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Abstract

Capturing shared cognitive processes across individuals is cru-
cial for cross-subject EEG emotion recognition. Existing stud-
ies overlook the subjective experiential component introduced
by individual cognitive biases, causing redundant information
to be entangled with the extracted emotion-related features. To
this end, we propose a cross-subject EEG emotion recognition
method named CDDP (Cognitive Debiasing via Disentangled
Pre-training). Specifically, during pre-training, cognitive dis-
entanglement and contrastive learning are leveraged to extract
subject-invariant intrinsic features (essentially emotion-relevant
features) and subject-specific bias features (subjective experi-
ential knowledge) from EEG signals. Meanwhile, a variational
autoencoder (VAE) is introduced to generate diverse bias fea-
tures in the latent space, alleviating overfitting caused by limited
source domain EEG data. During fine-tuning, an emotion clas-
sifier is jointly trained with the pre-trained subject-invariant
intrinsic feature encoder to capture discriminative emotion rep-
resentations. CDDP achieves accuracies of 88.62% and 75.38%
on the SEED and SEED-IV datasets, respectively, demonstrat-
ing state-of-the-art performance.

Keywords: Cognitive bias; Disentanglement; Contrastive
learning; Cross-subject; EEG emotion recognition.

Introduction

EEG-based emotion recognition is a widely studied topic in
the brain-computer interface (BCI) field (Samal & Hashmi,
2024). It has shown strong potential in applications such as
mental health monitoring (Rahman et al., 2025) and intelligent
human-computer interaction (Erat et al., 2024). In practice,
the key challenge is recognizing emotions in unseen subjects.
This task is known as cross-subject EEG emotion recogni-
tion. Inter-individual differences in brain structure and cogni-
tive processes lead to substantial EEG heterogeneity (Genon
et al., 2022). Such heterogeneity limits the generalization of
conventional emotion recognition models (Suykens & Vande-
walle, 1999) in cross-subject scenarios.

Existing studies mainly adopt transfer learning methods
(Pan & Yang, 2009) to mitigate distribution shift caused by
inter-individual variability. Depending on whether target do-
main data are accessible during training, transfer learning
is commonly categorized into domain adaptation (DA) and
domain generalization (DG). DA methods (Qiu et al., 2024)

*Corresponding authors.

jointly leverage source domain data and a small amount of tar-
get domain data. They align features from different domains
into a shared space. This alignment alleviates the mismatch
between training and testing distributions. However, in prac-
tice, data from new users are often difficult to obtain. In some
cases, such data are entirely unavailable. This limitation re-
stricts the applicability of DA. In contrast, DG methods (Sun
et al., 2025) do not rely on target domain data. They train
models on data from multiple source domain subjects. The
goal is to learn subject-invariant emotion features. There-
fore, DG better matches deployment requirements in practical
BCI applications. Despite their success, these methods often
overlook the neural mechanisms underlying emotional infor-
mation processing. This oversight limits the ability to capture
features that are intrinsically emotion-relevant. Neuroscience
studies indicate that, under the same stimulus conditions, neu-
ral activity can exhibit a certain degree of synchrony across
different subjects (H. Liu et al., 2021). Several works (Hu et
al., 2025; Shen et al., 2022) use this idea to construct positive
and negative pairs for contrastive learning. They aim to learn
subject-invariant emotion features. However, such methods
ignore cognitive bias toward the same stimulus across indi-
viduals. For example, patients with depression tend to make
negative interpretations, whereas patients with anxiety tend to
overestimate threats (Moulds & McEvoy, 2025). Such cogni-
tive bias can be regarded as a source of individual differences
in emotion processing. If it is indiscriminately entangled into
emotion representations, the model can learn redundant in-
formation coupled with individual bias. Moreover, limited
source domain EEG data make it difficult for the training set
to cover diverse bias patterns. This issue further increases
the risk of overfitting. These factors together constrain the
generalization ability of cross-subject models.

To address these issues, a cross-subject EEG emotion recog-
nition method, termed CDDP (Cognitive Debiasing via Dis-
entangled Pre-training), is proposed. This method examines
inter-individual variability in EEG signals from a new per-
spective of cognitive debiasing. The core motivation is that,
if individuals can psychologically separate subjective percep-
tions of reality from intrinsic thought representations, bias-
induced interference with shared emotion representations can
be suppressed. This separation facilitates the extraction of
robust subject-invariant intrinsic features. As a result, per-
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formance on cross-subject EEG emotion recognition can be
improved.

The main contributions of CDDP are summarized as fol-
lows:

e A feature disentanglement and reconstruction module is
designed to disentangle subject-invariant intrinsic features
from subject-specific bias features, thereby eliminating the
interference of cognitive bias at the feature level.

* We introduce a VAE to generate diverse bias features in the
latent space. These bias features are combined with subject-
invariant intrinsic features to synthesize new EEG samples.
This strategy alleviates overfitting caused by limited source
domain samples.

» Extensive experiments are conducted on benchmark
datasets, and the results demonstrate that the proposed
CDDP effectively improves cross-subject EEG emotion
recognition performance.

Related work

Cross-subject EEG emotion recognition

Inter-individual differences in brain cognitive processes have
hindered the deployment of EEG-based affective brain-
computer interfaces in real-world scenarios. Prior studies
have mainly leveraged domain adaptation (Qiu et al., 2024) or
meta-learning (Zhang, Yang, et al., 2024) to improve cross-
subject performance. However, these approaches typically
require target domain data that are difficult to obtain, which
limits their practicality. In contrast, domain generalization
does not require target domain data and is more consistent
with real-world application needs. The work most closely
related to ours is DMMR (Wang et al., 2024), which adopts
a pre-training and fine-tuning paradigm to encourage the en-
coder to learn subject-invariant features. However, cognitive
psychology research has shown that emotion perception is
often shaped by prior experience and expectations. As a re-
sult, people tend to attend to cues that align with their beliefs,
which leads to systematic cognitive biases. Such bias can lead
to an overestimation or underestimation of emotional inten-
sity (Genzer et al., 2025). These methods overlook this bias,
leaving the learned features entangled with subjects’ subjec-
tive experience and thus undermining generalization. To this
end, our CDDP framework aims to eliminate the interference
of inter-individual cognitive biases.

Feature disentanglement

Disentanglement-based domain generalization methods typ-
ically disentangle feature representations into domain-
invariant and domain-specific features, and jointly optimize
them using a reconstruction loss and regularization terms.
The reconstruction loss preserves the original information,
whereas the regularization terms promote effective disentan-
glement between domain-invariant and domain-specific fea-
tures. Prior work has attempted to introduce disentangle-
ment into cross-subject EEG emotion recognition. Zhao et al.
(2021) disentangled EEG features into subject-specific private

components and emotion components shared across subjects,
and jointly trained multiple private classifiers. However, be-
cause cognitive bias can influence the private component,
incorporating it into emotion classification decisions can re-
duce recognition accuracy. To this end, this work takes a
cognitive debiasing perspective and removes redundant bias
information through disentangled pre-training. Meanwhile,
bias features are randomly generated to expand the diversity
of cognitive patterns, thereby further improving generaliza-
tion in cross-subject scenarios.

Methods

Overall architecture

The overall architecture of CDDP is illustrated in Figure 1.
The model consists of two stages: pre-training and fine-tuning.
The pre-training stage consists of four main components:
Masked Channel Attention Module (MCA), Feature Disen-
tanglement and Reconstruction Module (FDR), Dual Domain
Classifier Module (DDC), and Bias Feature Random Gen-
eration Module (BiasVAE). It aims to maximally suppress
subject-specific bias information and to pre-train a subject-
invariant intrinsic feature encoder. To this end, CDDP jointly
optimizes the domain classification loss, reconstruction loss,
KL divergence loss, and contrastive loss to collaboratively
constrain the learning process. During fine-tuning, the at-
tention network and the subject-invariant intrinsic feature en-
coder are frozen, and an emotion classifier is trained to per-
form emotion recognition. The modules are described in
detail below.

Masked channel attention module

The sliding-window technique is commonly used to segment
a multi-channel EEG time series of length L into multiple
segments. Given X = (x1,x2,...,X1), X] € RE denotes the
observation at timestamp /. The feature dimension satisfies
C = K * F, where K denotes the number of channels and F
denotes the number of frequency bands.

During pre-training, a fixed proportion of EEG channels
is randomly selected and set to zero to reduce the impact of
noise. Inspired by PPDA (Zhao et al., 2021), a feature weight-
ing method based on the self-attention mechanism is applied to
the masked input data x;. This method automatically assigns
the weights a; € R to the channels and frequency bands of
EEG signals, thereby enhancing the ability to effectively cap-
ture essential information. The core idea involves projecting
the input data x; onto a new feature space through a linear
transformation. The projection results are then normalized
using the softmax function and element-wise multiplied with
the original features to obtain the weighted features x € RLXC.
The procedure can be formulated as:

a; = softmax (wix] + by), (1)
X1 = apx;, (2)

where w; € RE*C and b; € RE are the trainable weights and
bias, respectively.
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Figure 1: The workflow of the CDDP framework. CDDP follows a two-stage paradigm comprising pre-training and fine-tuning.
The pre-training stage consists of four main components: Masked Channel Attention Module, Feature Disentanglement and
Reconstruction Module, Dual Domain Classifier Module, and Bias Feature Random Generation Module. During fine-tuning,
the attention network and the subject-invariant intrinsic feature encoder are frozen, and an emotion classifier is trained to perform

emotion recognition.

Feature disentanglement and reconstruction module

Long Short-Term Memory (LSTM) networks are commonly
used to model temporal dependencies in EEG signals (Wang
et al., 2024; Zhao et al., 2021). Therefore, to achieve the
disentanglement of EEG feature representations, Istm-based
encoders are developed as a pair: subject-invariant intrinsic
feature encoder E; and subject-specific bias feature encoder
E,. Eg is employed to extract the subject-invariant intrinsic
features xg, while E,, is tasked with extracting the subject-
specific bias features x,,. Subsequently, the extracted features
x5 and x, are concatenated and input into an Istm-based de-
coder to perform the reconstruction task. The global recon-
struction process can be expressed as:

(x5,xy) = (E (E) Ey (})) s (3)
" = Decoder (x5 ® x,,) , )
Lrec =MSE (x,x) . )

To further enhance the performance of the encoder and de-
coder in feature disentanglement and reconstruction tasks, the
reconstructed feature x’ is reintroduced into Eg and E, to
reconstruct the subject-invariant intrinsic feature x;” and the
subject-specific bias feature x,’, respectively. The local re-
construction (LREC) process can be expressed as:

Lyecs = MSE (xs, ) Lrecy = MSE (-xVa ) . (6)

Therefore, the total reconstruction loss can be defined as:

Lrec + Lrecs + 'EI‘ECV' (7)

Lrecon =

Dual domain classifier module

We design two independent domain classifiers, Cs and C,,,
to constrain the learning of subject-invariant intrinsic fea-
tures and subject-specific bias features, respectively, thereby
enhancing the separability of the two feature types. Both
classifiers are implemented using fully connected networks,
but their parameters are not shared. In particular, a gradient
reversal layer (GRL) is introduced before Cs. During back-
propagation, the GRL multiplies the gradients by a negative
weighting factor —;. This operation encourages the encoder
E to extract features that cannot be distinguished by Cs. A
unique identity label y’ is assigned to each subject to super-
vise the training of the two domain classifiers. The procedure
can be represented as:

Lclsd Lclss + Lclsv

—ny' log(Cs(x,)) + y'log(Cy (x,)),
ie{l,2,... . M—1}.

Bias feature random generation module

We introduce contrastive learning to better suppress subject-
specific redundant information. However, the scarcity of

(®)
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source domain EEG samples limits the effectiveness of con-
trastive learning. To address this limitation, we propose Bi-
asVAE to augment the diversity of inter-individual cognitive
bias features. Structurally, this module is similar to a VAE
(Kingma, 2013). It consists of an encoder E, and a decoder
Dg, both implemented using fully connected networks. The
encoder maps subject-specific bias features into a latent space.
Its posterior distribution is encouraged to match a Gaussian
distribution with zero mean and an identity covariance matrix.
The KL divergence loss is used for optimization, which can
be formulated as:

(u,log o?) = Eg(xy), ©)
Loen = KL (N (/1,0'2) Il N (0, I)) . (10)

A latent variable z is then randomly sampled from this
distribution and passed to the decoder D, to generate a new
subject-specific bias feature x,. This generated bias feature
is fused with the subject-invariant intrinsic feature x; and fed
into the decoder to generate a new EEG sample x,. The
procedure can be formulated as:

z=p+00e€e€e~N(0,1I), an

xg = Dg(2),x," = Decoder (x5 ® xg) . (12)

Finally, a triplet loss is adopted to construct the contrastive
constraint. It minimizes the feature distance between an input
sample and its reconstruction, while maximizing the distance

to a generated sample that carries different bias features. The
triplet loss function is defined as:

Leon =max (d(x,x") — d(X,xg") + margin,0) .  (13)

Loss computation
During pre-training, we optimize CDDP by minimizing the
following loss function:

-l:t{)tal = -£recon + /ll~£clsd + /12~£gen + /l3£cr)n’ (14)

where 1, 1, and A3 are weight coefficients that are adaptively
adjusted via Dynamic Weight Average (DWA) (S. Liu et al.,
2019), which assigns smaller weights to loss terms that change
more rapidly.

Fine-tuning

During fine-tuning, we adopt labeled EEG data from source
subjects for supervised learning. The CDDP combines a pre-
trained attention network, a pre-trained subject-invariant in-
trinsic feature encoder, and an emotion classifier consisting of
a fully connected network for the emotion recognition task. It
is worth noting that the channels are not masked during the
fine-tuning process. The emotion classification loss function
is defined as:

Leis =y 10g (CLS (Es (Xun))) . j € {1,2,...,N}, (15)

where y/ denotes the ground truth emotion label. X,,,, denotes
the attention-weighted features. CLS denotes the emotion
classifier.

Algorithms 1 summarize the pseudo-code for the training
procedure.

Algorithm 1 The training procedure of the CDDP

Input: Source subjects EEG data Dy = {x!, yi}lr.:l, epoch
E,, Ey, iteration Np, Ny, channel mask ratio r.

Output: The trained model of CDDP.
1: The pre-training stage:
2: Initialize the model parameters w.
3: for epoch=1:E, do
4. foriteration=1: N, do
5: X — MCA(Mask(x;r)).
6: xg — Eg(%), x, « E\(%).
7 x" « Decoder(xs; ® x,,). > global recon
8 xy — Eg(x"), xl, < E,(x"). > local recon
9 xg < Decoder(xs & BiasVAE(x,)). » generation

> disentanglement

10: Leon — Liripier (i,x',x;,). > contrastive learning
11: Liotal < use Eq. (14).

12: w « Update(w; V,, Liotal) -

13:  end for

14: end for

15: return The pre-trained model of CDDP.

16: The fine-tuning stage:

17: Initialize the emotion classifier parameters 6.
18: for epoch =1: Er do

19:  foriteration =1: Ny do

20: L5 «use Eq. (19).

21: Octs < Ocis — nvf)cls-ﬁcls-
22:  end for

23: end for

24: return The trained model of CDDP.

Experiments

Benchmark datasets

We evaluate CDDP on two benchmark EEG emotion recog-
nition datasets: SEED (Zheng & Lu, 2015) and SEED-IV
(Zheng et al., 2018). The SEED dataset contains EEG data
from 15 subjects and covers three emotion categories: neutral,
negative, and positive. The SEED-IV dataset also includes
EEG data from 15 subjects and extends the emotion cate-
gories to four classes: neutral, sad, fear, and happy. EEG data
for each subject are collected across three independent ses-
sions using 62 channels. For fair comparison, only data from
the first session of all subjects are used in this study. After
downsampling and filtering, the raw EEG signals are decom-
posed into five frequency bands: «, 8, 6, 8, and y. A 1-second
non-overlapping sliding window is then applied to extract dif-
ferential entropy (DE) features from the preprocessed signals,
forming the final dataset.

Baselines and evaluation criteria

We compare our model by comprehensively evaluating nine
baseline models, including the traditional machine learning
method: SVM (Suykens & Vandewalle, 1999); the contrastive
learning methods: GMSS (Li et al., 2022) and CL-CS (Hu et
al., 2025); the domain adaptation methods: PPDA (Zhao et al.,

5177



2021) and IDDA (An et al., 2024); the domain generalization
methods: DResNet (Ma et al., 2019), MoGE (X.-H. Liu et al.,
2024), DMMR (Wang et al., 2024), and AC-CDCN (Sun et
al., 2025).

To ensure the reliability of the evaluation, leave-one-
subject-out cross-validation is used as the evaluation strategy.
In each experiment, data from a single subject are used as the
test set, while data from the remaining subjects are used to
train the model, ensuring that each subject is tested indepen-
dently. The results from all experiments are then combined,
and the overall average accuracy (Avg.) and standard devia-
tion (Std.) are calculated to evaluate the model’s stability and
ability to generalize.

Implementation details

The default hyperparameter settings are summarized as fol-
lows: The channel mask ratio is set to 0.2. The hidden layer
dimensions of the subject-invariant intrinsic feature encoder,
subject-specific bias feature encoder, and BiasVAE are all set
to 64. The hidden dimension of the fully connected layer
in the emotion recognition module is set to 128. The time
step L is set to 30 for the SEED dataset and 10 for the
SEED-IV datasets, while the batch size remains 256 across all
datasets. The Adam optimizer is used in conjunction with the
CosineAnnealingWarmRestarts strategy for optimization. All
experiments are conducted using PyTorch on a single NVIDIA
RTX4090 24GB GPU.

Main results

Comparison with baseline methods Table 1 shows the re-
sults of the CDDP evaluation on the two benchmark datasets.
The results demonstrate that CDDP outperforms current base-
line methods according to commonly used evaluation metrics
and achieves state-of-the-art performance. Specifically, for
the SEED dataset, the emotion recognition rate of CDDP in-
creases to 88.62%, representing an improvement of approxi-
mately 1.92% compared to PPDA (Zhaoetal., 2021), adomain
adaptation method that also employs the principle of disen-
tanglement. This result indicates that CDDP is more effective
in extracting subject-invariant intrinsic features through the
principle of disentangling. For the SEED-IV dataset, CDDP
improves accuracy by 2.68% compared to the domain gen-
eralization method DMMR (Wang et al., 2024), which also
adopts the pre-training and fine-tuning paradigm.These results
support our claim that suppressing interference from diverse
individual cognitive bias features helps improve model per-
formance in cross-subject scenarios.

Stability analysis Figure 2 presents the detailed results un-
der the leave-one-subject-out cross-validation setting, where
each subject is used in turn as the target subject. Accuracy
varies only slightly for most target subjects. In addition, Ta-
ble 1 illustrates that CDDP exhibits the lowest or comparable
standard deviation among all compared methods, demonstrat-
ing its superior stability and robustness in cross-subject ex-
periments.

Table 1: Performance comparison of our proposed CDDP
with baselines. The best results are in bold.

SEED SEED-IV
Methods — Year —0 ——q i Awe. S,
SVM 1991 56.73 1629 37.99 12.52
DResNet 2019 8530 797 72.10 12.70
PPDA 2021 86.70 7.10 71.20 6.20
GMSS 2022 86.52 622 7348 7.4l
IDDA 2024 85.75 811 7236 943
MoGE 2024 88.00 450 7430 6.10
DMMR 2024 88.27 562 7270 8.01
CL-CS 2025 88.30 8.90 - -
AC-CDCN 2025 87.14 5.60 71.77 1292
CDDP 2026 88.62 3.66 7538 6.58
100
90
< sof
z
<
60 —e— SEED
—e— SEED-IV
309 3 3 9 12 15
Target Subject ID

Figure 2: Stability analysis on the SEED and SEED-IV
datasets.

Ablation studies To validate the contribution of each mod-
ule, ablation studies are conducted on two datasets. The spe-
cific settings are as follows: "w/o Mask Channels" denotes re-
moving the channel masking operation in the MCA module;
"w/o LREC" denotes removing local feature reconstruction
in the reconstruction task and retaining only global feature
reconstruction; "w/o C," denotes removing the domain clas-
sifier that constrains subject-specific bias feature learning and
retaining only a single domain classifier to strengthen subject-
invariant intrinsic feature learning; "w/o BiasVAE" denotes
removing the bias feature random generation module and si-
multaneously discarding the contrastive learning constraint.
Table 2 illustrates the results of the ablation studies, where
removing any modular component resulted in performance
degradation (lower accuracy and higher standard deviation).
Specifically, removing the channel masking operation weak-
ens the model’s ability to suppress noise and irrelevant chan-
nel information, making it difficult to capture robust EEG
features. In contrast, introducing local feature reconstruc-
tion provides finer-grained information during disentangle-
ment and reconstruction, thereby strengthening the joint opti-
mization of the encoder and decoder. Furthermore, removing
C, makes subject-specific bias features difficult to be suffi-
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ciently separated and suppressed, which weakens the model’s
feature disentanglement capability. Finally, BiasVAE helps
expand the diversity of bias patterns, which alleviates distri-
bution shifts caused by inter-individual cognitive differences
and improves the model’s robustness and generalization. In
summary, these components jointly improve the model’s per-
formance in recognizing emotions from noisy EEG signals in
cross-subject scenarios.

Table 2: Ablation studies in CDDP. The best results are in
bold.

SEED SEED-IV
Methods Ave. Sd Awg S
w/o Mask Channels 87.65 5.67 7425 8.86
w/o LREC 84.63 5,50 73.12 9.29
w/o C,, 85.03 498 73.56 8.23
w/o BiasVAE 83.88 6.12 7143 9.87
CDDP 88.62 3.66 75.38 6.58

The effect of feature disentanglement To evaluate the ef-
fectiveness of CDDP in EEG feature disentanglement, 80
samples are randomly drawn for each subject from the SEED
dataset, and the representations are visualized using t-SNE
(Van der Maaten & Hinton, 2008). Each subject is repre-
sented by a unique color. As shown in Figure 3(a), the raw
features exhibit a disordered distribution in the embedding
space. After pre-training, Figure 3(b) shows substantial over-
lap of subject-invariant intrinsic features across individuals,
indicating that the model extracts shared cognitive represen-
tations related with emotion. In contrast, the subject-specific
bias features in Figure 3(c) are partitioned into multiple clus-
ters and show significant subject separability: features from
the same subject are more clustered in the embedding space,
whereas features from different subjects are more clearly sep-
arated. This observation suggests that personalized cognitive
information is effectively aggregated into the bias compo-
nent. Overall, these results validate the proposed method
in separating individualized cognition from shared cognitive
representations.

[ ] ‘. \g» h
".;.':- . . \‘iﬁ' 08 08
Aein O S H s
L AR, " e ol e
i vl Biaalt i
ool ) r 0 R
Yt e
(a) Original (b) Pre-trained (c) Pre-trained
features invariant bias
features features

Figure 3: The effect of feature disentanglement on the SEED

dataset.

Confusion matrices To thoroughly analyze the perfor-
mance of CDDP in recognizing different emotion categories,
Figure 4 presents its recognition results on two datasets, vi-
sualized using a confusion matrix. The results in Figure 4(a)
indicate that for the SEED dataset, positive emotions are the
easiest to recognize, whereas negative and neutral emotions
may exhibit certain similarities, leading the model to often
misidentify both emotions. This observation is consistent
with the results of MoGE (X.-H. Liu et al., 2024). Con-
versely, the results shown in Figure 4(b) and Figure 4(c) in-
dicate that, in the SEED-IV dataset, sad emotions are most
easily distinguished, while happy emotions represent the most
challenging category to differentiate. One possible reason is
that the dataset contains relatively few samples in the happy
class, leading to insufficient feature learning for this category
and making it more likely to be misclassified as other emotion
classes.

Neutral Negative
Sad

Fear

Positive

Positive Neutral sad Fear Happy

(b) SEED-IV

Neutral

(a) SEED

Negét\ve

Figure 4: Confusion matrices on the SEED and SEED-IV
datasets.

Conclusion and future work

We propose CDDP (Cognitive Debiasing via Disentan-
gled Pre-training), a cross-subject EEG emotion recognition
method. Motivated by cognitive psychology and data-driven
learning strategies, CDDP aims to capture emotion-related
cognitive processes shared across individuals. Extensive ab-
lation studies demonstrate the effectiveness of the CDDP com-
ponents. Moreover, the experimental results further indicate
that separating individualized cognition from shared cognitive
representations plays an important role in improving cross-
subject emotion recognition performance. Experiments on
the SEED and SEED-IV datasets show strong performance on
key metrics such as accuracy and standard deviation, which
validates the advantage of the proposed method for emotion
recognition. In future work, we will further extend CDDP to
support additional modalities and explore new paradigms that
integrate multimodal physiological signals with LLM (Large
Language Model). This extension is expected to enable the
model to output not only classification results but also inter-
pretable evidence for its decisions, thereby building an agent
that can more deeply understand users’ cognitive processes.
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