
Task-evoked multimodal wearable sensing for
community-based cognitive impairment
assessment
Chengyu Liu 

State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,
Southeast University https://orcid.org/0000-0003-1965-3020
Minghui Zhao 

State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,
Southeast University https://orcid.org/0009-0002-4585-7107
Lulu Zhao 

State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,
Southeast University
Haiyan Yin 

School of Nursing, Nanjing University of Chinese Medicine
Yulei Song 

School of Nursing, Nanjing University of Chinese Medicine
Xinru Qi 

School of Nursing, Nanjing University of Chinese Medicine
Wentao Xiang 

Engineering Research Center of Intelligent Theranostics Technology and Instruments, Ministry of
Education, School of Biomedical Engineering and Informatics, Nanjing Medical University
Chenxi Yang 

State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,
Southeast University
Yi Zhu 

Department of Rehabilitation Medicine and Department of Radiology, The First Affiliated Hospital of
Nanjing Medical University
Yu Liu 

University of Oxford https://orcid.org/0000-0002-2399-2829
Hongxiang Gao 

State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,
Southeast University

https://doi.org/10.21203/rs.3.rs-8946251/v1
https://doi.org/10.21203/rs.3.rs-8946251/v1
https://orcid.org/0000-0003-1965-3020
https://orcid.org/0009-0002-4585-7107
https://orcid.org/0000-0002-2399-2829


Jianpeng Gu 
School of Nursing, Nanjing University of Chinese Medicine

Yifan Fei 
State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,

Southeast University
Jiexin Zhang 

State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,
Southeast University
Lukai Pang 

State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,
Southeast University
Hanbo Li 

Department of Rehabilitation Medicine and Department of Radiology, The First Affiliated Hospital of
Nanjing Medical University
Shui Tian 

Department of Rehabilitation Medicine and Department of Radiology, The First Affiliated Hospital of
Nanjing Medical University
Yantao Xing 

State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,
Southeast University
Heyang Xu 

State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,
Southeast University
Jianqing Li 

State Key Laboratory of Digital Medical Engineering, School of Instrument Science and Engineering,
Southeast University
Yamei Bai 

School of Nursing, Nanjing University of Chinese Medicine
Tingting Zhu 

University of Oxford https://orcid.org/0000-0002-1552-5630

Article

Keywords: Cognitive impairment assessment, Multimodal sensing system, Physiological and behavioral
signals, Multidimensional cognitive functions, Cognitive tasks

Posted Date: August 11th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-8946251/v1

https://orcid.org/0000-0002-1552-5630
https://doi.org/10.21203/rs.3.rs-8946251/v1


License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: There is NO Competing Interest.

https://creativecommons.org/licenses/by/4.0/


Task-evoked multimodal wearable sensing for community-based1

cognitive impairment assessment2

Minghui Zhao1†, Lulu Zhao1†, Haiyan Yin2†, Yulei Song2†, Xinru Qi2,3

Wentao Xiang3, Chenxi Yang1, Yi Zhu4, Yu Liu5, Hongxiang Gao1, Jianpeng Gu2,4

Yifan Fei1, Jiexin Zhang1, Lukai Pang1, Hanbo Li4, Shui Tian4, Yantao Xing1,5

Heyang Xu1, Jianqing Li1*, Yamei Bai2*, Tingting Zhu5*, Chengyu Liu1*6

1*State Key Laboratory of Digital Medical Engineering, School of Instrument Science and7
Engineering, Southeast University, Nanjing, 210096, China.8

2School of Nursing, Nanjing University of Chinese Medicine, Nanjing, 210023, China.9
3Engineering Research Center of Intelligent Theranostics Technology and Instruments, Ministry10
of Education, School of Biomedical Engineering and Informatics, Nanjing Medical University,11

Nanjing, 211166, China.12
4Department of Rehabilitation Medicine and Department of Radiology, The First Affiliated13

Hospital of Nanjing Medical University, Nanjing, 210029, China.14
5Department of Engineering Science, University of Oxford, Oxford, OX3 7DQ, UK.15

*Corresponding author(s). E-mail(s): ljq@seu.edu.cn; czbym@njucm.edu.cn;16
tingting.zhu@eng.ox.ac.uk; chengyu@seu.edu.cn;17

Contributing authors: zmh56@seu.edu.cn; zhaolulu@seu.edu.cn; 370551@njucm.edu.cn;18
songyulei@njucm.edu.cn; 20221081@njucm.edu.cn; xiangbmu@njmu.edu.cn;19

chenxiyang@seu.edu.cn; ZhuYi1981@njmu.edu.cn; yu.liu@eng.ox.ac.uk;20
hongxiang_seu@seu.edu.cn; 20230980@njucm.edu.cn; 220243742@seu.edu.cn;21

220243743@seu.edu.cn; 230239011@seu.edu.cn; lihanbo@stu.njmu.edu.cn;22
shuitian1590@njmu.edu.cn; xingyt@seu.edu.cn; xuhy@seu.edu.cn;23

†These authors contributed equally to this work.24

Abstract25

With global population aging, cognitive impairment has become a major public health challenge. Current26
assessment approaches provide important information on cognitive function and disease-related pathology,27
but offer limited characterization of task-evoked physiological and behavioral responses associated with28
cognitive impairment. Here, we investigated task-evoked physiological and behavioral responses using a29
wearable sensing system that synchronously records electroencephalography, electrocardiography, speech,30
and video signals during structured cognitive tasks. A total of 1,385 community-dwelling adults aged 60 years31
or older were recruited from five administrative districts in Nanjing, China, and divided into an internal32
development cohort (n=831) and an external validation cohort (n=554). The system distinguished normal33
cognition from cognitive impairment, with areas under the receiver operating characteristic curve of 0.93 and34
0.90 in the internal and external cohorts, respectively. These findings demonstrate the utility of wearable35
multimodal signals for accurate assessment of cognitive impairment. Importantly, different cognitive tasks36
elicit distinct physiological-behavioral features that contribute to cognitive impairment assessment and reflect37
distinct, complementary cognitive functions. These findings suggest that task-evoked wearable multimodal38
signals can provide process-level functional phenotyping information for cognitive impairment assessment,39
complementing conventional cognitive assessment.40

Keywords: Cognitive impairment assessment; Multimodal sensing system; Physiological and behavioral signals;41
Multidimensional cognitive functions; Cognitive tasks42
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1 Introduction43

As the global population ages rapidly, cognitive impairment has become a major public health44
challenge [1]. Cognitive impairment, ranging from mild cognitive impairment to dementia, is often char-45
acterized by multidomain functional abnormalities and neuropsychiatric symptoms [2, 3]. Currently,46
more than 57 million people worldwide are living with dementia, with over 60% residing in low- and47
middle-income countries, and nearly 10 million new cases diagnosed each year [1]. By 2050, the global48
number of dementia cases is projected to reach 152 million [4], highlighting the growing burden of49
cognitive impairment on individuals, families, and healthcare systems worldwide [5].50

In the mild cognitive impairment stage, clinical manifestations are often subtle and easily attributed51
to normal aging, making timely identification challenging in community and routine clinical settings [6].52
This highlights the need for multidimensional functional phenotyping beyond single categorical judg-53
ments [5]. Cognitive impairment may involve heterogeneous abnormalities across memory, language,54
attention, visuospatial/executive ability, and orientation [7, 8], with manifestations influenced by mental55
health, aging-related physiological changes, education, and daily functioning [9, 10]. Such character-56
ization can support clinical interpretation and intervention planning [11]. However, how cognitive57
impairment is reflected in physiological and behavioral responses during cognitive task performance58
remains insufficiently characterized.59

Existing assessment approaches provide important information on cognitive function and disease-60
related pathology [12, 13]. Neuropsychological testing remains the standard for evaluating cognitive61
functions [14, 15], but scale scores provide limited characterization of the physiological and behavioral62
processes underlying task performance. Neuroimaging and cerebrospinal fluid biomarkers characterize63
brain structure, function, and molecular pathology [16, 17]. Blood-based biomarkers are advancing for64
Alzheimer’s disease-related amyloid and tau pathology [18, 19], while genetic testing may inform disease65
susceptibility in specific contexts [20]. Objective functional phenotyping based on task-evoked physio-66
logical and behavioral responses may therefore provide additional information for cognitive impairment67
assessment.68

Multimodal sensing [21, 22] provides a non-invasive framework for characterizing task-evoked phys-69
iological and behavioral responses by synchronously capturing signals such as electroencephalography70
(EEG), electrocardiography (ECG), speech, and video [23, 24]. These modalities can reflect different71
aspects of cognitive performance. EEG-based features provide information on task-related neural activ-72
ity and spectral changes [25, 26]; ECG-based features, particularly heart rate variability, may reflect73
autonomic regulation during cognitive load [27, 28]; speech-based acoustic and semantic features can74
characterize language production and cognitive organization [29, 30]; and video-based behavioral fea-75
tures may capture facial expression, attention, and task-related observable responses [31, 32]. Integrating76
these modalities may therefore provide a more comprehensive description of how neural activity, auto-77
nomic regulation, language production, and observable behavior jointly vary with cognitive function78
and cognitive impairment status.79

Existing digital biomarker studies have examined cognitive impairment using different sensing80
modalities, including actigraphy [33], speech [34, 35], GPS-based mobility or driving behavior [36], wear-81
able EEG [25], and ECG-derived heart rate variability [37]. Multimodal passive sensing systems have82
further integrated ambient and wearable sensors with federated learning to monitor digital biomark-83
ers in naturalistic living environments [38]. These studies indicate that physiological and behavioral84
signals can capture cognitive-related information. However, prior work has mainly focused on isolated85
modalities, passive monitoring, or naturalistic settings, with limited characterization of coordinated86
multimodal responses during structured cognitive task execution. The present study therefore investi-87
gates task-evoked physiological and behavioral responses and evaluates their associations with cognitive88
function and cognitive impairment status.89

To address this gap, we developed a wearable multimodal sensing system to investigate task-evoked90
physiological and behavioral responses during structured tasks targeting seven core cognitive func-91
tions [39]. Using a prospective clinical cohort, we examined whether these multimodal responses are92
associated with cognitive function and cognitive impairment status. We further evaluated the contri-93
bution of different tasks and modalities, and mapped multimodal signal patterns to specific cognitive94
functions. This framework provides objective, process-level functional phenotyping information that95
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complements neuropsychological testing and pathological biomarkers by characterizing how cognitive96
impairment is reflected in task-evoked physiological and behavioral responses.97

2 Results98

Fig. 1 Multimodal sensing system based on wearable devices for cognitive impairment assessment. a, The multimodal
system integrates a prefrontal EEG headband, wearable ECG patch, microphone, and camera to collect synchronized physiological
and behavioral signals. The experimental protocol consists of a resting-state period (T0) followed by a series of active cognitive
tasks (T1–T10). These tasks are designed to evaluate specific cognitive functions, including visuospatial/executive (VE), naming,
attention, language, abstraction, delayed recall (DR), and orientation. b, The proposed model employs a dynamic task adapter with
learning guided by cognitive functions for cognitive impairment assessment. It integrates task-evoked physiological and behavioral
signals (EEG, ECG, speech, and video) with task performance metrics (scores and completion time) and demographic information.
c, Construction of internal development and external validation cohorts via multi-district data collection. d, Comparative assessment
of cognitive impairment in the internal development cohort. Base-1, Base-2, ECSV, and ALL denote different feature sets: Base-1
represents baseline results from demographic information; Base-2 represents baseline results from task performance; ECSV integrates
EEG, ECG, speech, and video features; ALL combines all modalities. e, Generalization capability in the external validation cohort
illustrated by Receiver Operating Characteristic (ROC) and Precision-Recall (PR) curves.

We developed a wearable sensing system that synchronously captures multimodal signals during99
structured cognitive tasks (T0–T10) in Fig. 1a. The system records EEG, ECG, speech, and video signals100
to characterize physiological and behavioral responses evoked by cognitive tasks (Supplementary Fig. 1).101
We then summarized these signals into task-related features and used a dynamic task adapter model to102
estimate seven cognitive dimensions, supporting an interpretable assessment of cognitive impairment103
(Fig. 1b and Supplementary Fig. 2). We validated this system in a prospective clinical cohort of 1,385104
community-dwelling older adults in Nanjing, which was stratified into an internal development cohort105
recruited from three districts (Qixia, Yuhuatai, and Pukou) and a geographically independent external106
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validation cohort from distinct districts (Gulou and Jiangning) in Fig. 1c. This cohort design allowed107
us to examine task-related signal patterns in the development cohort and to test the generalizability of108
the assessment system in an independent external cohort (Fig. 1d,e and Supplementary Fig. 6).109

2.1 Cohort description and statistical summary110

Table 1 Demographic and clinical characteristics of the study participants

Total (n=1,385) NC (n=540)
Cognitive Impairment (n=845)

MCI (n=777) DE (n=68)

Internal development cohort

Participants, n 831 324 464 43

Sex (female, male, %) (68.7, 31.3) (71.6, 28.4) (69.2, 30.8) (41.9, 58.1)

Age 71.53±7.51 70.11±7.22 71.50±6.75 82.53±8.44

Education 8.12±3.67 8.63±3.82 7.61±3.42 9.90±4.14

MoCA 21.00±4.88 24.97±2.54 18.98±3.69 12.71±6.05

VE 2.35±1.32 3.15±1.23 1.93±1.06 0.88±1.04

Naming 2.50±0.78 2.84±0.43 2.33±0.82 1.90±1.27

Attention 5.01±1.21 5.65±0.64 4.73±1.20 3.19±1.69

Language 2.10±0.86 2.56±0.65 1.84±0.83 1.43±0.94

Abstract 1.01±0.72 1.35±0.64 0.79±0.69 0.74±0.73

DR 2.42±1.59 3.57±1.11 1.76±1.39 0.83±1.19

Orientation 5.57±0.99 5.85±0.43 5.60±0.81 3.19±2.07

MMSE 25.28±3.83 27.63±1.90 24.29±3.34 17.91±5.88

SCD-Q9 4.42±2.11 4.18±1.98 4.45±2.15 5.95±2.09

HAMA 4.22±3.20 3.29±3.04 4.76±3.18 5.36±2.99

GDS 0.90±1.47 0.69±1.28 1.05±1.54 0.98±1.88

HIS 2.22±1.13 2.17±1.02 2.30±1.18 1.86±1.35

ADL 21.71±6.70 20.27±0.79 20.48±1.06 46.33±15.35

FRAIL 0.42±0.76 0.28±0.57 0.35±0.67 2.14±0.89

External validation cohort

Participants, n 554 216 313 25

Sex (female, male, %) (65.9, 34.1) (63.9, 36.1) (68.1, 31.9) (56.0, 44.0)

Age 71.43±7.40 70.05±6.59 71.52±7.24 82.12±7.28

Education 7.83±3.65 8.38±3.70 7.46±3.42 7.60±5.19

MoCA 20.84±4.90 24.84±2.47 18.73±3.90 12.56±5.29

VE 2.31±1.31 2.96±1.22 1.97±1.16 0.88±1.05

Naming 2.54±0.72 2.82±0.42 2.39±0.78 1.84±1.03

Attention 4.95±1.23 5.59±0.65 4.62±1.30 3.60±1.41

Language 2.02±0.90 2.56±0.63 1.71±0.86 1.16±0.85

Abstract 0.99±0.74 1.36±0.63 0.79±0.70 0.36±0.64

DR 2.41±1.61 3.61±1.16 1.71±1.36 0.72±1.24

Orientation 5.61±0.94 5.93±0.30 5.55±0.88 3.68±2.21

MMSE 25.20±3.83 27.53±1.95 24.11±3.54 18.68±5.63

SCD-Q9 4.52±1.99 4.16±1.78 4.73±2.06 5.08±2.47

HAMA 4.33±3.46 2.87±2.66 5.13±3.48 6.92±4.57

GDS 0.94±1.63 0.55±1.08 1.14±1.78 1.76±2.68

HIS 2.19±1.08 1.97±0.95 2.33±1.12 2.20±1.26

ADL 21.35±4.89 20.31±0.90 20.56±1.28 40.24±11.56

FRAIL 0.39±0.78 0.19±0.52 0.36±0.69 2.40±0.96

NC, normal cognition; MCI, mild cognitive impairment; DE, dementia; MoCA, Montreal Cognitive Assessment; MMSE, Mini-
Mental State Examination; VE, visuospatial/executive; DR, delayed recall; SCD-Q9, Subjective Cognitive Decline Questionnaire-9;
HAMA, Hamilton Anxiety Rating Scale; GDS, Geriatric Depression Scale; HIS, Hachinski Ischemic Score; ADL, Activities of Daily
Living Scale; FRAIL, Frailty Assessment Scale. Education reflects years of formal schooling completed. Values are mean ± s.d.
unless otherwise specified.

A total of 1,608 community-dwelling older adults aged 60 years and above were recruited for the111
study. After applying predefined inclusion and exclusion criteria, 1,385 participants were included in112
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the final analysis. The cohort included 540 individuals with normal cognition (NC), 777 with mild cog-113
nitive impairment (MCI), and 68 with dementia (DE). Clinical cognitive status was adjudicated by114
neurologists based on comprehensive standard assessment criteria integrating cognitive and functional115
assessments [5], with the detailed grouping procedure provided in Supplementary Fig. 28. Based on geo-116
graphic location and time of collection, the cohort was divided into two parts: an internal development117
cohort (n = 831) and an independent external validation cohort (n = 554). The detailed participant118
inclusion flowchart is provided in Supplementary Fig. 6 and 27.119

Internal development cohort: Demographic characteristics and the distributions of cognitive,120
emotional, and functional assessments are presented in Table 1. With increasing cognitive impairment,121
participants were progressively older (NC: 70.11 ± 7.22 years; MCI: 71.50 ± 6.75 years; DE: 82.53 ±122
8.44 years). Years of education differed across groups (NC: 8.63 ± 3.82 years; MCI: 7.61 ± 3.42 years;123
DE: 9.90 ± 4.14 years), reflecting heterogeneity that may influence cognitive trajectories.124

Both the Montreal Cognitive Assessment (MoCA) [39] and Mini-Mental State Examination125
(MMSE) [40] scores differed across the three groups, with stepwise declines from NC to MCI and DE.126
The average MoCA score in the NC group was 24.97 ± 2.54, which was higher than in the MCI (18.98127
± 3.69) and DE groups (12.71 ± 6.05). Similarly, the MMSE scores were 27.63 ± 1.90 for NC, 24.29128
± 3.34 for MCI, and 17.91 ± 5.88 for DE. Scores across all seven cognitive functions, including visu-129
ospatial/executive, naming, attention, language, abstraction, delayed recall, and orientation, declined130
progressively, with the steepest decrease in the DE group. For subjective cognitive decline, Subjective131
Cognitive Decline Questionnaire-9 (SCD-Q9) scores were higher in the DE group (5.95 ± 2.09) than in132
the MCI (4.45 ± 2.15) and NC groups (4.18 ± 1.98), indicating more frequent self- or informant-reported133
cognitive concerns.134

Cognitive, emotional, and functional measures jointly reflect the multidimensional aspects of mental135
health in aging populations. Regarding emotional measures [5], the MCI and DE groups showed higher136
scores on both the Hamilton Anxiety Rating Scale (HAMA) and Geriatric Depression Scale (GDS)137
compared to the NC group, suggesting that anxiety and depressive symptoms are more common among138
individuals with cognitive impairment. Scores on the Activities of Daily Living (ADL) scale, where139
higher scores indicate greater impairment, were also significantly elevated in the DE group, reflecting140
reduced daily functioning. Frailty Assessment Scale (FRAIL) scores similarly showed a progressive141
increase with worsening cognitive status.142

External validation cohort: This cohort included 554 participants, comprising 216 NC, 313 MCI,143
and 25 DE individuals, as shown in Table 1. Compared with the development cohort, there were slight144
demographic differences, but overall age and education distributions were broadly similar. Cognitive145
assessments, including MoCA and MMSE, as well as domain-specific scores, showed stepwise declines146
from NC to MCI and DE, consistent with the development cohort. These consistent trends across two147
independent cohorts, despite minor demographic variations, provided a stable basis for evaluating the148
proposed assessment approach (detailed cohort distributions are provided in Supplementary Figs. 7–12).149

2.2 Task-evoked multimodal features characterize cognitive impairment150

We performed unified preprocessing and feature extraction on synchronously acquired EEG, ECG,151
speech, and video signals. A set of physiological and behavioral features were extracted for subsequent152
modeling and interpretability analysis, with detailed feature definitions provided in Supplementary153
Tables 14–18. To systematically characterize the relationship between these multimodal signatures and154
cognitive impairment, we analyzed the correlation patterns between task-evoked features and cognitive155
functions across different tasks (Fig. 2).156

Intra-task analysis highlights distinct, task-specific patterns in multimodal signal contributions157
(Fig. 2a). The detailed associations between specific features and cognitive impairment are presented158
in Supplementary Figs. 3, 4. EEG and speech modalities exhibit the most consistent and dense con-159
nections with high-order cognitive functions, particularly executive function, attention, and language160
(Supplementary Fig. 21). Specifically, nonlinear complexity and information entropy derived from EEG161
and ECG were associated with visuospatial/executive functions and attention, indicating that task-162
evoked physiological responses may reflect altered neural and autonomic regulation under cognitive load.163
Speech-derived prosodic and semantic features were related to language and memory domains, while164
video-based facial kinematics, facial geometry, and eye movement patterns provided complementary165
behavioral information related to emotion regulation and abstraction.166
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Fig. 2 Mapping task-evoked multimodal features to cognitive functions and impairment status. a, Intra-task mul-
timodal feature associations. Alluvial diagrams map the flow from cognitive tasks (left) through sensing modalities (speech, EEG,
ECG, video) and extracted feature sets to seven cognitive functions (derived from MoCA). This panel highlights specific task-
modality combinations that explain variations in specific cognitive functions. b, Inter-task dynamic feature associations. This panel
illustrates how metrics capturing feature evolution over time, specifically trajectory, directional trend, and volatility throughout the
assessment, correlate with cognitive performance. In both panels, flow width is proportional to the aggregated absolute Spearman
correlation strength (FDR-corrected) between source and target nodes; thicker flows indicate stronger correlations between specific
feature sets and cognitive functions.

Beyond intra-task features, we analyzed inter-task feature evolution across the assessment timeline167
to capture subject adaptability. Fig. 2b visualizes the impact of these dynamic metrics. For detailed168
statistical metrics of the trajectories across tasks, please refer to Supplementary Table 18. We observed169
that the trajectory magnitude and directional trends of EEG spectral power and ECG heart rate vari-170
ability (HRV) are closely correlated with sustained attention and delayed recall. This suggests that both171
the magnitude and direction of physiological changes during testing may provide complementary infor-172
mation beyond absolute feature values (Supplementary Fig. 22). Additionally, the integrated evolution173
of facial kinematics, eye movement patterns, and head motor dynamics correlates with executive func-174
tion and attention, suggesting that observable motor instability serves as a robust behavioral marker175
for cognitive impairment.176

2.3 Multimodal fusion improves assessment performance and robustness177

In the internal development cohort, we evaluated whether multimodal task-evoked physiological and178
behavioral signals could distinguish individuals with cognitive impairment (MCI/DE) from cogni-179
tively normal (NC) individuals. As shown in Table 2, we compared demographic information, task180
performance, individual sensor modalities, and their multimodal combinations. The combination of181
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Table 2 Comparison of assessment performance across modalities and cognitive tasks

AUROC (95% CI) AUPRC (95% CI) Accuracy (95% CI)

Modalitya

Demographic 0.653 (0.616–0.691) 0.750 (0.709–0.790) 0.584 (0.549–0.617)

Task performance 0.767 (0.735–0.799) 0.843 (0.810–0.871) 0.696 (0.663–0.727)

EEG(E) 0.789 (0.758–0.820) 0.854 (0.821–0.882) 0.730 (0.699–0.760)

ECG(C) 0.721 (0.686–0.757) 0.787 (0.746–0.826) 0.688 (0.656–0.720)

Speech(S) 0.754 (0.721–0.786) 0.831 (0.797–0.863) 0.665 (0.632–0.698)

Video(V) 0.701 (0.665–0.736) 0.798 (0.762–0.834) 0.605 (0.571–0.639)

ECSV 0.879 (0.854–0.903) 0.903 (0.875–0.930) 0.819 (0.792–0.845)

Demographic+Performance+ECSV 0.930 (0.913–0.947) 0.956 (0.943–0.968) 0.858 (0.832–0.881)

Taskb

T0 (Resting state) 0.659 (0.621–0.696) 0.744 (0.699–0.786) 0.614 (0.580–0.647)

T1 (Image observation) 0.639 (0.600–0.677) 0.708 (0.664–0.755) 0.616 (0.582–0.649)

T2 (Object category) 0.740 (0.706–0.773) 0.820 (0.786–0.853) 0.684 (0.651–0.715)

T3 (Scene description) 0.767 (0.735–0.800) 0.838 (0.803–0.868) 0.708 (0.675–0.738)

T4 (Calculate) 0.741 (0.707–0.774) 0.811 (0.773–0.846) 0.668 (0.635–0.700)

T5 (Attention counting) 0.717 (0.682–0.752) 0.796 (0.757–0.833) 0.685 (0.652–0.716)

T6 (Object recall) 0.692 (0.656–0.729) 0.768 (0.727–0.807) 0.676 (0.643–0.708)

T7 (Emotion perception) 0.727 (0.692–0.761) 0.798 (0.759–0.836) 0.662 (0.629–0.694)

T8 (Drawing) 0.704 (0.668–0.739) 0.793 (0.758–0.828) 0.663 (0.630–0.695)

T9 (Puzzle) 0.689 (0.653–0.726) 0.753 (0.709–0.795) 0.658 (0.625–0.690)

T10 (Target search) 0.755 (0.723–0.788) 0.836 (0.804–0.865) 0.696 (0.663–0.727)

Neuropsychological testc

MMSE 0.836 (0.809–0.862) 0.876 (0.851–0.899) 0.777 (0.747–0.805)

MoCA 0.922 (0.904–0.938) 0.942 (0.927–0.954) 0.884 (0.861–0.905)

All performance metrics were obtained via stratified 5-fold cross-validation on the internal development dataset and are reported
as the micro-average across all folds [16]. All metrics are reported as decimals (0-1) with 95% confidence intervals (CI) [12]. The
95% CI of area under the receiver operating characteristic curve (AUROC) was computed using the non-parametric method of
DeLong [41]. The 95% CI of area under the precision–recall curve (AUPRC) was computed using 2,000 bootstrap resampling. The
95% CI of accuracy was obtained using the Clopper-Pearson method. Detailed cross-modal and task-specific comparison results
are provided in Supplementary Tables 2 and 3.
aTask performance refers to participants’ scores and time during cognitive tasks; ECSV represents integrated features from four
modalities (EEG, ECG, speech, and video).
bT0 represents the resting-state acquisition. T1–T10 correspond to ten specific tasks designed based on multidimensional cognitive
functions.
cThe performance metrics of MMSE and MoCA are likely overestimated as they informed the clinical assessment; these results
serve as reference benchmarks.

demographic information, task performance, and multimodal physiological-behavioral signals achieved182
the best overall performance, with an AUROC of 0.930 (95% CI: 0.913-0.947). These results indicate183
that sensor-derived features provide additional information beyond demographic and task-performance184
measures alone (see Supplementary Table 2 and Fig. 13 for details).185

Among the individual modalities, EEG showed the reasonable discrimination ability (AUROC =186
0.789, 95% CI: 0.758-0.820), suggesting that task-evoked neural activity was closely related to cognitive187
status. Speech features also showed informative performance (AUROC = 0.754, 95% CI: 0.721-0.786),188
indicating that language production and acoustic characteristics may reflect cognitive impairment. ECG189
and video features showed moderate but complementary discrimination ability. Importantly, the fused190
ECSV model performed better than any single modality, supporting the value of integrating neural,191
autonomic, speech, and facial behavioral responses during structured cognitive tasks.192

Further analysis of the resting state and ten task conditions (T0–T10) revealed task-specific differ-193
ences in physiological and behavioral signal responses, as shown in Table 2 (see Supplementary Table 3194
and Fig. 14 for details). Tasks T3 (scene description) and T10 (target search) achieved relatively higher195
AUROC of 0.767 (95% CI: 0.735–0.800) and 0.755 (95% CI: 0.723–0.788), respectively. Notably, T3, T10,196
T4 (calculation) and T2 (object categorization) also yielded higher AUPRC, indicating their particular197
sensitivity in detecting cognitive impairment.198
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Inter-task feature interactions proved critical for model performance. While static single-task199
features showed effective discriminative power, modeling temporal dynamics across task transitions200
enhanced informativeness (Supplementary Fig. 5a-c). This sequential approach effectively captured201
physiological and behavioral variations, ranging from EEG fluctuations and autonomic regulation in202
ECG to facial action shifts across emotional valences (Supplementary Fig. 22). Extensive comparative203
analyses confirmed that our model outperforms established benchmarks (Supplementary Figs. 15–18204
and Supplementary Tables 4–7).205

2.4 Robust generalization to external cohorts under readjusted prevalence206

Fig. 3 Comparison of model performance under readjusted cognitive impairment prevalence. This figure demonstrates
the robustness of the two-cutoff probability stratification strategy across three cognitive states under four prevalence settings:
original distribution (a, e, i, m), 35% (b, f, j, n), 25% (c, g, k, o), and 15% (d, h, l, p). a–d, Sensitivity (solid red), specificity
(solid blue), PPV (dashed blue), and NPV (dashed red) as functions of probability score across four prevalence settings. The shaded
gray area marks the intermediate range (Performance ≥ 85%), bounded by low-probability and high-probability thresholds. e–h,
Probability score distributions across cognitive groups using violin and box plots, with dashed lines indicating classification cutoffs.
Significant group differences are confirmed by Kruskal–Wallis tests [42] (all P < 0.001). i–l, Receiver operating characteristic
(ROC) and precision–recall (PR) curves across prevalence settings, illustrating consistent discriminative ability of the model. m–p,
Decision Curve Analysis (DCA) across continuous threshold probabilities, showing the net clinical benefit of the model relative to
the “treat-all” and “treat-none” reference strategies under each prevalence setting.

To further assess model generalizability, we performed external validation on an independently col-207
lected cohort across four prevalence settings [5]: the original cohort ratio and three readjusted scenarios208
with cognitively impaired proportions set to 35%, 25%, and 15%. A two-cutoff stratification strat-209
egy [12] was applied to divide model output probabilities into low-, intermediate-, and high-probability210
zones. Fig. 3a-d shows sensitivity, specificity, PPV, and NPV across thresholds, with the shaded211
intermediate-probability range bounded by a lower cutoff (sensitivity and NPV ≥ 85%) and an upper212
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cutoff (specificity and PPV ≥ 85%). Under the original prevalence, the lower cutoff supported rule-out213
and the upper cutoff supported identification of high-probability cases; under readjusted prevalence set-214
tings, the cutoff boundaries shifted accordingly, indicating that this strategy should be interpreted in215
a prevalence-aware manner. Fig. 3e-h shows the distribution of model-derived probabilities across NC,216
MCI, and DE participants. NC participants were mainly located in the low-probability range, DE par-217
ticipants were concentrated in the high-probability range, and MCI participants showed an intermediate218
distribution.219

Fig. 3i-l presents the ROC and precision-recall curves, showing that the model preserved discrimina-220
tion across different prevalence settings. Finally, Fig. 3m-p presents the Decision Curve Analysis (DCA).221
The model showed positive net benefit under the original 61%, 35%, and 25% prevalence settings.222
Although the range of positive net benefit became narrower under the 15% low-prevalence setting, the223
model retained clinical benefit at lower threshold probabilities, supporting its potential role in front-line224
community screening where sensitive identification of possible cognitive impairment cases is prioritized.225
This limitation at higher threshold probabilities is partly attributable to the mathematically amplified226
sensitivity of DCA to false positives when positive cases are extremely sparse (n = 42).227

2.5 Subgroup analyses and robustness of model discrimination228

Fig. 4 Robustness of model performance across demographic and clinical subgroups. a, Joint distribution of age and
years of education across assessment groups in the external validation cohort. b, Age-stratified subgroup analysis showing stable
model discrimination across < 70, 70-75 and ≥ 75 years, with AUROCs of 0.876, 0.946 and 0.904, respectively. c, Education-
stratified subgroup analysis across 1-6, 6-9 and ≥ 9 years of education, with AUROCs of 0.940, 0.886 and 0.882, respectively. d,
Forest plot of AUROC estimates across clinical and health-related subgroups defined by ischemic burden (HIS), anxiety symptoms
(HAMA), depressive symptoms (GDS) and frailty status (FRAIL). A composite burden score was further constructed by summing
four abnormal domains, including HIS ≥ 4, HAMA > 7, GDS > 4 and FRAIL ≥ 1, and categorized as 0, 1-2 and 3-4 to represent
increasing gradients of subclinical burden. e, Comparison of AUROC and AUPRC under different prevalence scenarios before and
after excluding dementia cases. f, NC versus MCI discrimination after excluding dementia cases, showing preserved early-stage
classification performance with an AUROC of 0.900 and an AUPRC of 0.916. Error bars and horizontal intervals indicate 95% CIs.

To assess robustness and potential demographic bias prior to clinical deployment, we performed229
stratified analyses by age, education level, and clinical indicators in the external validation cohort. We230
first compared the distributions of age and years of education across assessment groups (Fig. 4a). Across231
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age strata (< 70, 70-75, ≥ 75 years), the model achieved AUROCs of 0.876, 0.946, and 0.904, respectively232
(Fig. 4b); across education strata (≤ 6, 6-9, ≥ 9 years), AUROCs were 0.940, 0.886, and 0.882 (Fig. 4c),233
indicating stable performance across varying levels of cognitive reserve. We further stratified by anxiety234
(HAMA), depressive symptoms (GDS), ischemic burden (HIS), and frailty (FRAIL). The resulting235
forest plot (Fig. 4d) shows AUROC point estimates clustering closely around the full-cohort value, with236
overlapping confidence intervals across subgroups, confirming that discriminative ability is preserved237
across a heterogeneous range of mood, vascular, and frailty profiles.238

We additionally restricted the analysis to NC versus MCI classification by excluding all DE indi-239
viduals. The model retained an AUROC of 0.900 for NC-MCI discrimination (Fig. 4f) with comparable240
trends across simulated prevalence scenarios (Fig. 4e), demonstrating that outputs do not rely on241
coarse dementia-driven differences. Taken together, these findings suggest that the model’s discrimina-242
tive power arises primarily from dynamic, task-evoked multimodal physiological and behavioral signals243
rather than from static demographic factors such as age or education.244

2.6 Clinical interpretation through cognitive function quantification245

Fig. 5 Alignment of model-derived and MoCA subdomain scores across seven cognitive functions. a, Radar plots
of average model-derived scores across seven cognitive functions (visuospatial/executive, naming, attention, language, abstract
reasoning, delayed recall, and orientation) in the internal development cohort, showing clear group differences. b–h, Distribution
of model-derived scores for each domain relative to MoCA subdomain scores in the development cohort, with box and violin plots
demonstrating consistent score increases with higher MoCA levels. Kruskal–Wallis tests [42] confirm significant group differences
(all P < 0.001). i, Correlation between model-derived and MoCA scores in the internal development cohort. j, Validation results in
the external cohort. Correlations represent Spearman’s r with 95% CIs derived from bootstrapping (n = 500); all P < 0.001.

After evaluating model performance, generalizability, and subgroup robustness, we further assessed246
whether the model outputs were interpretable at the cognitive function level. In addition to estimating247
overall cognitive impairment status, the model generated scores for seven commonly assessed cognitive248
functions: visuospatial/executive function (VE), naming, attention, language, abstraction, delayed recall249
(DR), and orientation [39]. As shown in Fig. 5a, the model output profiles showed a graded decline250
from NC to MCI and DE, especially in VE, attention, DR, abstraction, and language, consistent with251
increasing cognitive impairment severity across groups.252
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Fig. 5b-j further compares the model-derived cognitive function scores with the corresponding MoCA253
cognitive function scores. Participants with higher MoCA scores for each cognitive function generally254
had higher model-derived scores, and significant differences were observed across score-level groups by255
Kruskal-Wallis tests [42] (all P < 0.001). These results suggest that the model does not only produce an256
overall status label, but also provides an interpretable cognitive function profile aligned with established257
neuropsychological assessment dimensions. Such outputs may help describe which cognitive functions258
are more affected in each individual and support more fine-grained assessment recommendations.259

3 Discussion260

Our study demonstrates how specific cognitive tasks evoke distinct cross-modal dynamic patterns. We261
established a mapping mechanism between these transient physiological-behavioral changes and specific262
cognitive functions, such as executive function, memory, and attention. By synchronizing EEG, ECG,263
speech, and video signals during structured tasks, we quantified the “physiological-behavioral response”264
associated with cognitive impairment [9, 43]. Our results suggest that these multimodal features do265
not exist in isolation. Instead, they synergistically characterize the cognitive state: neurophysiological266
signals reflect intrinsic cognitive load and compensatory regulation, while behavioral signals capture267
explicit performance adaptation. This confirms that analyzing task-evoked multimodal signals provides268
an objective, interpretable basis for assessing specific cognitive functions.269

To elucidate the pathological link between multimodal signals and cognitive impairment, we mapped270
task-evoked features to specific cognitive functions. The results showed clear modality- and task-271
dependent patterns. EEG and speech were mainly associated with higher-order cognitive domains,272
including attention, and language, while EEG/ECG complexity and entropy were closely related to273
visuospatial/executive and attention (Fig. 2). These findings are consistent with the “physiological loss274
of complexity” hypothesis [44, 45], recent evidence on wearable EEG for MCI detection [25], and the275
association between heart rate variability and cognitive impairment [37]. Speech prosody and semantic276
features were further linked to language and memory domains [35, 46] (Fig. 2), while video-derived facial277
kinematics and eye-tracking patterns provided complementary information on emotional regulation [47]278
and abstract reasoning deficits.279

Compared with existing digital biomarker studies, our framework differs in two aspects. First,280
previous passive sensing approaches, including GPS-based driving trajectories [36], continuous actigra-281
phy [33], and long-term multimodal monitoring systems [38], are suitable for longitudinal observation.282
In contrast, our system adopts an active task-evoked paradigm, using structured cognitive loads to elicit283
task-specific physiological and behavioral responses within a standardized assessment window. Second,284
compared with unimodal approaches such as spontaneous speech-based acoustic and interaction anal-285
ysis [34], our method synchronously integrates EEG, ECG, speech, and video signals during cognitive286
tasks. This design enables the model to capture task-induced response trajectories, in which high-load287
tasks such as calculation (T4) and target search (T10) may capture additional task-related information288
relative to resting-state features [48]. These dynamic changes in EEG spectral power [49], ECG heart289
rate variability [28, 50], facial kinematics, and eye movements [51] may support a multidimensional290
characterization of cognitive impairment across neural, autonomic, and behavioral levels.291

These findings provide a complementary perspective on the translation of wearable multimodal292
systems into community and clinical settings. The proposed system is intended to complement exist-293
ing approaches for cognitive impairment assessment by quantifying neurophysiological dysregulation,294
reflected by EEG and ECG signals, and variations in behavioral adaptability, reflected by speech and295
facial features, during structured cognitive task interactions. Conventional neuropsychological tests pri-296
marily evaluate the final cognitive performance outcomes, whereas the task-evoked multimodal approach297
proposed in this study is designed to reflect the underlying physiological compensatory load required298
to maintain task performance. In particular, under specific task conditions, such as calculation and tar-299
get search tasks (Table 2 and Supplementary Table 3), the model showed relatively high sensitivity. By300
quantifying low-level physiological dynamics and millisecond-level behavioral variations that are diffi-301
cult to capture through routine clinical observation, this system provides complementary information302
and suggests the potential of task-driven characterization of physiological and behavioral differences303
associated with cognitive impairment.304
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Importantly, this model may complement current clinical workflows that rely mainly on conven-305
tional screening scales and clinical history. Unlike traditional scales, which primarily depend on explicit306
cognitive outputs, the multimodal system captures integrated physiological and behavioral signatures307
during task execution and may help reduce, but not eliminate, the influence of educational background308
and practice effects [52]. For individuals within the assessment gray zone, such as those with border-309
line scale scores due to educational barriers or subjective masking effects [53, 54], the system provides310
an objective physiological-behavioral dimension that may support more objective triage and clinical311
stratification (Supplementary Fig. 25). In addition to serving as an auxiliary front-end measurement,312
the system can characterize fine-grained features associated with core cognitive domains during task313
interaction. In future applications, this capability may support dynamic monitoring of physiological or314
behavioral changes during targeted non-pharmacological interventions, such as personalized cognitive315
rehabilitation or audiovisual stimulation.316

To better define the practical utility of this multimodal system in a broader public health context,317
Geoffrey Rose’s population strategy [55] was considered. This framework helps contextualize the poten-318
tial public health relevance of the present work: from a population-risk perspective, future dementia319
burden may arise substantially from large middle-risk populations rather than only from a small high-320
risk subgroup. Therefore, a low-burden assessment tool that establishes objective functional baselines321
in community populations may complement standard cognitive health risk management. Moreover, as322
demonstrated by Walsh et al. [56], the clinical trajectory of community-based mild cognitive impair-323
ment is dynamic and may include reversion. Thus, individuals identified as being at intermediate or324
high risk by the proposed system should not be interpreted as carrying an irreversible pathological325
label. Instead, this classification may indicate an opportunity for timely follow-up assessment and indi-326
vidualized health management, providing primary care practitioners with multidimensional functional327
information to support subsequent decision-making.328

The translation of digital biomarkers into public health infrastructure requires careful consider-329
ation of their social and ethical implications [57]. The purpose of this system is not to establish a330
fully automated assessment center with limited interpersonal interaction. Rather, by supporting the331
time-consuming process of standardized multidomain assessment, the system may help reduce the332
administrative burden on primary care practitioners and preserve meaningful patient-clinician commu-333
nication during clinical consultation. Given the particular concerns regarding privacy and adherence334
among older adults, an active and controlled sensing paradigm was adopted, in which data acquisition335
was restricted to a brief and supervised time window. Nevertheless, non-response, task non-completion,336
task abandonment, and insufficient multimodal data quality may themselves represent clinically mean-337
ingful informative missingness in older-adult community cohorts. To further address privacy concerns338
related to multimedia audio and video recordings, structured features were extracted through local339
deployment, thereby minimizing the need to store or transmit highly sensitive raw audio and video340
data. However, in real-world deployment, probability-stratification outputs may increase psychological341
burden, particularly in relation to the right not to know, and may also create risks of discrimination in342
employment or insurance-related contexts if adequate policy safeguards are absent. Therefore, future343
clinical integration of this technology should involve collaboration with ethicists and prioritize strict344
data governance, transparent consent procedures, and equitable accessibility.345

On this basis, extending the system from controlled community centers to less controlled real-world346
environments represents an important future direction [6]. The task-modality-feature associations and347
specificity analyses identified in this study may inform the design of a context-aware sensing paradigm,348
in which specific sensors are selectively activated during relevant daily activities. Future iterations of349
the system may integrate multimodal sensors into unobtrusive wearable devices equipped with context-350
aware noise reduction, thereby enabling continuous and low-burden cognitive monitoring in the daily351
lives of older adults.352

Despite the encouraging validation results, several limitations warrant further investigation. First,353
although the use of dual-channel prefrontal EEG maximized wearability and adherence in commu-354
nity settings, it inherently lacks spatial resolution and is insufficient to comprehensively capture brain355
network dynamics elicited by high cognitive load [25]. This limitation restricts deeper observation of356
task-evoked neural responses. In addition, the current analytical framework mainly relies on predefined357
features to ensure model interpretability and therefore may not fully exploit the synergistic informa-358
tion contained in raw time-series data. Future work will continue to expand the dataset and use the359

12



task-modality-feature-cognitive function associations established in this study as prior knowledge for360
multimodal representation models or large language model-assisted interpretation [58], with the goal of361
supporting explainable reasoning for cognitive impairment based on physiological and behavioral sig-362
nals. Second, the cross-sectional design provides only a static representation of cognitive status. Future363
studies should focus on longitudinal follow-up to examine the relationship between clinical trajectories364
and signal evolution, thereby better characterizing physiological and behavioral changes associated with365
cognitive impairment. Second, the cross-sectional design provides only a static representation of cogni-366
tive status. Future studies should focus on longitudinal follow-up to examine the relationship between367
clinical trajectories and signal evolution. Longitudinal real-world studies should also explicitly account368
for non-response, incomplete testing, task abandonment, and modality-level missingness, as these fac-369
tors may themselves reflect clinically relevant functional limitations. Third, direct links to neurobiology370
have not yet been established. Future work should integrate wearable-derived indicators with neu-371
roimaging and fluid biomarkers [18] to explore the neuropathological relevance of these physiological372
and behavioral signals.373

In conclusion, this study establishes a comprehensive cognitive impairment assessment system based374
on task-evoked multimodal wearable sensing. By integrating EEG, ECG, speech, and video data cap-375
tured during structured multidimensional cognitive tasks, the system enables fine-grained evaluation376
across seven core cognitive functions and effective probability stratification. Experimental results on377
both development and independent external validation cohorts demonstrate the model’s robustness378
across varying prevalence settings. The system quantifies task-evoked physiological stress and latent379
behavioral responses, such as anxiety, even in community settings with limited specialist supervi-380
sion. These findings support the potential of wearable multimodal sensing as an auxiliary approach381
for improving the efficiency and accessibility of cognitive impairment assessment in community-based382
healthcare.383

4 Methods384

4.1 Study cohort385

This study was conducted from December 2022 to July 2025, with data collection carried out in386
community settings across Nanjing. A total of 1,608 older adults were recruited from community set-387
tings. After data verification and quality control, 1,385 participants were included in the final analysis.388
Demographic and clinical characteristics of the study population are summarized in Table 1 and Supple-389
mentary Table 1. The study protocol was reviewed and approved by the Ethics Committee of Nanjing390
Hospital of Chinese Medicine (approval number: KY2022004). All procedures adhered to the princi-391
ples of the Declaration of Helsinki. Prior to assessment, participants were informed in detail about the392
study objectives, evaluation procedures, potential benefits, and privacy protection measures. Written393
informed consent was obtained from all participants before any assessments were initiated. For audio394
and video data, participants and, where applicable, their caregivers were informed of the recording395
purposes and privacy safeguards. To minimize privacy risks, model development used locally extracted396
structured features rather than identifiable raw audio or video recordings.397

Experimental procedure: Participants provided sociodemographic information, medical history,398
family history, and lifestyle details (Supplementary Fig. 27). Clinical assessment were adjudicated by399
experienced neurologists based on comprehensive and standard criteria [5]. Before the multimodal400
assessment, participants received a comprehensive explanation of the experimental procedures, includ-401
ing an introduction to the data acquisition devices and their functionalities, to help reduce anxiety.402
During the evaluation, participants were instructed to remain relaxed and comfortable, minimize exces-403
sive head or body movements, and avoid generating unrelated sounds. Each participant was seated404
in front of a tablet and equipped with multimodal sensors to complete the cognitive tasks, as illus-405
trated in Supplementary Fig. 1. The entire process was carried out independently by the participant,406
with researchers offering only minimal guidance and necessary assistance. The average time required407
to complete the multimodal assessment with our system was 20.53 ± 2.51 minutes. This total duration408
encompasses initial preparation and all exploratory tasks (detailed temporal breakdowns for individual409
tasks are provided in Supplementary Table 12). Notably, our subsequent cross-task analysis revealed410
that a streamlined protocol utilizing only the five most discriminative tasks can be completed in just411
8.34 ± 1.78 minutes while maintaining high classification performance (AUROC = 0.88).412
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4.2 Wearable multimodal acquisition system413

A wearable system was used for the synchronous acquisition of multimodal physiological and behavioral414
signals [59], including EEG, ECG, speech and video data in Supplementary Fig. 1. The central control415
unit was a Lenovo TB-J607F tablet, which provided real-time display and recording of all incoming416
signals. EEG signals were recorded from the prefrontal regions using Fp1 and Fp2 electrodes, positioned417
according to the international 10–20 system. Signals were captured using dry electrodes at a sampling418
rate of 250 Hz. For ECG acquisition, a standard three-electrode, single-lead configuration was used,419
also sampled at 250 Hz. All physiological signal modules supported low-power Bluetooth 5.0 wireless420
transmission to ensure real-time data synchronization and stability. Speech signals were recorded using421
a MOMA S1 wireless clip-on microphone at a sampling rate of 48 kHz, supporting dual-channel stereo422
recording. Video data were captured using the tablet’s built-in front-facing camera with a resolution423
of 1,920 × 1,080 pixels and a frame rate of 30 frames per second. The system is characterized by its424
portability and its capability to perform real-time, synchronized multimodal data collection, making it425
suited for wearable cognitive impairment assessment studies. The multimodal signal acquisition device426
was evaluated by an independent third-party laboratory to ensure performance consistency and safety427
compliance in accordance with national software quality standards (GB/T 25000.51-2016).428

4.3 Multidimensional cognitive function assessment tasks429

To evaluate physiological and behavioral responses in a wearable setting, we developed a tablet-based430
multidimensional cognitive tasks designed to comprehensively assess various cognitive functions. Fur-431
ther details can be found in Supplementary Table 10, 11. These tasks integrate multimodal inputs,432
including EEG, ECG, speech, and facial expressions, to capture physiological responses and behavioral433
characteristics during cognitive task execution. The task design targets seven core cognitive func-434
tions: visuospatial/executive, naming, attention, language, abstraction, delayed recall, and orientation435
as shown in Supplementary Fig. 29. By leveraging simultaneous analysis of multimodal signals, the436
system enables quantification of individual cognitive states across multiple functional dimensions. This437
multimodal, multi-domain approach supports comprehensive assessment for cognitive impairment from438
multiple perspectives.439

4.4 Multimodal feature extraction440

We established a multimodal signal processing and feature extraction pipeline to analyze synchronously441
acquired physiological and behavioral data, including EEG, ECG, speech, and video signals. The overall442
framework is illustrated in Supplementary Fig. 2b. Each modality was independently preprocessed and443
transformed into task-specific feature sequences, which were subsequently used for cognitive impair-444
ment modeling. For EEG, raw signals were band-pass filtered at 0.5-50 Hz, quality-controlled using a445
sliding-window strategy, corrected for artifacts using wavelet decomposition with quantile normalization,446
and resampled to 100 Hz [60]. Frequency-domain, nonlinear, time-domain, and waveform morphol-447
ogy features were extracted to characterize cortical activation, rhythmic slowing, neural complexity,448
signal variability, and transient neurophysiological fluctuations across cognitive tasks (Supplementary449
Table 14). For ECG, signals were denoised using median filtering and detrending, followed by band-pass450
and notch filtering [61]. R-peak detection was then performed to derive RR interval sequences, from451
which cardiac waveform parameters and heart rate variability features were extracted to characterize452
autonomic regulation and task-evoked cardiac responses (Supplementary Table 15).453

For speech, audio signals were resampled to 16 kHz and processed to extract both acoustic and454
semantic features. Acoustic descriptors were derived from the eGeMAPSv02 feature set [62], covering455
prosodic, spectral, voice quality, and pause-related characteristics, while semantic features were obtained456
from automatic transcription and language modeling to quantify contextual embeddings, semantic cov-457
erage, sentence similarity, and syntactic depth [63] (Supplementary Table 16). For video, recordings were458
standardized in format and resolution, followed by face detection, landmark localization, alignment,459
head pose estimation, and eye-movement tracking. Facial action units, expression entropy, head move-460
ment dynamics, gaze trajectory, and blink-related features were extracted to characterize emotional461
expression, psychomotor behavior, visual attention, and behavioral responsiveness during cognitive462
tasks [64] (Supplementary Table 17). Together, these modality-specific features provided complementary463
physiological and behavioral representations for downstream cognitive impairment assessment.464
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4.5 Multimodal cognitive impairment assessment model465

We developed a multimodal assessment model that integrates physiological and behavioral signals to466
concurrently classify cognitive impairment and estimate multidimensional cognitive function scores.467
The overall architecture is illustrated in Supplementary Fig. 2a. The model takes multimodal data from468
11 structured tasks as input, including EEG, ECG, video sequences, speech features, task metadata,469
and demographic information. Each modality is first encoded through a modality-specific encoder. For470
EEG, ECG, and video data, a dynamic task adapter (DTA) module was used to capture task-dependent471
response patterns across cognitive tasks (Supplementary Fig. 2c), whereas speech, task performance,472
and demographic features were transformed into unified vector representations through fully connected473
layers. The resulting modality-specific representations were then integrated using learnable modality474
weights to generate a joint representation of cognitive status. To improve robustness in real-world set-475
tings with incomplete data, the model incorporated a synergistic missing-modality strategy combining476
structural imputation and adaptive routing (Supplementary Table 19).477

To enhance interpretability and align model learning with clinical cognitive domains, we intro-478
duced an intermediate seven-dimensional cognitive function supervision module. The seven dimensions479
corresponded to MoCA-aligned cognitive functions, including visuospatial/executive function, naming,480
attention, language, abstraction, delayed recall, and orientation. During training, the fused multi-481
modal representation was supervised using the binary labels of these seven cognitive subdomains482
through a multi-label learning strategy [65]. This design encouraged the model to learn structured pat-483
terns associated with cognitive impairment rather than relying only on a single global classification484
label. During inference, the model produced both an overall cognitive impairment classification and a485
seven-dimensional cognitive function profile, supporting a more interpretable assessment of cognitive486
status.487
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