Pittsburgh, and Jülich cohorts for memory test score prediction. Consistent with 745 

model training and evaluation in the Greifswald cohort, cortical thickness, cortical surface area, and 746 

subcortical volumes were normalized by overall cortical thickness, total cortical surface area, and total 747 

intracranial volume at the individual participant level in each validation cohort. Based on the algorithm 748 

comparison in the Greifswald cohort, we focused on out-of-cohort validation on XGBoost and AutoGluon, 749 

which showed robust and stable performance across feature sets. For XGBoost, the z-score 750 

preprocessing parameters estimated from the full Greifswald dataset were applied to the corresponding 751 

features in each validation cohort. For each feature set, the final model refitted in the Greifswald cohort 752 

was then applied to each validation cohort. AutoGluon models retrained in the Greifswald cohort for each 753 
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feature set were applied directly to the validation cohorts. Spearman correlation between observed and 754 

predicted scores was the primary performance metric, and we additionally reported RMSE, MAE, R2, and 755 

Pearson correlation. For both Spearman and Pearson correlation, we computed two-sided p-values to 756 

assess whether predictions were significant. 757 

 758 

Model explanation 759 

The contribution of different feature sets to prediction was assessed by model comparison, whereas the 760 

contribution of individual features within a model was quantified with SHAP values. SHAP values were 761 

computed with the SHAP toolbox (Lundberg & Lee, 2017). Model explanations focused on AutoGluon, 762 

which showed stable and comparatively strong predictions across feature sets. For each prediction target 763 

and feature set, we used the AutoGluon model retrained on the full Greifswald cohort and applied the 764 

SHAP PartitionExplainer, which better handles correlations among features, particularly for parcel-based 765 

brain features, using the full Greifswald dataset as background data to derive SHAP values for all 766 

participants in Greifswald. The same explainer was then applied to out-of-validation cohorts by passing 767 

the corresponding cohort data as new input while keeping the background data and AutoGluon model 768 

fixed. 769 

AutoGluon models trained with all feature sets were explained in the Greifswald cohort. For reporting, 770 

we focused on two feature sets. First, sleep with demographics, which addresses how sleep measures 771 

and demographics contribute to prediction without imaging features. Second, all features, including sleep, 772 

demographics, and brain morphometry, show individual feature contributions when all features are 773 

available. Out-of-cohort SHAP analyses were restricted to cohorts in which the AutoGluon model achieved 774 

statistically significant out-of-cohort validation performance, defined as a significant Spearman correlation 775 

between observed and predicted scores (two-sided P < 0.05). We therefore report model explanations for 776 

the San Diego and Liège cohorts in Stroop prediction and for the Stockholm cohort in memory prediction 777 

to avoid overinterpreting feature attributions in cohorts with low prediction performance. 778 

Global feature importance was summarized as the mean absolute SHAP value per feature and 779 

visualized with bar plots. Local feature attributions were represented by the distribution of SHAP values 780 

across participants and visualized with beeswarm plots. For Stroop test score prediction, higher SHAP 781 

values indicate that a feature contribution pushes the model towards larger predicted Stroop test scores, 782 

corresponding to worse executive performance. For memory test score prediction, higher SHAP values 783 

indicate that a feature contribution pushes the model towards larger predicted memory scores, 784 

corresponding to better memory performance. 785 

 786 

Feature interaction analysis based on model explanation 787 

SHAP dependence plots were used to qualitatively visualize how feature values are related to their 788 

contributions to model predictions and to suggest potential feature interactions. Because conventional 789 

SHAP values assign prediction deviations to individual features and may distribute interaction effects 790 

across single-feature attributions, they do not directly quantify pairwise interactions. To quantify pairwise 791 

interaction effects beyond the marginal feature attributions provided by SHAP, we used the Shapley 792 

Interaction Quantification (SHAP-IQ) toolbox (Muschalik et al., 2024). Similar to the SHAP analysis, we 793 

applied the SHAP-IQ TabularExplainer to the AutoGluon models retrained on the full Greifswald cohort, 794 

using the full Greifswald dataset as background data, and derived SHAP values and pairwise interaction 795 

values for all participants in Greifswald. The same explainer was then applied to out-of-validation cohorts 796 

by passing the corresponding cohort data as new input while keeping the background data and model 797 

fixed. Out-of-cohort SHAP-IQ analyses were restricted to cohorts in which the AutoGluon model achieved 798 

satisfactory external validation performance, which are the San Diego and Liège cohorts for Stroop 799 
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prediction and the Stockholm cohort for memory prediction. The construction and interpretation of 800 

interaction networks based on these quantities is described in the subgroup analysis section. 801 

Feature interactions analysis, derived from model explanations focused on sleep, with the 802 

demographic feature set. We restricted detailed interaction analyses to sleep with demographics, as this 803 

feature set directly targeted how sleep metrics interact with demographic factors in predicting cognitive 804 

performance and remained sufficiently low-dimensional for stable and interpretable interaction estimates. 805 

Including parcel-based brain morphometry features would have created a very high-dimensional 806 

interaction space with many weak, correlated effects. 807 

 808 

SHAP-based subgroup analysis 809 

To quantitatively characterize potential feature interactions that differed across participant groups, as 810 

suggested by the SHAP dependency plots, we clustered participant-level SHAP values to characterize 811 

potential feature interaction patterns that differed across subgroups. Subgroups were derived from SHAP 812 

values obtained from AutoGluon models trained on sleep and demographic features to predict Stroop and 813 

memory test scores in the Greifswald cohort. For each participant, we constructed an input vector 814 

consisting of SHAP values for all sleep and demographic features and used these SHAP vectors as the 815 

space for clustering. As different clustering algorithms impose different geometric and probabilistic 816 

assumptions on the data, we evaluated spectral clustering, k-means, and Gaussian mixture models. 817 

Algorithm choice and the number of clusters were guided by the gap statistic, silhouette score, Bayesian 818 

information criterion, and an elbow analysis of within-cluster sum of squares (Schubert, 2023), together 819 

with visual inspection of the resulting clustering structure. The final solution was selected as the 820 

combination of algorithm and cluster number that yielded clearly separated and interpretable subgroups. 821 

Uniform Manifold Approximation and Projection (UMAP) was used to embed the SHAP vectors into two 822 

dimensions for visualization (McInnes et al., 2020). Clustering algorithms and cluster validity metrics were 823 

implemented with scikit-learn, and UMAP was implemented with the Python UMAP package. 824 

Each subgroup’s model explanations were visualized using SHAP beeswarm plots and SHAP-IQ 825 

interaction networks. The beeswarm plots reveal which features dominate the predictions within a 826 

subgroup and how the directions and magnitudes of their effects vary across individuals, whereas the 827 

SHAP-IQ interaction networks expose subgroup-specific patterns of interacting features. For each 828 

subgroup’s SHAP-IQ interaction network, we aggregated individual SHAP-IQ interaction values by 829 

averaging all participants in that cluster to obtain a subgroup-level interaction pattern. 830 

To obtain human-readable cluster descriptions, we used SkopeRules (Goix et al., 2020) to learn 831 

decision rules that predicted SHAP-derived cluster labels from the original AutoGluon training features. 832 

We trained SkopeRules in the original feature space rather than on SHAP values because the raw 833 

variables are directly interpretable and consistently defined across cohorts. To transfer subgroup 834 

assignments to out-of-validation cohorts, the rules learned in the Greifswald cohort were applied directly 835 

as feature conditions. Participants were assigned to a subgroup when exactly one rule was satisfied and 836 

were left unassigned when no rule or more than one rule matched. For each subgroup in the out-of-837 

validation cohorts, model explanations were also visualized using SHAP beeswarm plots and SHAP-IQ 838 

interaction networks. 839 

 840 

Sensitivity analyses 841 

Given its established relevance to cognitive performance and dementia, we conducted a sensitivity 842 

analysis to assess whether adding APOE-ε4 status improved prediction of Stroop and memory test scores 843 

from the other features. APOE-ε4 carrier status was available for a subset of participants (N = 785) in the 844 

Greifswald cohort. Within this cohort, we repeated the AutoGluon training and evaluation for Stroop and 845 

memory test score prediction using the same 5-fold 10-repeat nested CV design and evaluation metrics 846 
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as in the main AutoGluon models. Because APOE-ε4 did not improve cross-validated prediction within the 847 

Greifswald subset, APOE-based models were not advanced to out-of-cohort validation. 848 

For both Stroop and memory test score prediction, we considered three feature configurations based 849 

on the main AutoGluon models, that is, sleep-only, sleep plus demographic, and all features. For each 850 

configuration, we trained two additional variants of the AutoGluon model: one model including APOE-ε4 851 

as an additional feature and another negative control model, including a randomly shuffled APOE-ε4 852 

feature. As in the main analyses, performance of the APOE-ε4 models was summarized by the same set 853 

of metrics, with Spearman correlation as the primary metric and MSE, MAE, R2, and Pearson correlation 854 

also reported, averaged across outer test folds. To quantify the incremental predictive value of APOE-ε4, 855 

we compared model performance between models with and without APOE-ε4 and between models with 856 

observed and permuted APOE-ε4 status using Nadeau–Bengio corrected resampled paired t-tests with 857 

Bonferroni adjustment for all pairwise contrasts. 858 

 859 

Ethics & Inclusion statement 860 

This study was conducted within the ENIGMA-Sleep collaborative framework using de-identified data 861 

contributed by participating cohorts. Each local site had received institutional ethical approval from the 862 

relevant review board or ethics committee before data collection, and the present analysis of de-identified 863 

cohort data was conducted in accordance with the applicable cohort-specific approvals, consent 864 

procedures, and data-use agreements. Local cohort investigators were involved in data governance, data 865 

curation, interpretation of cohort-specific information, manuscript revision, and authorship where they met 866 

authorship criteria. Roles and responsibilities for data access, analysis, and manuscript preparation were 867 

discussed among collaborators before and during the study. The study did not involve new participant 868 

recruitment, transfer of biological materials, or procedures expected to cause stigmatization, incrimination, 869 

discrimination, or additional personal risk to participants beyond the risks associated with the analysis of 870 

de-identified health and neuroimaging data. 871 

 872 

Data availability 873 

The data used in this study were collected independently at participating sites and analyzed following the 874 

standardized ENIGMA protocols. Due to participant privacy considerations, ethical restrictions, and site-875 

level data-sharing agreements, individual-level data cannot be made publicly available. Data requests will 876 

be reviewed by the respective site and must comply with local ethics approvals and data-use agreements. 877 

For the Greifswald SHIP-Trend cohort, data access applications should be submitted through the SHIP 878 

transfer portal at https://transfer.ship-med.uni-greifswald.de/FAIRequest/?lang=en and will be reviewed 879 

by the SHIP committee. For the San Diego cohort, instructions for data access requests are available on 880 

the Vietnam Era Twin Study of Aging (VETSA) website at https://psychiatry.ucsd.edu/research/programs-881 

centers/vetsa/researchers.html. De-identified VETSA Wave 1, 2, and 3 data are publicly available through 882 

the National Archive of Computerized Data on Aging at 883 

https://www.icpsr.umich.edu/web/ICPSR/studies/38836. For the Stockholm cohort, anonymized data are 884 

available at https://openneuro.org/datasets/ds000201. 885 

 886 

Code availability 887 

This study was preregistered on the Open Science Framework (OSF, https://osf.io/nhbkq/). All analysis 888 

tools are open-source in this study based on Python 3.10.18 using NumPy 2.1.3, pandas 2.3.3, SciPy 889 

1.15.3, scikit-learn 1.7.2, XGBoost 3.0.5, AutoGluon 1.2.0, SHAP 0.49.1, SHAP-IQ 1.3.1, Skope-Rules 890 

1.0.1, and UMAP-learn 0.5.7. Brain visualizations were generated based on Python 3.11.14 with NumPy 891 

1.26.4, nilearn 0.12.1, nibabel 5.3.2, neuromaps 0.0.5, brainspace 0.1.20, and surfplot 0.2.0. All scripts 892 

https://osf.io/nhbkq/
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for analyses in this study and Python environment specifications are provided in the GitHub repository 893 

(https://github.com/harveybi/ENIGMA-Sleep-Cognitive-Performance). 894 
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