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As the global population ages, the prevalence of cognitive impairment continues to rise, highlighting the urgent need
for accessible and low-burden cognitive assessment. Current assessments based on clinical scales are often hindered by
subjectivity, significant user burden, and practice effects, limiting their applicability. We observe that passive visual stimuli
can engage multiple cognitive domains while minimizing the need for active participation. Considering the lack of related
datasets, we establish EasyCog, the first large-scale multimodal dataset for low-burden cognitive assessments. EasyCog
collects synchronized forehead/ear EEG and contactless eye tracking data while participants passively view a short, cognitively
structured video followed by an eyes-closed rest. The dataset includes 101 participants spanning healthy controls and patients
with PD, AD, and VaD, with clinician-administered MoCA/MMSE scores collected in daily settings. We provide detailed
collection procedures, quality validation, implementation, and benchmark baselines. Results indicate assessment feasibility
while highlighting generalization challenges. By integrating passive visual stimuli with affordable sensing, EasyCog provides
a foundation for future research in accessible and scalable cognitive monitoring in both clinical and community settings.
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1 Introduction
The global trend of population aging is driving a significant increase in the prevalence of cognitive impairment
such as dementia. Cognitive impairment, as a progressive and heterogeneous condition often caused by neurode-
generative diseases, poses a major public health challenge and significantly impacts quality of life. In 2020, over
50 million people worldwide were living with cognitive impairment, a number projected to reach 152 million in
2050 [6]. Since cognitive impairment is hard to fully cure, early detection and regular cognitive assessment are
crucial for timely intervention and disease stabilization [23].

Current clinical assessments typically utilize well-designed scales, including the Mini-Mental State Examination
(MMSE) [8] and the Montreal Cognitive Assessment (MoCA) [33], which require patients to complete a series of
predefined questions to evaluate cognitive functions. However, their effectiveness is hindered by several limita-
tions, including subjectivity, substantial user burden, and reduced suitability across different stages of cognitive
decline [33]. Specifically, (1) subjectivity: assessment outcomes depend heavily on both patient and clinician
subjective factors. Patients’ willingness to cooperate may be compromised by emotional distress or stigma [41],
while scoring can be influenced by clinicians’ subjective judgment and biases related to patients’ backgrounds
(e.g., education level and language). (2) user burden: these assessments require active participation, which can
be challenging for patients with moderate to severe impairment due to attention deficits and communication
difficulties [77]. (3) practice effects: for patients undergoing repeated assessments, fixed test content may lead to
familiarity with the tasks, resulting in distorted scores that do not accurately reflect true cognitive change [43, 62].
These limitations motivate the need for a more objective, low-burden, and easily deployable cognitive assessment
method suitable for both clinical and community environments.

Recent EEG-based approaches show promise for cognitive impairment detection and continuous assessment [7,
66], yet require a 50-minute wear time, controlled laboratory settings, and professional operators [27]. Eye-
tracking reduces hardware burden but typically relies on instruction-heavy protocols (e.g., anti-saccade) and
calibration challenges [18, 24, 46, 60]. Consequently, neither modality alone readily supports low-cost, low-effort
screening outside clinics. A promising alternative is passive visual engagement: many cognitive domains assessed
by MoCA and MMSE, including attention, memory, executive function, language, and visuospatial processing, can
be stimulated by structured visual content (Sec. 3). Prior work shows naturalistic scenes, semantic anomalies, and
social imagery elicit measurable responses even without verbal/motor tasks [17, 47, 52]. When combined with
easy-to-wear, low-cost EEG [11], this could support a passive and low-burden assessment paradigm. However,
publicly available datasets that support low-burden, low-cost cognitive assessment in this setting remain limited,
which slows progress toward practical and scalable approaches.

To bridge the gap, we introduce EasyCog, a public multimodal dataset for passive, low-burden cognitive
assessment. EasyCog provides synchronized forehead- and ear- EEG together with eye-tracking data from 101
participants collected in real-world clinical settings. During collection, participants simply watch a 7-minute video
consisting of carefully designed, cognitively targeted tasks, followed by a 3-minute rest, with no active responses
required, as shown in Figure 1. Based on MoCA scores [33], the dataset spans cognitive levels from cognitively
healthy (13) to mild cognitive impairment (37) and dementia (51). By clinical diagnosis, it includes 21 controls
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Fig. 1. Illustration of an application scenario of EasyCog. Patients watch a structured video composed of cognitively rich
visual stimuli designed to passively engage multiple cognitive domains. During the viewing session, lightweight EEG and
eye-tracking devices record neural and behavioral responses without requiring active task participation. This setup enables
objective, scalable, and low-cost cognitive evaluation in both clinical and community settings.

without any diagnosed neurological disease and patients with PD (31), AD (19), VaD (29), and neurosyphilis (1).
Notably, the diagnosis groups and MoCA-based cognitive levels are not mutually exclusive, and controls may also
exhibit cognitive impairment. Data were collected across four daily settings, including outpatient rooms, wards,
nursing homes, and public hospital areas, with typical real-world distractions such as noise and bystanders.

We verified data quality using a rigorous quality control pipeline and targeted stress tests involving motion and
electrode displacement, and reported signal quality metrics across settings. To illustrate dataset use, we release
implementation and compact benchmarks spanning five feature-extraction families and three training schemes.
Across evaluations, EasyCog shows that combining passive visual stimuli with low-cost forehead and ear EEG
can capture clinically relevant cognitive information, while highlighting generalization challenges across subjects
and settings. Beyond score regression, EasyCog also supports dementia classification and EEG–image response
analysis. We expect EasyCog and the accompanying benchmarks to facilitate future research on low-burden,
cost-effective cognitive monitoring. Our contributions can be summarized as follows:

• We introduce EasyCog, to our knowledge, the first publicly available multi-modal dataset for low-cost and
low-burden cognitive assessments. EasyCog showcases its diversity, comprising 101 subjects spanning 3
types of dementia and all cognitive levels.

• We provide a quality control pipeline and targeted stress tests under motion and electrode displacement,
together with signal quality metrics and scripts to support transparency and reuse.

• We construct benchmark baselines with varying sensing modalities, analysis architectures, and optimization
strategies for promoting the development of low-effort and low-cost cognitive assessment.

• We present extensive baseline results and analyses that demonstrate feasibility and highlight generalization
challenges across subjects and real-world settings. These results highlight the potential value of the EasyCog
settings and dedicated designs to fully realize the benefits. Data and code are publicly available 1.

1https://github.com/EasyCog/EasyCog-Benchmark
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Fig. 2. Core cognitive functions of MoCA and MMSE scales

2 Related Works

2.1 Cognitive Functions and Standard Assessments
Cognition refers to the set of mental processes involved in acquiring knowledge and understanding through
thought, experience, and senses. These processes, while interrelated, are commonly divided into several key func-
tions: complex attention, executive functioning, learning and memory, language, perceptual-motor/visuospatial
function, and social cognition [29]. Cognitive decline associated with conditions such as dementia and mild
cognitive impairment (MCI) typically manifests as deterioration in one or more of these domains.

Currently, the gold standard for assessing the overall cognitive ability are the MoCA and MMSE scales. These
tests assess overlapping cognitive domains and produce a total score out of 30. As shown in Figure 2(a), the MoCA
evaluates eight core areas: visuospatial/executive function, naming, attention, memory, abstraction, language,
and orientation. A score equal to or above 26 generally indicates normal cognition, while scores between 19 and
25 suggest MCI, and scores equal to or below 18 indicate moderate to severe impairment. Similarly, the MMSE
assesses six components spanning comparable domains with simpler questions as shown in Figure 2(b), with
score thresholds of >26 for normal cognition, 21–26 for MCI, and <21 for more advanced impairment.

While these tools offer structured, interpretable metrics, they are limited in their applicability across all patient
groups. Their reliance on direct verbal responses, culturally specific content, and fixed task formats can reduce
fairness and sensitivity, especially when used repeatedly or in diverse populations. This motivates the need for
alternative approaches that can probe multiple cognitive functions in a naturalistic and inclusive manner.

2.2 Objective Cognitive Assessment
Recently, some researchers have attempted to simplify cognitive assessment, as shown in Table 1. Many objective
methods have been proposed to address the subjective issues of current clinical scales. EEG-based assessments can
provide accurate cognitive information. By analyzing the temporal, spectral, and spatial features of EEG signals
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Methods Application Low-cost Sensor Wearing Effort Assess. Effort
EEG [7, 30, 65, 66] Assessment × High Low

Gamification [31, 45] Assessment ✓ Low High
Eye tracking [20, 37, 52, 75] Classification ✓ Low High

EasyCog Assessment ✓ Low Low
Table 1. Comparison of cognitive assessment methods. Here Assessment indicates continuous cognitive score regression while
Classification is for discrete severity classification. "Assess. Effort" denotes the cooperation requirement of the participants.

Datasets Modalities #Participants Diseases Low-cost
Sensor

Wearing
Effort Environment Cognitive

Labels
Anjum et al. [7] EEG 149 PD × High Controlled MoCA

Miltiadous et al. [53] EEG 59 AD, FTD × High Controlled MMSE
Valdes-Sosa et al. [68] EEG, MRI 282 - × High Controlled MMSE, WAIS-III
Cejnek et al. [13] EEG 168 AD × High Controlled MMSE
Jesus Jr et al. [32] EEG, MRI 204 AD ✓ Medium N/A MMSE

EasyCog EEG, ET 101 AD, PD, VaD ✓ Low Daily MoCA, MMSE
Table 2. Comparison of cognitive assessment datasets. ‘MRI’:‘Magnetic Resonance Imaging’, ‘ET’: ‘Eye Tracking’, ‘PD’:
‘Parkinson’s Disease’, ‘AD’:‘ Alzheimer’s Disease’, ‘FTD’: ‘Frontotemporal Dementia’, ‘VaD’: ‘Vascular Dementia’, ‘N/A’:‘Not
Available’. Valdes-Sosa et al. [68] focus on functionally healthy participants.

during closed-eye resting, it is possible to evaluate cognitive decline at various levels [7, 30]. Furthermore, Sun et
al. [65, 66] developed machine learning and deep learning methods based on various EEG computational features
to enable continuous mapping of cognitive states, achieving a more refined evaluation. However, current EEG-
based assessments typically rely on classic electrode arrangements, such as the 10-20 EEG electrode placement
standard, with electrodes uniformly distributed across the scalp. This setup requires professional clinicians’
assistance and places a significant burden on both patients and clinicians due to an average wear time of about
50 minutes [27], making it unsuitable for early screening or regular assessments.
There are efforts to develop gamified assessments [31, 45] that reduce system requirements and simplify the

assessment process. Moreover, building on previous findings regarding eye movement behaviors in dementia,
some researchers have developed a series of eye movement tasks to capture abnormal eye movements (e.g., gaze,
saccade, pursuit) for detecting dementia or assessing cognitive levels [20, 37, 52, 75].

However, these attempts often involve complicated calibration processes or the difficulty of learning new tasks.
These factors hinder testing for patients with severe cognitive impairments or lower education levels [18, 24, 60].
Towards a low-burden cognitive assessment, the EasyCog dataset collects EEG signals and eye tracking data
without complex task descriptions, significantly reducing the likelihood of misinterpreting tasks for severely
impaired patients. Participants only need to watch a video and rest with their eyes closed during the assessment.

2.3 Advanced Sensor for Brain Information
Around-the-ear EEG devices offer low-burden wearability and provide extensive information about cognitive
functions in the temporal lobe, enabling applications such as imagery and monitoring [35]. There has been
research [36] to integrate ear-EEG into the headphone for practical cognitive loadmonitoring. cEEGrid sensors [11]
have been demonstrated to be effective in various investigations, and they have recently become commercially
available [2]. Forehead electrodes provide abundant information about the frontal lobe [12, 55] and moderate
information from the parietal lobe [12]. This makes them suitable for evaluating cognitive functions such as
execution and organization, and complementing around-the-ear electrodes to form comprehensive brain activity
sensors. Given that both forehead EEG and ear-EEG share the properties of low cost and easy wearability, we
have chosen to adopt both to create a user-friendly and comprehensive EEG device.
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2.4 Existing Dataset for Cognitive Assessment
Many datasets have been proposed for cognition-related tasks utilizing different modalities, primarily including
EEG [7, 13, 32, 53, 68, 78] and eye movement [38, 42, 61, 64], and the comparison is shown in Table 2.

For EEG datasets, Anjum et al.[7] propose a large dataset comprising 100 patients with Parkinson’s Disease (PD)
and 49 healthy controls. The eyes-open resting EEG is collected in a quiet room using high-density 64-channel EEG
devices, with labels provided by MoCA scores. Miltiadous et al.[53] construct a dataset featuring multiple types
of dementia, including 36 patients with Alzheimer’s Disease (AD) and 23 patients with frontotemporal dementia
(FTD). They utilize a 19-channel scalp EEG device to collect resting EEG, with the ground truth determined by
the MMSE scale. Valdes et al.[68] collect a large dataset of 282 healthy controls with multimodal data, including
magnetic resonance imaging (MRI), 30 minutes of resting EEG, and MMSE scale scores. Additionally, another
dataset collects 21-channel resting EEG data from 102 healthy controls, 7 patients with Mild Cognitive Impairment
(MCI), and 59 patients with dementia [13]. Jesus et al. [32] gather data from 103 participants with probable AD
and 101 healthy controls using a 7-channel scalp EEG device, with labels based on MMSE scores. Zhang et al.
[78] recruit 104 participants to investigate flow rather than cognitive assessment. Most of these datasets are
collected using professional high-density EEG devices, which can cause discomfort and distress for participants.
Although some datasets [32] utilize consumer-grade EEG devices, these scalp EEG setups still require hair washing
in advance, making them less convenient. Besides, they only capture part of the clinical scales, which limits
applicability across patient groups [63].
Several eye-tracking datasets have also been proposed to investigate the correlation between cognitive ac-

tivities and eye movements [38, 42, 61, 64], but they remain limited to shallow cognitive behaviors or specific
diseases. Ktistakis et al. [38] and Langner et al. [42] focus on cognitive load and flow, Skaramagkas et al. [64]
investigate emotional states triggered by videos, and Rojas et al. [61] study the behavior of children with Attention
Deficit/Hyperactivity Disorder (ADHD).

In summary, while low-burden and easy-to-follow cognitive assessment systems are urgently needed, existing
EEG datasets are still limited to cumbersome and inconvenient devices in a controlled environment, and eye-
tracking datasets are restricted to shallow cognitive characteristics. This limitation hinders the development of
practical and effortless cognitive assessments. To bridge these gaps, we introduce EasyCog, the first publicly
available dataset to simultaneously provide EEG and gaze data captured using consumer-grade, easy-to-wear
hardware during passive visual stimulation. This dataset provides: (1)multi-modal data captured using low-cost,
easy-to-wear sensors (forehead and cEEGrid electrodes), and eye tracking data from a commercial eye tracker
device [4]; (2) both MoCA and MMSE scores for a comprehensive understanding of the cognitive levels; (3)
participants with various dementia types (PD, AD, and Vascular Dementia (VaD). Crucially, the EasyCog
dataset contains everyday settings like nursing homes to facilitate practical real-world deployment.

3 Design of The Data Collection System
In this section, we introduce the EasyCog collection rationale. We firstly present the basic insights, followed by
our observations and design rationale for the passive video stimuli and signal collection, respectively.

3.1 Motivation
Designing an effective cognitive assessment tool requires careful consideration of the diverse needs and capabilities
of the target population while traditional task-based methods present significant barriers:

• Patient Burden and Stigma: Individuals with early cognitive changes or normal cognition often feel
"reluctant" to participate due to stigma or the anxiety of formal testing [41]. To increase acceptance
and participation, assessments should minimize perceived pressure and cognitive load, like free-viewing
tasks [72] which offer a low-stress alternative.
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• Practice Effects: For patients with mild to moderate impairment requiring regular monitoring, repeated
exposure to fixed-content tests (like MoCA/MMSE) leads to "practice effects" that mask true cognitive
changes [43, 62]. To counter this, assessments must be dynamic and complex enough to capture real
variation, while remaining cost-effective and practical for routine use [34].

• Instruction Complexity: Patients with severe impairment may be "unable to comprehend instructions" [24,
60] or "sustain attention"s [77], rendering assessments that require strict task compliance unusable. In such
cases, methods that rely on passive interaction and intuitive responses—rather than explicit instructions—are
essential [18].

Existing approaches that attempt to reduce assessment burden—such as gamified tasks or eye-tracking-
based evaluations typically require complex calibration procedures, strict task compliance, or abstract cognitive
processing [37, 45, 60]. While prior research suggests that naturalistic tasks can reduce task demands [24, 76],
such tasks are too coarse to probe specific cognitive functions. Eye movement patterns alone (e.g., gaze duration
or saccade frequency) are insufficient to capture the multidimensional deficits seen in early-stage dementia.

By recognizing and addressing the distinct needs of these patient subgroups, the EasyCog dataset is specifically
designed to support inclusive, low-burden cognitive assessment. Driven by the insight that comprehensive
cognitive assessment can be achieved through passive interaction when supported by structured stimuli and
response sensing, the design of EasyCog is grounded in two key principles: (1) crafting structured visual stimuli
that are intuitively processed but systematically target specific cognitive domains; and (2) collecting deeper
neural and behavioral signals with low-cost, wearable EEG and eye-tracking hardware, without requiring active
task execution or complex calibration.

3.2 Passive Visual Stimuli Protocol
Our assessment is based on a structured, 7-minute video protocol designed to probe the cognitive domains of the
MoCA scale passively but systematically.While no explicit responses are required, the protocol is composed of nine
distinct tasks (Figure 3) that elicit measurable neural and behavioral correlates of attention, memory, executive
function, language, and visuospatial processing. The tasks implicitly probe high-level semantic processing
(abstraction), visual-semantic linkage (naming), and logical inference (orientation) through carefully selected
visual content. The protocol is complemented by a 3-minute eye-closed resting state, a standard paradigm for
assessing baseline brain activity in cognitive studies [7, 65, 66]. The nine visual tasks, grounded in prior cognitive
research, are as follows:

Naturalistic Scene Exploration. Participants freely view complex scenes. This task probes attention and
executive functions (e.g., curiosity), where cognitive decline is associated with reduced visual exploration [40, 54].

Pictures with Multiple Objects. Viewing images with multiple distinct objects tests visual search strategies,
attention, and visuospatial organization [76].

Social vs. Non-social Scenes. Images with and without people are presented to evaluate how social cues (e.g.,
faces) modulate attention and exploratory behavior, which can be altered in certain dementias [52, 58, 76].

Semantically Congruent vs. Incongruent Images. Participants view images containing semantic anomalies
[52, 54], e.g., a lion in a classroom [17, 44]. A diminished response to incongruity can indicate deficits in attention,
executive function, or semantic processing.

Paired Social Scenes. Side-by-side images, one with a person and one without, are shown to more directly
assess social attention and apathy, a component of executive function [40, 52, 58].

Moving Target Pursuit. A single object moves across a static background. This task assesses sustained attention
and visuospatial tracking, which can be impaired in dementia [48].
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Fig. 3. Correlation between passive visual stimuli and MoCA cognitive functions

1 4 532

6 7 8 9

Fig. 4. Task examples in the visual stimuli. The text in the Task 7 example means "The old man is swimming in the swimming
pool on his cane.". Here we select the language fits best for the patients but that can be transferrable to other languages.

Semantically Congruent vs. Incongruent Text. Sentences with or without semantic errors (e.g., "The seawater
is hard") are displayed. This task specifically targets language comprehension and semantic memory, known to
elicit distinct neural signatures [39, 52].
Presented vs. Similar Paired Pictures. A previously seen image is paired with a novel but similar one.
Preferential viewing patterns probe short-term recognition memory, as healthy individuals typically focus more
on the novel image [16, 47, 52].
Simple Arithmetic. Single-digit arithmetic problems are displayed to passively engage working memory and
executive functions related to calculation [49].

To construct the 430-second video, stimuli were presented for 3-5 seconds each, a duration validated in prior
work [52, 76]. The task examples are shown in Figure. 4. Stimuli were from established cognitive research datasets
[73], generated by DALLE-3 according to clinical references [17, 44], or filmed for moving targets. The final
protocol was reviewed by three experienced clinicians who confirmed its comprehensive coverage of the core
cognitive domains assessed by the MoCA and MMSE scales. More details about the stimuli design are in the
attached Appendix A.
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Fig. 5. Electrode positions: (a) from the front view and (b) from the left side view. The electrodes in white are not enabled.

3.3 EEG Sensing Hardware Design
To assess cognitive functions comprehensively, we need detailed information to capture neural activities with
a low-cost and non-intrusive sensing system. This goal precluded traditional, high-density scalp EEG systems,
which are costly, cumbersome, and require expert setup.

3.3.1 Electrode Position Design. To solve this, we design a hybrid, low-cost wearable collection system that
integrates two non-intrusive, commercially available sensor types to achieve comprehensive brain coverage:
Forehead EEG. We use four Ag-AgCl electrodes integrated into a simple headband [55]. This form factor is
easy to wear, bypasses interference from hair, and provides robust signals corresponding to the 10-20 standard
positions (Af7, Af8, Fp1, Fp2). These channels are optimally positioned to capture signals from the frontal lobe as
shown in Figure 5(a), which is critical for functions like execution and organization.
Ear-EEG. We complement the forehead sensors with ear-EEG sensors [11], which have been widely used in
cognitive applications such as speech attention [28] and sleep monitoring [19]. This effectiveness stems from
its high sensitivity to signals from the temporal lobe and its ability to obtain partial signals from the parietal
lobe [51]. As shown in Figure 5(b), we select 6 electrodes on the cEEGrid as input channels and 1 electrode as the
reference or the ground channel.

Neither of these "easy-to-wear" sensor types alone can provide comprehensive cognitive coverage. By combining
both ear electrodes and forehead electrodes, it is possible to approximate full-brain sensing: (1) Frontal and
Temporal Lobes are directly captured by the forehead and ear electrodes, respectively. (2) Parietal Lobe activity
can be captured in the combined signals as all electrodes capture signals with moderate strength in different
directions [12, 25]. (3) Occipital Lobe is the furthest area from both the ear and forehead but can be inferred by
eye movements as this brain region processes visual information. As all electrodes are placed near the eyes, it
is feasible to extract electrooculography (EOG) signals that indirectly indicates the visual cognitive processes
occurring in the occipital lobe.

3.3.2 Hardware Implementation. The hardware platform and the data collection scenario of the EasyCog are
shown in Figure 6.
Electrodes. We adopt the commercial TMSi cEEGrid electrodes [2] as the around-the-ear channels in Figure 6(a).
For the forehead, we integrate four Ag-AgCl electrodes inside a headband. To ensure data quality, all electrodes
are wet electrodes with electrolyte gel. The overall cost is within 3 USD and can be quickly set up within 10
minutes for each assessment.
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(a) Ear electrode

Amplifier

Battery

Electrode

(b) Headband with forehead electrodes

Eye TrackerEEG Sensing

(c) Data collection scenario

Fig. 6. Illustration of our hardware platform and the patients conducting the cognitive assessment

Acquisition Board. All channels are connected to the OpenBCI Cyton + Daisy Biosensing Boards with 16
channels [57], as shown in Figure 6(b) with a sampling rate of 125 Hz.
Data Transmission. Data are streamed wirelessly via Bluetooth to a collection laptop.
To ensure user comfort, the ear and headband electrodes are implemented with flexible circuits that can

accommodate different user conditions. The weight of the whole collection system is 136 grams, lighter than the
commercial headphone [5]. Thus, users can wear the system with natural behaviors watching the video stimuli.

3.4 Eye Tracking Hardware
Since eye movement can also reflect the cognition condition, and it can be monitored contactlessly, which is
complementary to the wearable platform, we integrate a commercial eye tracker into our data collection setup.
This non-contact approach aligns with our "low-burden" design goal, as it only requires participants to sit in
front of a monitor as shown in Figure 6(c).
Hardware Setup. We use a Tobii 4c [4] eye tracker mounted to the laptop monitor used for stimuli presentation.
The 16-inch laptop monitor has a resolution of 2560 × 1600. The eye tracker works at an operating distance from
50 to 95 centimeters with a high sampling rate of 90 Hz [4]. It collects the gaze positions on the screen and we
use an open-source software, GazeTrack [1] to collect the streamed gaze coordinations on the screen.
Calibration Protocol. We adopt the standard calibration protocol of Tobii 4c. The participant is suggested to
sit in front of the sensor at a distance of around 70 centimeters to make sure the eyes are well captured. Then
the participant is instructed to conduct six-point calibration, which requires to fix the gaze on six points in the
screen (upper left, upper middle, upper right, lower left, lower middle, lower right) for around 3 seconds.
Accuracy and Dropout Rates. Tobii 4c is a widely-used commercial eye tracker that has enabled various
applications [9, 56] with a low error of around 2 degrees [3]. We calculate the dropout rates by counting the
overall ratio of zero reports. The dropout distribution across the overall 101 participants is 9.72% (median), 6.23%
(25% percentile), and 19.12% (75% percentile).
Data Synchronization. The eye-tracking data stream from the Tobii (90 Hz) and the EEG data stream from the
OpenBCI (125 Hz) were synchronized using the software trigger from the control laptop with timestamp records.
Then we align the start timestamps from the two modalities.

4 Dataset and Preliminary Validation

4.1 Data Collection Protocol
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Demographics

Gender 51 male, 50 female
Age, years 67.5 ± 11
Education 64 (> 9 years)

Number of Sessions

One-time Session 94
Multiple Sessions 7

Clinical Assessment

MoCA Score 16.58 ± 7.36
MMSE Score 21.35 ± 6.76

Impairment Severity # participants

Cognitively-Healthy (MoCA ≥ 26) 13
MCI (26 > MoCA ≥ 19) 37
Dementia (19 > MoCA) 51

Disease Diagnosis # participants

PD 31
AD 19
VaD 29

Others 1
Controls 21

Table 3. Participant characteristics
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Fig. 7. MoCA score distribution
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Fig. 8. MMSE score distribution

We collaborate with medical centers under our institute’s Institutional Review Board (IRB) approval. To ensure
the practicality of the dataset, the assessments are conducted in daily environments with typical real-world
factors, such as ambient noises around 50-80 dB, adjacent people, and uncontrolled participant behavior.

Sensors Setup and Labeling. The participant is asked to sit in front of the laptop monitor with a comfortable
posture. The data collection process begins with the eye tracker calibration procedure as mentioned in Section
3.4. Specifically, we exclude participants with epilepsy due to potential symptoms caused by near infrared sensing
by the eye tracker. For the EEG sensor setup, before presenting the visual stimulus, we firstly clean the skin on
the forehead and ear and apply electrolyte gel to the cEEGrid electrodes. Then, we assist the patients in wearing
the devices and test the impedance. An impedance of below 150 kΩ is considered acceptable. After all the setup,
we ask the participant to watch the video carefully without additional instructions. After the 7-minute video task
finishes, we ask the participants to close their eyes for another 3 minutes. Figure 6(c) depicts an example of our
data collection in the ward, where real-world interference (e.g., ambient noise) is present. Finally, the clinicians
administer the clinical cognitive scales MoCA and MMSE with the participant.

Participant Recruitment. Our study recruited a total of 110 participants and selected 7 individuals to undergo
testing 3-4 times over successive days. By screening for data quality, participant adherence, and label availability,
we discarded data from 9 participants and data from 3 sessions in successive assessments. A total of 101 participants
contributed to our dataset. They were sourced from the outpatient clinic and inpatient department with informed
consents, supervised by experienced clinicians. The clinicians identified targeted users of cognitive assessments,
like the participants related cognitive diseases including PD, AD, and VaD or controls. Our dataset includes a
diverse sample in terms of diseases, cognition conditions, gender, and education levels.
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Fig. 9. Signal validity under real-world factors

Ethics. The research received approval from the IRB approval of the host institute. The collaborated clinicians
ensure the safety of the participant for the sensors. All participants are informed of their right to withdraw from
the collection at any time. We remove all identifying information from the dataset to ensure anonymity. The
collected data is stored in a local data repository with downloading logs to maintain an access record.

4.2 Participant Characteristics
As shown in Table 3, the EasyCog dataset is collected from 101 participants, 50 of whom are female and 51 of
whom are male. The mean and standard deviation of the age are 67.5 and 11.0, respectively. The cohort includes 21
controls and 80 patients with different diseases, including 31 patients with Parkinson’s disease (PD), 19 patients
with Alzheimer’s Disease (AD), 29 patients with vascular dementia (VaD), and 1 patient with neurosyphilis. The
mean and standard deviation for MoCA scores are 16.58 and 7.36, while the mean and standard deviation for
MMSE scores are 21.35 and 6.76, respectively. We also summarize the education background of each participant.
For participants with fewer than 9 years of education, we add 1 point to the MoCA score, following standard
practice [33]. The detailed distributions of MoCA and MMSE scores are shown in Figures 7 and 8.
EEG. We first apply a 50-Hz notch filter to remove power noise. Next, we apply a bandpass filter with a frequency
range from 1 Hz to 60 Hz, which includes our target 𝛿, 𝜃, 𝛼, 𝛽 , and 𝛾 bands. We then use the regular Artificial
Subspace Reconstruction (ASR) method [14] from the widely used open-source EEGLab toolbox [21]. ASR is
designed to handle non-stationary and non-repeating artifacts, making it suitable for unpredictable motion
artifacts caused by patients’ unconscious body movements.
Eye tracking. The invalid gaze samples identified by the eye tracker are removed.We perform linear interpolation
to align the sampling rate of eye tracking (90 Hz) with the EEG data (125 Hz).

4.3 Signal Validity
To obtain a better trade-off between signal quality and wearability, we select ear-EEG and headband electrodes
with wet electrodes with sticky tapes fixed. Despite this consideration, EEG signals can also be influenced by user
motion artifacts and electrode displacement. We recruit 4 volunteers to investigate signal validity. After filtering
signals as in Section 4.2, we use root mean square (RMS) of the signals and the signal-to-noise ratio (SNR), which
is the ratio of the energy of 1-60 Hz over the energy of higher frequencies.
Motion Artifacts.We ask the participants to wear our sensor at the normal position and rest with their eyes
closed for one minute with few motions. Then the participants are asked to move their head up and down with
multiple rounds for one minute. Later, the head motion from left to right is conducted similarly. As shown in
Figure 9(a), with head motions, the signal RMS increase slightly while the SNR values remain stable.
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(c) Task 3: social/non-social situations

Fig. 10. Differences between HC, MCI, and dementia for Task 1, 2, and 3 in passive visual stimuli

Electrode Displacement. Since our ear-EEG and headband are designed for the ear region and the head region,
the space for displacement is relatively limited. We firstly ask the participants to keep resting with eye closed for
one minute with few motions, wearing our sensor at the normal position as shown in Figure 5. Then we move
the ear-EEG by up to 15 degrees clockwise and the head-EEG with around 1 centimeter right from the participant.
Later, the ear-EEG moves from the normal position to around 15 degrees in counter-clockwise (-15◦) and the
head-EEG with 1 centimeter left from the participant. Figure 9(b) shows the results of the displacement. The
clockwise displacement 15◦ influences the signal RMS as it has more contact with hair. Since our electrodes are
gel based, the SNR values remain stable across the displacements.

4.4 Neuro-physiological and Behavioral Feature Validation
To validate the feasibility of our collected features, we examined systematic differences in neurophysiological
and behavioral responses among cognitively-healthy controls (HC), individuals with MCI, and patients with
dementia. Participants were stratified based on MoCA scores: HC (≥26), MCI (19-25), and dementia (<19). We
analyzed Short-Time Fourier Transform (STFT) of 16-channel EEG to assess spectral power distribution and
Directed Transfer Function (DTF) over 0-30 Hz to quantify inter-regional information flow. Concurrently, gaze
allocation was analyzed to reveal attentional patterns.
A consistent pattern emerged across nearly all visual tasks: a gradient of neurophysiological activity corre-

sponding to the severity of cognitive impairment. Both DTF and STFT analyses revealed that HCs consistently
demonstrated stronger functional connectivity and higher alpha-band (8-14 Hz) power compared to MCI and
dementia groups (Figure 10, 11, 12). This observed decrease in alpha power, and consequently an increased
theta-to-alpha ratio (TAR), aligns with established neural correlates of visuospatial, memory, and language
dysfunction [10]. Gaze patterns provided complementary behavioral evidence, revealing distinct group-specific
attentional strategies.
During naturalistic scene exploration (Task 1, Figure 10(a)) and object viewing (Task 2, Figure 10(b)), HCs

exhibited broad, exploratory gaze patterns. In contrast, patients with dementia demonstrated pronounced gaze
fixation, concentrating on single salient objects (e.g., the eagle in Task 1) and a limited subset of items in Task 2
and Task 3 (Figure 10(c)). This restricted visual search is consistent with prior findings of diminished curiosity
[17] or attentional dysfunction [54] in dementia.

Tasks designed to probe the detection of incongruity further highlighted these attentional differences (Figure
11). When presented with an anomalous image (a bird with a cat’s head; Task 4, Figure 11(a)), HCs not only
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Fig. 11. Differences between HC, MCI, and dementia for Task 4, 5, and 6 in passive visual stimuli
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(c) Task 9: simple arithmetic

Fig. 12. Differences between HC, MCI, and dementia for Visual Task 7-9. The text in (a) means ‘Two children are boating on
the mountain’. Here we select the language fits best for the patients but that can be transferrable to other languages.

fixated on the incongruous feature but also scanned its surroundings, suggesting a comprehensive evaluation.
MCI participants identified the anomaly and showed reduced subsequent exploration, whereas dementia patients
showed minimal attention to it, potentially indicating a failure to recognize the incongruity. Similarly, in a social
scene task (Task 5, Figure 11(b)), HCs inspected both the present individual and the empty space where a person
was absent in a paired image. Dementia patients, however, disproportionately attended to a non-social element (a
bird) over the person, particularly in one of the images. This behavior may be indicative of apathy, a common
symptom in certain dementias [70]. For the moving target task (Task 6, Figure 11(c)), HCs successfully tracked
the object’s full trajectory. While MCI participants also tracked the target, their performance was most effective
in the latter half of its path. In stark contrast, the gaze patterns of dementia patients failed to form a coherent
trajectory, indicating a clear impairment in smooth pursuit and sustained attention.

The final set of tasks targeted higher-order cognitive processes (Figure 12). In a semantic incongruity task (Task
7, Figure 12(a)), HCs and MCI participants focused their gaze on the conflicting words ("boating" and "mountain")
within the sentence "Two children are boating on the mountain," demonstrating recognition of the semantic
error. Patients with dementia, however, fixated on a non-conflicting word ("children"), failing to engage with the
logical inconsistency. The visual recognition memory task (Task 8, Figure 12(b)) also revealed clear deficits. HCs
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Fig. 13. Overview architecture of our proposed CogAssess model

preferentially explored novel over previously seen images, a hallmark of intact recognition memory [47]. MCI
participants showed a less distinct preference, suggesting memory impairment, while dementia patients tended
to stare at the screen’s center or the previously presented image, a behavior consistent with severe memory
dysfunction or apathy [16, 17].

We also observed task-dependent modulation of brain activity. The simple arithmetic task (Task 9, Figure 12(c))
elicited markedly lower overall DTF amplitudes across all groups compared to the complex visual tasks, suggesting
lower cognitive resource recruitment. For dementia patients in this task, EEG signals were characterized by stable,
low-frequency activity with minimal high-frequency energy. This pattern suggests either a failure to engage
with the task or an inability to perform the calculation. We posit that eye-movement information, potentially
extractable from forehead electrodes, could be leveraged to disambiguate between non-engagement and cognitive
failure by assessing gaze fixation on the equation.
In summary, the consistent neuro-physiological and behavioral differences observed across the cognitive

spectrum provide a strong empirical foundation for cognitive analysis.

5 Benchmark
The benchmark task is cognitive score regression (MoCA/MMSE, 0-30) from EEG signals collected during passive
viewing of visual stimuli and during rest. We propose CogAssess, a novel deep learning framework designed
to address the challenge of regressing a stable, long-term cognitive status from short-term, multi-task signals.
CogAssess employs a three-stage hierarchical architecture (Picture, Task, Subject) and is trained with a specialized
alternative optimization protocol. The backbone is an EEG foundation model, CBraMod [71], adapted to our data
by masked signal reconstruction with 75% mask ratio.

5.1 CogAssess: A Hierarchical Learning Framework
CogAssess is a three-stage hierarchical architecture with a specialized training protocol. More details can be
found in Appendix B.
Picture Layer: This layer extracts features from 3-second EEG segments corresponding to each picture. To learn
rich representations, it jointly optimizes two objectives:
(1) EEG-Visual Alignment: It aligns EEG features with the visual embeddings produced by a VLM (Janus-

Pro-7B [15]) using cross-attention. This module is guided by a proxy task: visual task classification.
(2) Sample-wise Contrastive Learning: To preserve subject-specific cognitive patterns and prevent over-

fitting to visual stimuli, it uses contrastive learning [26] with pink noise augmentation [65] to make
representations from different subjects discriminative.

Task Layer: This layer aggregates picture-level features into robust task embeddings.
(1) Intra-task Aggregation: It uses conditional attention mechanisms—a standard one for isomorphic tasks

and a difference-based one for contrastive tasks—to create task-specific representations.
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Variants Baselines Feature Extractor Training Scheme Data

Cognitive Assessment
with EEG Solutions

BL-A Handcraft+ML End-to-End R
BL-B Handcraft+ML End-to-End R+V
BL-C GCN-Transformer End-to-End R

EEG Foundation Model

BL-D Foundation Model End-to-End R
BL-E Foundation Model Frz. E+Trainable Reg. R
BL-F Foundation Model Frz. E+Trainable Reg. R+V

CogAssess-v1 Foundation Model Alternative R+V

Eye Tracking Input BL-G Eye tracking Model Alternative ET

CogAssess with
Visual Stimuli

CogAssess-v2 Ours Alternative R
CogAssess-v3 Ours Alternative V
CogAssess Ours Alternative R+V

Table 4. Benchmark models. ‘BL’: ‘Baseline’, ‘ML’: ‘Machine Learning’, ‘Frz.’: ‘Frozen’, ‘E’: ‘Encoder’, ‘Reg’: ‘Regressor’, ‘R’:
‘Resting EEG’, ‘V’:‘Visual Task EEG’, ‘ET’: ‘Eye Tracking’.

(2) Inter-task Augmentation: Based on the clinical observation of order invariance in cognitive tests, we
apply a permutation-based augmentation by shuffling a random subset of task embeddings. This forces the
model to learn order-invariant features and expands the training data.

Subject Layer: The final layer concatenates the augmented task embeddings and feeds them into a 2-layer Trans-
former to model inter-task correlations. The resulting subject-level embedding is used to regress MoCA/MMSE
scores. An auxiliary loss on predicting clinical sub-scores provides additional regularization.

5.2 Alternative Optimization Protocol
Due to sparse supervision, i.e., one score per subject, we employ an Alternative optimization strategy. The training
alternates between updating the picture-level feature extractor using the classification and contrastive losses and
updating the entire model end-to-end using the final regression loss. This stabilizes training by balancing the
general feature learning with task-specific tuning.

5.3 Baseline Methods
To the best of our knowledge, there are currently no methods specifically designed for stimulus-triggered
cognitive assessment with low-cost devices. However, to further validate the reliability of the proposed dataset
and evaluate the efficiency of our proposed CogAssess, we re-implemented four advanced baseline models from
similar applications as shown in Table 4.

• Baseline A: The work [66] proposes a machine learning method based on multi-domain features extracted
from resting EEG, achieving impressive performance in predicting cognitive scores using standard 19-
channel EEG data. We re-implement this method by extracting the same statistical features from the resting
EEG signals and predicting with the AdaBoost regressor.

• Baseline B: We replace the resting input from Baseline A with EEG from both visual and resting tasks.
• Baseline C: Sun et al. [65] designs a graph convolution (GCN) enhanced Transformer to analyze scalp EEG
data from over 700 subjects. We reproduce the model using the 3-minute resting EEG signals as input.

• Baseline D: As the SOTA EEG foundation model, CBraMod [71] leverages spatiotemporal attention with ex-
tensive EEG knowledge from multiple datasets. We re-implement the end-to-end full-parameters finetuning
in CBraMod to the cognition regression task with the 3-minute resting EEG signals.

• Baseline E: To further explore the optimization strategy, we freeze CBraMod as the encoder and use our
trainable regressor to predict the cognitive scores with 3-minute resting EEG signals.
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• Baseline F: Compared with Baseline E, we replace the input from the resting EEG signals with the signals
during both visual tasks and the resting task. The encoder is frozen on the picture layer with average
aggregation for task features and concatenates the task features as subject features to train the regressor.

• Baseline G: Mengoudi et al. [52]. propose an eye-tracking-based dementia detection method using visual
stimuli. We reproduce the same feature extractor and replace the classifier to our regressor with our
eye-tracking data.

• CogAssess-v1: We further replace Baseline F’s training strategy with our alternative scheme. We train the
foundation model with the cross entropy loss on the picture layer, whose features are processed with our
task layer and subject layer as the alternative training.

• CogAssess-v2: We use our CogAssess method but only take the resting EEG signals as the input. Therefore,
the picture-layer classifier and EEG-visual alignment are disabled correspondingly.

• CogAssess-v3: To evaluate the importance of our visual stimulus, we use our CogAssess model and only
signals during visual tasks as the input.

• Ours: The complete version of CogAssess with EEG signals during both visual and resting tasks as input. It
incorporates EEG-visual alignment and sample-wise contrastive learning in the picture layer, and adopts
our task layer and subject layer to alternatively train the regressor.

6 Results and Findings
In this section, we will illustrate how we have demonstrated the effectiveness of EasyCog. We will first introduce
the evaluation methodology, and then the performance of benchmark methods on our EasyCog dataset. Then we
will provide an analysis of the results. Finally, we present the robustness study of our passive stimuli and provide
extra insights about electrode configuration optimization and disease diversity.

6.1 Evaluation Methodology

Train / Validation / Test Split.We conduct 10-fold cross-subject split to form the training, validation, and
testing sets. A total of 101 participants are divided into 10 groups of 10 to 11 individuals. We ensure that each
group contains a balanced number of cognitively-healthy individuals (MoCA score ≥ 26), those with MCI (25 >
MoCA score ≥ 19), and individuals with moderate or severe cognitive impairment (MoCA score < 19). Each group
is rotated as the test set while another group is selected as the validation set. The other left groups are all training
sets. In the training phase, we save the model parameters with the best performance on the validation set to
demonstrate the optimal feature extraction capability for the unseen group. The model from the last epoch with
the early stop on the validation set will be evaluated on the test set to demonstrate the generalization capability.
Metrics.We evaluate the benchmarks’ performances compared with the clinical professional’s assessment of
MoCA and MMSE. The metrics include the mean absolute error (MAE) and Pearson correlation coefficient (PCC)
with MoCA and MMSE scores. Since both the validation and test sets contain subjects unseen during training,
we report the results on the validation set with the best performance on the validation set and the test set with
the last model parameters. We regard the best performance on the validation set and the test set as the metrics of
cognitive information fitting and generalization ability, respectively.

6.2 Overall Performance
We first conduct the cognitive score prediction task using our benchmark methods, as shown in Table 5.
Performance of SOTA Scalp-EEG solutions: Baseline A uses handcrafted statistical features as input and
Baseline B adds visual task signals; however, the performance does not improve. This may be due to a weak
regressor. Baseline C is a spatiotemporal transformer using resting EEG, achieving a better validation performance
but a poor test performance. This indicates that traditional methods, while effective for clean, lab-grade EEG,
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Validation Set Test Set
MoCA MMSE MoCA MMSE

MAE PCC MAE PCC MAE PCC MAE PCC
BL-A 6.223 0.237 5.677 0.143 6.183 0.218 5.536 0.223
BL-B 6.617 0.105 5.783 0.132 6.533 0.069 5.628 0.197
BL-C 5.830 0.264 5.264 0.296 8.352 -0.106 7.360 -0.081
BL-D 6.336 0.155 5.718 0.190 6.892 0.095 5.892 0.136
BL-E 6.256 0.039 5.339 0.059 6.498 -0.013 5.814 -0.003
BL-F 6.265 0.029 5.381 0.034 7.066 0.011 5.932 0.000
BL-G 4.792 0.596 4.238 0.559 7.068 -0.025 5.875 0.021

CogAssess-v1 5.156 0.502 4.663 0.518 7.934 0.068 6.616 0.101
CogAssess-v2 5.834 0.296 4.787 0.366 7.094 0.023 6.025 0.046
CogAssess-v3 5.451 0.421 4.363 0.469 7.445 0.116 6.062 0.195
CogAssess 5.339 0.453 4.291 0.526 6.975 0.213 5.659 0.310

Table 5. Overall performance of all subjects. Both the validation set and test set are unseen to the training data.
are insufficient to capture the complex and subtle cognitive patterns present in data from our low-cost sensors
in daily environments. On the other side, handcrafted feature methods exhibit more stable patterns in both
validation and test sets.
Performance of SOTA EEG Foundation Model: BL-D to BL-F are based on EEG foundation models, which are
mainly trained on general cognitive tasks. They have poor performances even in the validation set. In CogAssess-
v1, we change the training scheme to our alternative method, obtaining a better validation performance. This
indicates the data from cognitive assessment is unique and requires specialized model adaptation considerations.
Performances of CogAssess: Our complete CogAssess improves CogAssess-v1 with a better feature extraction
design on the picture layer with a much better generalization performance. This indicates that EasyCog data can
reflect cognitive conditions but need careful feature extraction.
Impact of Visual Stimuli: In CogAssess-v2 and CogAssess-v3, we use resting EEG and visual task EEG as
input, respectively. Compared to the complete CogAssess, which achieves the most balanced validation and test
performance with the best generalizability and effective feature decoding, both resting tasks and visual tasks are
essential for obtaining a comprehensive cognitive assessment.
Modality Comparison: Baseline G analyses eye tracking data with an advanced eye tracking feature extractor
[52] during the visual tasks. Compared with CogAssess-v3, both modalities can achieve comparable performances
during the visual tasks. This indicates that eye tracking can also reflect brain functions which imply the feasibility
of a contactless solution. However, it cannot utilize the brain functions during the resting part, which could
further complement the cognitive understanding as shown in our complete CogAssess.
Summary: (1) The EEG data under our stimuli can reflect cognitive conditions validly but requires dedicated
feature extraction and emphasizes generalization design. (2) Both resting and visual tasks EEG are complementary
to obtain a comprehensive cognitive assessment. (3) Both modalities, EEG and eye movement contain cognitive
information with different characteristics. Eye movement is closer to visual tasks and requires fewer efforts for
feature extraction, which indicates the contactless assessment feasibility. EEG can complement eye tracking with
more diverse scenarios while eye tracking may guide EEG efficient feature extraction. (4) The major challenge
is the generalizability issue, which is common in EEG-related works [71] for both subject variety and signal
changes. Our dataset can reflect this challenge and function as a benchmark to indicate the algorithm capability.

6.3 Impact on EEG Electrodes
We adopt the existing forehead and around-the-ear electrode deployment in the EasyCog dataset, but there is still
room to further improve the design of electrode sensors. We check the importance of each electrode to explore
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Validation Set Test Set
MoCA MMSE MoCA MMSE

#Channels MAE PCC MAE PCC MAE PCC MAE PCC
16 5.339 0.453 4.291 0.526 6.975 0.213 5.659 0.310
10 6.031 0.206 4.859 0.359 7.296 0.062 6.026 0.154
6 5.254 0.435 4.465 0.539 8.667 -0.030 6.760 0.100

Table 6. Performance of different electrode numbers

the impact of electrodes from a different number of channels. Specifically, for the 10 channels setting, we select
R1, R3, R8, R10, FR1, FR4, L1, L3, L8, and L10 to reduce the spatial resolution while maintaining the distribution
range, and for the 6 channels setting we further reduce to R3, R8, FR1, FR4, L3, and L8. The results are shown in
Table 6. We observe that although the reduced channels setting achieves comparable results on the validation set,
the maximal generalizability still occurs in the all channels setting.
Key Insight: This result emphasizes the effectiveness of our sensor in that the increasing channel number

brings obvious improvement in generalizability, but it is still promising to further optimize the number and
positions of the electrodes.

6.4 Feature Analysis
To further explore the EasyCog dataset for deeper insight, we visualize the feature distribution for subjects across
different severity levels in Figure 14, using UMAP [50] to project regression features from the final layer of the
regression model on the validation set.
We calculate the inter-class distance to demonstrate our observation. The distance between two classes is

defined as the distance between the two centroids of the classes in feature space. The inter-class distance for
Healthy-Dementia, Healthy-MCI, and MCI-Dementia are 1.03, 0.15, and 0.95 respectively, where Healthy is short
for Cognitively-healthy. The closed distance for Healthy-MCI indicates the difficulties in recognition of MCI.
However, the distance for Healthy-Dementia is larger than MCI-Dementia, representing our CogAssess’s ability
to distinguish different severities.

Key Insight: EasyCog can facilitate impairment severity analysis from the feature understanding. This provides
a potentially valuable research opportunity: MCI might not be a homogeneous class [22], and its neural signature
may lie on a spectrum. The EasyCog dataset allows investigation into these nuanced boundaries, which are often
hidden in categorical diagnostic labels.

6.5 Case Study: Successive Assessments
To examine successive assessments, we select some subjects and conduct both scale-based assessments and our
easy cognitive assessments in successive 3 to 5 days, and the results are shown in Table 7. The prediction is
given by CogAssess. We first observe that both the MoCA and MMSE scores fluctuate substantially over short
intervals for all subjects, proving the significant impact of the practice effect. Recall that 26 is the cutoff for MoCA
MCI screening, and we can find that subject D and E change from MCI to Cognitively-healthy persons with
continuous scale tests. Here we compute the ground truth standard deviation (GT STD) and prediction standard
deviation (Pred. STD), which is computed by the standard deviation (MoCA+MMSE) across different sessions for
the same subject. The large ground truth variation demonstrates the significant practice effect of scale-based
methods, and the prediction variation with the EasyCog setting is usually much less than the scale. This indicates
that it is possible to achieve stable assessment despite repeated tests via the cognitive models. Although current
predictions are not accurate enough, we envision that by including more diverse subjects and involving stronger
design with deeper understanding, it is possible to achieve an accurate cognitive assessment.
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Ground Truth Prediction
Subject Session MoCA MMSE MoCA MMSE GT STD Pred. STD

A 1 19 23 24.660 28.411 1.5 0.5802 21 24 25.775 28.456

B 1 15 18 27.134 26.116 1.0 1.4992 16 19 23.830 26.422

C
1 26 28 17.169 25.686

1.700 0.7022 29 28 17.130 24.989
3 30 28 17.110 24.032

D
1 25 29 14.957 22.816

1.247 1.4872 28 28 12.670 21.843
3 28 29 16.755 20.741

E 1 27 25 15.040 24.455 1.0 0.0252 28 26 15.575 23.869

F
1 14 20 13.235 22.447

6.944 0.2042 19 24 13.186 22.521
3 22 29 13.679 22.448

G 1 12 18 26.067 27.506 5.0 1.4872 19 21 21.810 28.790
Table 7. Performance of successive assessments

MoCA MMSE
MAE PCC MAE PCC

Cognitively-healthy 4.855 -0.176 4.041 0.119
MCI 3.430 0.190 2.475 0.205

Moderate Dementia 4.184 0.379 2.748 0.619
Severe Dementia 9.409 -0.098 8.482 0.292

Table 8. Performance across different severity

MoCA MMSE
MAE PCC MAE PCC

Control 4.900 0.139 3.337 0.082
PD 4.294 0.588 3.951 0.474
AD 6.100 0.404 7.500 0.388
VaD 6.205 0.341 6.189 0.472

Table 9. Performance across different diseases

6.6 Demographic Analysis
We also present performance statistics across different severities and diseases from the validation models, as
shown in Table 8 and Table 9, respectively.

For performances across different severities, CogAssess achieves lowMAE and low PCC for Cognitively-healthy
individuals and those with Mild Cognitive Impairment (MCI), indicating that the model can classify these groups
well but is unable to capture fine-grained differences within each type. For subjects with severe dementia, the
model obtains high MAE, which likely indicates that the model is not robust enough to decode the common
cognitive information from heterogeneous dementia patients,. Another possible reason is that MoCA and MMSE
scales may not fit patients with severe dementia [77], resulting in inaccurate ground truth and thus high MAE.

Regarding performances across different diseases, we first observe that the model also achieves a low PCC for
the control group, which possibly means that the factors influencing cognitive impairments in the control group
are inconsistent and complex. When comparing across diseases, participants with Parkinson’s Disease (PD) are
the most accurately classified in our dataset, while subjects with Alzheimer’s Disease (AD) and Vascular Dementia
(VaD) have higher MAE. This discrepancy also reflects differences in EEG signal patterns across diseases. PD is
known to produce more consistent EEG alterations (e.g., frontal slowing), whereas AD and VaD often present with
more variable and diffuse abnormalities [59, 67]. Another reason is that the AD and VaD participants have lower
cognitive scores with lower cooperation and reactions. These findings highlight the potential of the EasyCog
dataset not only for general cognitive assessment but also as a foundation for disease-specific biomarker discovery.
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Fortunately, we also observe that, regardless of whether it is PD, AD, or VaD, the model can obtain high PCC
among each disease, indicating that our system shows promise in capturing intra-disease severity information.

7 Discussion
Our work demonstrates the feasibility of decoupling cognitive assessment from active, instruction-based tasks.
By showing that passive viewing of structured visual stimuli can elicit differentiable neuro-physiological and
behavioral signatures across the cognitive sprecturm, EasyCog provides a proof-of-concept for truly low-burden
screening. The validation of consumer-grade, easy-to-wear sensors in real-world settings further lowers the
barrier of deploying such assessments at scale, moving beyond the confines of specialized lab environments.

The dataset opens several key research domains. The synchronized EEG and gaze data enables the discovery of
multimodal biomarkers, i.e., researchers can investigate how attentional deficits correlate with changes in neural
connectivity in specific dementia subtypes. Futhermore, the rich stimulus set allows for fine-grained analysis
of cognitive domain deficits, linking specific task performance to the sub-scores of MoCA. Most importantly,
EasyCog can serve as a benchmark for developing new models that bridge modalities, which has implications for
both brain-computer interfaces and understanding the mechanisms of visual attention.

Despite the promising potential, EasyCog has limitations that define clear directions for future work. First, the
dataset’s current composition has an imbalanced in dementia conditions and was collected in clinical settings.
Further data collection should aim to balance the disease cohorts and also extend to in-home settings to improve
the model generalizability and ecological validity. Second, the stimulus protocol and sensor configuration can be
further optimized with the evolution of hardwares. Systematic ablation studies are needed to identify the most
important tasks and EEG channels for each specific sub-tasks, which may help minimize the protocol and sensor
set. This could pave the way for a more accessible self-management assessment tool.

8 Concluding Remarks
In this work, we propose EasyCog, a novel multi-modal dataset specifically designed for low-burden and low-cost
cognitive assessments. By utilizing easy-to-wear, low-cost electrodes activated by passive visual stimuli, EasyCog
enables participants to engage in cognitive evaluations with minimal discomfort and effort. This innovative
approach addresses the limitations of traditional assessment methods, such as the MoCA and MMSE, which often
impose significant user burdens. Furthermore, we propose a benchmark that includes a novel model tailored for
low-burden cognitive assessment, alongside four advanced baseline methods. Through extensive experiments, we
demonstrate the effectiveness of EasyCog and our benchmark methods, showcasing the potential of integrating
passive visual stimuli with low-cost sensors in practical cognitive evaluations. We envision that this dataset and
our benchmark will provide valuable insights into cognitive function and impairment, ultimately promoting the
development of low-burden and accessible cognitive assessment tools that benefit the elderly population.
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A Appendix: Information of Passive Visual Stimuli
This section describes the details of stimuli design and selection. Based on the stimuli rationale in Section 3.2, we
need to collect pictures to serve as visual stimuli for the video. The duration for each picture is set to between 3
and 5 seconds, as determined by previous studies [52, 76]. To minimize participant fatigue and maintain attention,
we limited the overall test duration to 10 minutes, including a 3-minute closed-eye resting period—a duration
considered appropriate by experienced clinicians. Therefore, each task is allocated 10 different pictures, except for
the moving target task, which contains only 6 videos of 5 seconds each to avoid fatigue from prolonged pursuit.
Wherever possible, we selected stimuli from established sources used in cognitive research. All pictures in

Tasks 1 and 2, as well as the pictures featuring people in Tasks 3 and 4, are randomly selected from the image
dataset proposed by Xu et al.[73], which has also been utilized for visual analysis in dementia research[76]. For
the non-social pictures in Tasks 3 and 4, which need to resemble the corresponding social pictures, we search for
images on Google using keywords that illustrate the background of the social pictures.
In Task 5, which requires incongruent elements, we employed a large generative model DALL-E 3 to create

two types of pictures: objects with abnormal properties (e.g., a horse with an abnormal number of legs) and
objects placed in incongruent backgrounds (e.g., a lion sitting in a classroom) [17, 44]. For the video featuring
an object moving at a constant velocity within naturalistic scenes, we filmed moving ships and aircraft from
different directions and adjusted their velocities accordingly. In Task 7, we follow the sentence structure of the
reading task from the Aphasia Battery of Chinese (ABC) scale, which was generated by a large language model.
In Task 8, a presented picture will occur alongside a similar picture, where the similar picture is also sourced
from Google using keywords extracted by a visual language model. For Task 9, the pictures directly depict simple
one-digit arithmetic.

After collecting all the pictures, we concatenate them into a video, with a 2-second interval between each task.
The total video duration is 430 seconds, and examples for each task are shown in Figure 4. To ensure clinical
validity, three experienced clinicians reviewed the full video and confirmed that the stimuli appropriately covered
all core cognitive domains assessed by the MoCA and MMSE scales.

B Appendix: Details of CogAssess

B.1 CogAssess Implementation
This section presents the implementation details of the proposed benchmark method, CogAssess. It is a three-layer
hierarchical deep learning model that extracts cognitive features from the EEG signals.
Picture Layer: Visual Stimuli Alignment with Sample Contrastive Learning. The picture-layer part
extracts EEG features corresponding to the single picture that serves as the basic unit to form the entire video
stimuli. Since each picture lasts from 3-5 seconds, we use the synchronized 3-second EEG signals as input with
specific regularization to guide the model towards cognitive features from the short period of inputs.

(1) Visual Stimuli Alignment.We first need to align the varying EEG signals with the cognitive visual stimuli
for shared patterns at the picture level. To bridge the modality gap between visual pictures and brain electric
signals, we adopt an EEG-Visual Alignment module. We firstly acquire a robust and comprehensive visual picture
embedding from a leading large visual language model (VLM) Janus-Pro-7B [15]. Then we align the EEG features
from the EEG foundation model with the visual embeddings from the VLM model with cross-attention. This
cross-attention is similar to the self-attention module [69] but it learns the query module from visual pictures to
extract more correlated EEG features. Here we leverage the visual task classification as the proxy optimization
target to extract features discriminative to different visual tasks inside the video [52].
(2) Sample-wise Contrastive Learning. Note that our target is to discriminate picture-layer EEG features

across different tasks and different subjects. If the proxy visual task classification is well optimized, the features can
be overfitted with the visual stimuli contents with no cognitive features preserved. To preserve the deep cognitive
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differences, we apply contrastive learning [26] to make EEG features across different pictures discriminative
to other samples. Specifically, we adopt the pink noise data augmentation [65] to generate two views from the
same picture-layer EEG input as the positive pairs and regard other samples as the negative ones. The contrast
learning aims to pull the positive pairs closer and to push the negative pairs farther. Therefore, it serves as a form
of regularization that helps maintain distinctions between different samples while also making the model robust
to augmented noise.

Task Layer: Intra-task Aggregation and Inter-task Augmentation.With the picture-layer features, we need
to extract the task-representative features from multiple pictures.
(1) Intra-task Aggregation. Since each task contains around 10 pictures, different subjects may behave

differently. We adopt a dynamic aggregation module based on attention [69] on the extracted features from the
pictures within the same task. Considering the nine visual tasks with different focuses on cognitive triggers, we
classify the intra-task aggregation into two conditions: (1) Intra-isomorphic task: the pictures inside the same task
are designed for the same functions, i.e. Tasks 1, 2, 5, 6, 8, 9. (2) Intra-contrast task: the pictures inside the same task
contrast with adjacent pictures to amplify the response difference, i.e. Tasks 3, 4, 7. For the intra-isomorphic tasks,
we regard their features as similar across the intra-task pictures and directly feed them to the attention module
for feature aggregation. For the intra-contrast task, we form the contrastive pairs and extract the corresponding
feature differences, which are further processed as the task features with another attention module.
(2) Inter-task Augmentation. With the above intra-task aggregation, we can acquire task-layer features.

We observe the tasks in the clinical scales share the order invariance that the overall cognitive evaluation can
be conducted without a fixed order. Based on this insight, we design an order-randomizing data augmentation
method to force our task features invariant to different sequence orders. It creates multiple task feature sequences
with different orders and forces the cognitive regression to be consistent across different orders. Let the augmented
ratio be 𝛽 and the number of tasks in the visual stimulus is 𝑁𝑡𝑎𝑠𝑘 = 10. During each augmentation, we first select
𝛽 ∗ 𝑁𝑡𝑎𝑠𝑘 tasks and then shuffle these selected tasks to form a new sample. With the ratio 𝛽 , we can control the
similarity between the original and the new distribution. In our experiments, we augment the data 100 times
with 𝛽 = 0.6 by empirical experience, resulting in a dataset of reasonable size for training.

Subject Layer: Cognitive Regression. Finally, we aggregate all task embeddings from the same subject by
concatenation the task features with the shape of [10, 𝑛𝑑𝑖𝑚], where 𝑛𝑑𝑖𝑚 is the target feature dimension and 10 is
the number of tasks with random orders. We then apply mix-up augmentation [79] to further extend the dataset.
The regression model is a 2-layer transformer with two linear layers to regress both the overall scores and each
detailed question score in the clinical scales as a consistency regularization.

Implementation. We implement the benchmark model with PyTorch 2.0.1 on an NVIDIA RTX 4090 GPU. The
EEG encoder is a pre-trained CBraMod model [71] with an extra linear layer for feature transformer and then
conducts mask reconstruction on our data collection with a mask ratio of 75% for 100 epochs. The EEG-Visual
alignment part firstly extracts the last token from the high-dimension visual token embeddings from Janus-Pro
[15] and maps the token from 4096-dim to 200-dim. Then a cross-attention module aligns both modalities, whose
outputs are transformed with a linear layer for MoCo-based contrastive learning [26]. It is optimized with the
cross entropy loss for visual task classification and contrastive loss with the same weight. The task layer has
two attention modules with 200-dim for intra-isomorphic tasks and intra-contrast tasks separately. The subject
layer has a 2-layer transformer model for cognitive score regression. The final output layers are two linear layers,
where the first one outputs 2 scores for MoCA/MMSE estimations, and the latter one outputs the 13 subscores of
each clinical scale for detailed regularization. It is optimized with a multi-task loss, which contains the L1 loss
for both MoCA and MMSE scores with a weight of 1 and the L1 loss for the subscores with a weight of 0.1. The
benchmark model has an optimizer of Adam with a cosine-scheduled learning rate that increases from 0 to 1𝑒−3
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Design Modules Validation Set Test Set
MoCA MMSE MoCA MMSE

VA MoCo TA Rand. Ord. MAE PCC MAE PCC MAE PCC MAE PCC
5.339 0.453 4.291 0.526 6.975 0.213 5.659 0.310
5.495 0.402 4.554 0.430 7.483 0.115 6.101 0.148
5.967 0.402 5.070 0.297 6.972 0.011 5.839 0.200
5.156 0.502 4.663 0.518 7.019 0.110 6.125 0.097
5.412 0.474 4.629 0.519 8.013 0.062 6.681 0.066
5.133 0.456 4.497 0.480 9.186 -0.024 8.035 -0.030

Table 10. Ablation study of CogAssess, ’VA’: ’visual alignment’, ’TA’: ’task cross attention’.

in the first 20 epochs and then decreases to 5𝑒−5 from 20 to 100 epochs. We adopt an early stop strategy that
stops the training if the error on the validation set no more decreases for 5 epochs.

B.2 Impact on the CogAssess Modules.
We then conduct an ablation study on our CogAssess model to demonstrate the effectiveness of each design, and
the results are shown in Table 10. By adding the task random ordering augmentation, the performance on the
test set slightly increases, presenting better data generalizability. When we further add the task cross attention,
the model achieves the highest performance on the validation set, while losing the ability to generalize to other
data. Although the involvement of MoCA brings significant performance degradation on the validation set, it
dramatically improves the generalized performance on the test set. Finally, when all components are activated,
the model achieves the best balance of the ability of cognitive information understanding and generalizability,
demonstrating the effectiveness of our designs on CogAssess.
Key Insight: This result shows the promising results from the EasyCog dataset and CogAssess that it can learn a
high correlation on the validation set which indicates better cognitive features. The EEG signals are varying and
we need to align them with the stimuli settings to make the model focus more on the visual-triggered features
for better generalizability.
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