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Abstract: Current mobile application interface designs neglect cognitive differences among users such as the elderly and those
with color blindness, and struggle to adapt to dynamic usage scenarios, leading to inaccurate complexity assessments. This paper
integrates visual feature analysis and cognitive load estimation to construct a multimodal fusion modeling framework for the
complexity of mobile application interface design. The study encodes three types of inputs in parallel at the temporal window
level, extracting and quantifying visual features using CIE Lab-based color contrast statistics, U2-Net (U Square Net) saliency
maps, and ResNet50 (Residual Network 50 layers) intermediate layer semantic embedding. Markov entropy rate and navigation
path features are used to characterize the interaction load. For implicit cognitive load, physiological load indicators such as
real-time heart rate and gaze/pupil features are extracted. Then, modal embeddings are obtained through modality-specific
projection and nonlinear mapping, respectively. Gated Multi-modal Unit (GMU) and multi-head cross-modal self-attention are
used to weight and model inter-modal information. Transformer Encoder is then used to capture long-term and short-term
temporal dependencies. Joint regression outputs cognitive load and high/low load binary classification results, and a multi-task
loss is constructed to constrain learning. Finally, the interpretability layer uses SHAP to generate global and local contributions
and drive factors to action mapping. Lightweight closed-loop bias correction is used online to eliminate systematic biases for
elderly and colorblind individuals. LinUCB context arms are used for online context-arm learning to select appropriate actions.
Distillation and INT8 quantization are used at the inference end to meet the real-time and energy consumption constraints of
mobile devices. The experiment achieves an RMSE of 0.180 & 0.020 in cognitive load regression and an F1 score of 0.92 + 0.03
in high-load segment detection. Even under dynamic context switching from EnvLight to FastMove, the RMSE (root mean square
error) remains between 0.15 and 0.20, with only 0.22 for the elderly and 0.23 for the colorblind group. The core of this study lies
in distinguishing between objective interface complexity (OCI) and subjective cognitive load. OCI quantifies design attributes,
while subjective cognitive load reflects the user's psychological response to a specific task. This paper's multimodal framework
uses OCI as input, combined with behavioral and physiological signals, to predict continuous cognitive load and supports
interpretable analysis and online interface optimization.This improves the personalized adaptability and dynamic optimization
capabilities of the interface design, as well as the accuracy of cognitive load assessment. It provides a reproducible technical path
and quantitative benchmark for quantifying and adapting interface cognitive load for heterogeneous user groups and dynamic
usage scenarios.

Keywords: Mobile Application Interface, Design Complexity, Visual Features, Cognitive Load, Dynamic Context

1. Introduction

Mobile devices have become an important entry point for people's daily lives and work. UI (User Interface) design directly
affects user task efficiency, satisfaction, and accessibility [1-2]. With the diversification of user groups (such as elderly users,
users with color vision deficiencies, and users with low technical proficiency) and the complexity of usage scenarios (mobility,
distraction, short-term task switching, etc.), the complexity of interface design is increasingly critical to the occupation of users'
cognitive resources [3-4]. Accurately assessing interface complexity and optimizing accordingly can not only improve overall
usability but also reduce error rates and operational burdens, which has important theoretical and practical significance [5-6].
Therefore, researching how to model the complexity of mobile application interface design in an objective, quantifiable, and
dynamic manner is an urgent issue in current human-computer interaction and user experience research.
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In recent years, with the popularization of mobile applications, the complexity of interface design has gradually become a
research focus. Zhang R proposed a visual complexity measurement model based on multiple linear regression, focusing on visual
elements in mobile graphical interfaces, especially how to quantify and optimize the design to improve interface iteration
efficiency under limited display space. However, this study did not take into account individual differences, especially the
differences in cognitive load between the elderly and colorblind users [7]. Guo F et al. studied the impact of visual complexity on
user search behavior and satisfaction through eye tracking, and found that the number of interfaces and layout complexity
significantly affected user behavior and satisfaction, but did not explore how to dynamically adjust the interface design according
to changes in cognitive load [8]. Ahmad Faudzi M et al. reviewed the user interface design of mobile learning applications,
pointing out that small screens and poor design increased cognitive load and affected learning effect [9]. Li X et al. compared the
impact of two-dimensional and three-dimensional user interfaces on cognitive load, revealing the different impacts of different
interface designs on cognitive load, but it was difficult to adapt to interface optimization in complex dynamic situations [10].
Zhang N et al. studied the impact of interface layout order on dashboard complexity through eye tracking, emphasizing the impact
of design order on user visual search behavior [11]. In terms of personalized research, Zhou C et al. studied the impact of
interface design elements on the task performance of the elderly and proposed that simplified design could reduce cognitive load,
but this was limited to the elderly group and did not fully consider the cognitive differences of other users such as colorblindness
[12]. Khan A et al. proposed an adaptive user interface framework designed for the blind, which improved the user experience by
simplifying and distributing UI components and achieved significant results in accessibility design, but still lacked design
optimization and cognitive load management in dynamic situations [13]. Existing research has made some progress in the
assessment of interface design complexity, but most of it focuses on visual elements or behavioral data analysis, ignoring adaptive
adjustments and individual differences in dynamic situations, especially the cognitive differences of the elderly and colorblind
users.

In recent years, several scholars have explored ways to improve user experience through cognitive load assessment and
interface design optimization. Faudzi M A et al. developed a tool to measure cognitive load in mobile learning applications,
emphasizing the impact of interface design on learners' cognitive burden. However, this method relied on subjective
questionnaires, which had problems with participant fatigue and scale reliability, and failed to dynamically capture changes in
cognitive load [14]. Zayim N et al. used the GOMS (goals, operators, methods, and selection rules) method to assess the cognitive
load of mobile health applications, and found that cognitive tasks occupied most of the time. They suggested reducing mental
arithmetic tasks, but ignored the combined impact of interface visual elements and layout [15]. Zhang M et al. analyzed the
impact of interface layout on mobile learning efficiency through eye tracking, and found that sequential layout improved
efficiency, but did not consider the interaction between visual elements and dynamic usage scenarios [16]. Suryani M et al.
proposed an adaptive learning management system interface model based on cognitive load, but did not effectively integrate
visual feature analysis with cognitive load estimation [17]. Zhu T et al. used eye tracking to analyze the impact of visual attention
on mobile learning platforms, emphasizing the role of color, text, and typography, but lacked real-time tracking of changes in
cognitive load and could not dynamically adjust the interface design [18]. Arana-De las Casas N I et al. assessed the cognitive
load of graphical interfaces through a dual N-back task, revealing the impact of cognitive load on user performance, but failed to
fully consider the interaction between visual elements and cognitive load [19]. Although existing research has made significant
progress in cognitive load and interface design, most methods are limited to visual feature analysis or cognitive load estimation,
failing to fully integrate and consider the dynamic changes of visual features and cognitive load, and failing to optimize for the
personalized needs of different user groups.

In addition, recent studies have further enriched the foundation of cognitive load theory and interface design methods.
Ouwehand K et al. reviewed the emerging trends and innovative applications of cognitive load theory, emphasizing the
importance of optimizing learning and interface design in combination with individual characteristics and information processing
constraints in the context of rapid technological development [20]. Evans P et al. combined cognitive load theory with
self-determination theory, pointing out that structured and self-supporting design strategies can effectively reduce cognitive load
and improve user motivation, engagement and performance, providing theoretical guidance for interface design [21]. On the other
hand, Zhang R proposed a visual complexity measurement model for mobile GUI, which provides designers with an intuitive and
operable optimization reference by quantifying the influence weight of each visual element in the interface, supporting the
integrated analysis of interface complexity and cognitive load [22]. At the same time, Muzaffar J emphasized the necessity of
following WCAG accessibility standards in mobile application design, ensuring accessibility for all users, including those with
visual or cognitive impairments, reflecting the combination of user experience optimization with legal compliance and social
responsibility [23].

To address the problem of inaccurate complexity assessment in mobile application interfaces under heterogeneous user
groups and dynamic contexts, this paper integrates visual feature analysis and cognitive load estimation. The contributions are as
follows: (1) A temporal window-level multimodal fusion framework is constructed. By combining modality-specific projection,
gated fusion units, and multi-head cross-modal self-attention with a Transformer encoder, visual, behavioral, and physiological
signals are systematically modeled synchronously to output continuous complexity scores and high/low load discrimination. (2) A
practical, interpretable-adaptive closed-loop is achieved. Global/local factor recognition based on SHAP (Shapley Additive



107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124

125
126
127
128
129

130
131

132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148

exPlanations) is directly mapped to the "factor — interface action" rule. Lightweight closed bias correction and LinUCB (Linear
Upper Confidence Bound) context arm are used to realize online contextual learning and individualized decision-making for the
client. (3) It fully covers the experimental and engineering verification process, from generalization evaluation of leave-one
application and online adaptation test to mobile inference (distillation + INT8 (8-bit Integer) quantization) and real-time
performance measurement, providing reproducible data, metrics and deployment benchmarks to ensure that the method is both
theoretically interpretable and engineering feasible.

Although this paper utilizes existing modules such as GMU, cross-modal attention, and Transformer at the implementation
level, its methodological innovation lies not in the proposal of a single network structure, but in the reconstruction of a
system-level modeling paradigm and mechanism for the specific problem of mobile interface complexity. At the time window
scale, this paper unifies interpretable visual complexity metrics, behavioral uncertainty modeling, and implicit physiological
cognitive load into a single prediction-decision closed loop. Through the collaborative design of "gated fusion + cross-modal
attention," it explicitly addresses the problems of inconsistent multimodal noise, context-dependent modal importance, and the
difficulty in online correction of individual systematic biases. Simultaneously, it directly maps SHAP interpretation results to
executable interface adjustment actions and combines LinUCB to achieve online personalized learning, transforming the model
from a "static predictor" into an "interpretable and adaptive design decision engine." Therefore, the contribution of this paper lies
not in proposing new basic modules, but in presenting a reproducible, deployable, and personalized methodology for mobile
interface cognitive load prediction and optimization—a point that has not yet been systematically addressed in existing research.
2. Mobile Application Interface Complexity Fusion Modeling Framework

To clearly present the overall structure and operational logic of the mobile application interface design complexity fusion
modeling framework constructed in this paper, data acquisition, preprocessing, feature extraction, multimodal fusion modeling,
interpretability mechanism, and online personalized adaptation closed-loop are integrated and displayed. Figure 1 provides an
overall understanding of the logical structure between the model's input, processing path, and output results, and also provides a
clear structural basis for the design of experimental steps and the implementation of system engineering.
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Figure 1. Mobile application interface complexity fusion modeling framework

Figure 1 presents the complete chain of data acquisition — preprocessing layer — feature extraction — feature alignment
and selection — multimodal fusion and modeling — interpretability and personalized adaptation — deployment and feedback
closed-loop. The system simultaneously collects interface screenshots, DOM (Document Object Model) structure, user operation
logs, eye-tracking data, and physiological signals such as PPG (Photoplethysmography)/EDA (Electrodermal activity);
subsequently, image correction, DOM alignment, event timestamp synchronization, and physiological signal filtering are
completed in the preprocessing layer. Then, visual features, behavioral sequence features, and physiological load features are
constructed, including color and texture, control layout, saliency model output, operation trajectory and navigation entropy, as
well as heart rate variability and skin conductance changes. All features are aligned and normalized by time windowing before
entering the feature selection module to compress redundant dimensions. The fusion modeling part generates interface complexity
prediction scores and high-risk segments through modal encoders, gated fusion units, cross-modal attention mechanisms, and
temporal models. The model output then enters SHAP interpretability analysis to identify key factors and drive individual bias
calibration and LinUCB online learning, achieving real-time adaptation to user states and contexts. The deployment module
presents a closed-loop formed by lightweight client-side inference, cloud-based training, and dynamic interface adjustments;
simultaneously, feedback data and online reward evaluation flow back into the model, enabling the system to continuously update
itself. The overall diagram accurately reflects the system-level design logic of the proposed method in multimodal data
integration, real-time prediction, and dynamic adaptation.
2.1 Visual Feature Extraction and Quantization
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This paper extracts numerical features from the screenshots I (uniformed in SRGB space and resolution WxH) within each
sampling time window.

For dynamic interface elements in mobile applications (such as scrolling lists, elastic animations, and transition effects), this
paper introduces a time-series analysis mechanism in the visual feature extraction stage. Through continuous frame optical flow
calculation and motion energy assessment, the intensity of pixel-level dynamic perturbations in the interface is quantified to
capture the potential impact of scrolling speed, animation amplitude, and interface change frequency on user visual attention.
These dynamic features are synchronously aligned with static visual features (color, edges, layout) and behavioral/physiological
features to form a complete multimodal time window vector, thus simultaneously reflecting static design complexity and dynamic
interaction load. Furthermore, in the interpretability analysis and personalized adaptation modules, the system can identify
high-load segments caused by dynamic interfaces and trigger corresponding interface adjustment strategies, such as slowing
down animation speed, extending scrolling dwell time, or highlighting key controls, to reduce user cognitive load.

(1) Color and Contrast Statistics

The study maps I from RGB (Red, Green, Blue) to the CIE (International Commission on Illumination) Lab, calculates the
histogram for each channel, and normalizes the histogram to obtain the probability distribution p (1). The color entropy is
calculated as shown in Equation (1).

E~3p,()logp, () (1)

In Equation (1), E. represents the color entropy of channel c, used to quantify color complexity. ¢ represents the channel,
and 1 represents the bin number.

The contrast ratio is calculated using WCAG (Web Content Accessibility Guidlines), as shown in Equation (2).

Linax+0.05

CR Linin+0.05 )

In Equation (2), L. and L.;, are the maximum and minimum relative brightness relative to the reference white,
respectively, which can directly reflect the recognition difficulty of users with limited color vision.

(2) Edge and Texture Density

For edge and texture density, the Canny operator is used to obtain the binary edge map E(x,y), and the edge density is
calculated as shown in Equation (3). Simultaneously, the average energy Thoe of the HOG (Histogram of Oriented
Gradients)/Harris feature is calculated to characterize the texture complexity of the image; higher p, and Tnog values correspond

to higher "texture complexity".

=S S E (xrp)(3)
In Equation (3), p, represents the edge density.
(3) Layout and Element Distribution
N bounding boxes of interface elements are extracted from the DOM/API (Application Programming Interface). Each
bounding box is represented by its center position, area, and type label. The element density per unit area and the imbalance (Gini
coefficient) of element area distribution are shown in Equation (4). The positional dispersion is represented by the trace tr(Z,) of
the positional covariance matrix, £,=Cov({p,}). A high trace value indicates that the visual attention is scattered, increasing the

search load.
N
WH

Gzzﬂlvzg\i] Zj]il |ari—ar;|

In Equation (4), 0 represents element density per unit area; G represents imbalance; ar; represents area.

(4) Saliency and Attention Overlap

A saliency map is obtained by using a pre-trained saliency network U2-Net on the image and normalized to probability
density. The saliency entropy and the overlap rate between saliency and control are calculated as shown in Equation (5).

HESig:7 Zx,y Slg (xsy) 10g Slg (xay)
0 2 Sy 8, Sigle) (%)
el R Sigle)

In Equation (5), Hg;, represents the saliency entropy; O,,; represents the saliency overlap rate with the control; Sig(x.y)
represents the saliency map; B; represents the bounding box set. Low O,,; or high HEg;, indicates that the saliency is scattered
or does not match the control, indicating a higher cognitive search cost.

In the saliency map processing, the original saliency response values are first mapped to the [0,1] interval through linear
scaling. Then, integral normalization is performed on the entire image region to ensure that the sum of all pixel values is strictly
equal to 1, thereby constructing a density distribution that conforms to the probability axiom. This normalization operation
eliminates the interference caused by differences in device display brightness and image size variations, making the saliency
distributions in different scenarios comparable. This provides a unified benchmark for subsequent entropy calculation and region
overlap analysis, effectively avoiding cognitive load assessment bias caused by differences in absolute values.

4)
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To ensure O,,,'s consistency across multiple resolutions, all screenshots are first standardized to the same resolution.
Simultaneously, floating-point coordinates are used for precise mapping of DOM/control bounding boxes, and sub-pixel
alignment is achieved through affine transformations. The saliency map is integrated after normalization to probability density,
ensuring the total pixel sum is always 1, thus eliminating absolute numerical differences caused by resolution variations. This
processing strategy ensures the comparability of the saliency-control overlap rates calculated at different resolutions in terms of
both dimensions and distribution. This allows O,,; to stably reflect the spatial relationship between controls and salient regions,
providing reliable input for complexity evaluation.

(5) Semantics and Deep Features

This paper uses a pre-trained convolutional network, ResNet50, to extract global feature vectors in intermediate layers and
performs L2 normalization on these vectors for use in subsequent models [24-25]. Optical flow differential energy is used to
calculate the dynamic perturbation intensity for consecutive frames. All the above features are concatenated into a visual feature
vector vis, according to time windows, and z-score standardization is performed on each dimension to eliminate dimensional
differences.

To comprehensively evaluate the distribution characteristics of visual complexity quantification indicators across different
design elements, this study conducts multivariate distribution analysis on nine types of visual complexity indicators (color entropy,
contrast ratio, edge density, texture energy, element density per unit area, element area imbalance, element position dispersion,
saliency entropy, and saliency-control overlap rate). The main purpose of the analysis is to compare the performance differences
of each indicator in the sample set to reveal which indicators are more sensitive or stable when measuring visual complexity.
Therefore, kernel density estimation (KDE) combined with histograms is used to simultaneously reflect the probability
distribution shape and sample density of the data. The multivariate distribution of the visual complexity quantification features is
shown in Figure 2. The horizontal axis represents the range of values for each index, and the vertical axis represents the
probability density corresponding to that value. The gray fill in the histogram represents the frequency distribution of the samples,
and the blue curve is the KDE smoothing estimate.
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Figure 2. Multivariate distribution of quantification features of visual complexity
Figure 2(a) Color entropy; Figure 2(b) Contrast ratio; Figure 2(c) Edge density; Figure 2(d) Texture energy; Figure 2(¢)
Element density per unit area; Figure 2(f) Element area imbalance; Figure 2(g) Element position dispersion; Figure 2(h) Saliency
entropy; Figure 2(i) Saliency-control overlap rate

As shown in Figure 2, there are significant differences in the distribution of each indicator. Color entropy (Figure 2a) is
mainly concentrated in the range of approximately 1.5-3.5, exhibiting a slightly right-skewed normal distribution, indicating that
most design samples have moderate complexity in color information. Contrast ratio (Figure 2b) is distributed in the range of 1—
3.5, showing that some samples have high contrast. Edge density (Figure 2c) is concentrated in the range of 0.02—0.1, with very
few high edge density values, reflecting the overall sparse distribution of design element edges. Texture energy (Figure 2d) is
distributed in the range of 0.6—1.6, indicating that texture energy is moderately high. Element density per unit area (Figure 2e) is
concentrated in the range of 2—8, with some samples having a significantly large number of elements. Element area imbalance
(Figure 2f) is concentrated in the range of 0.1-0.6, indicating that most sample areas are relatively evenly distributed. Element
position dispersion (Figure 2g) is mainly distributed in the range of 200—400, indicating that the element position dispersion
varies greatly. The saliency entropy (Figure 2h) is concentrated between 0.8 and 1.8, indicating a moderate level of complexity in
the saliency information. The saliency-control overlap rate (Figure 2i) is mostly between 0.2 and 0.5, indicating a moderate
degree of overlap in salient regions. Overall, this distribution analysis reveals the differences and dispersion of different visual
complexity indicators on the sample set, providing a quantitative basis for subsequent performance comparisons and design
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optimization. For example, when screening high-complexity designs or evaluating user visual perceptual load, the distribution
characteristics of indicators such as edge density, element position dispersion, and contrast ratio can be referenced.
2.2 Interactive Behavior Coding

Structured coding and statistics are performed on the operation logs to extract quantitative indicators of behavior that reflect
cognitive load and navigation complexity. The original event stream is first sorted into a sequence by timestamp. Each event
includes time, discrete coding of event type (click, swipe, etc.), coordinates, and associated control ID (Identity document). The
event interval statistics (mean p,, standard deviation o3, entropy HE,) are used to characterize responsiveness and hesitation

behavior, as shown in Equation (6).
1
(1= E52A1,
A== 25 (A1, (©)
HE ==Y, p, logpro,

In Equation (6), pro, represents the binned probability distribution of the adjacent event interval sequence, and Az,
represents the adjacent event interval sequence.Ar, (@w=2,...,N) represents the precise time interval between the m-th interaction
event and the (m-1)-th event after being sorted by timestamp within a time window, where N is the total number of valid
interaction events within the window (containing at least 2 events to form an interval sequence); pro, (b=l,....B) represents the

proportion of samples in the b-th interval to the total number of samples after the complete interval sequence {At,, A1, ..., AN} is
. . o . . o ATglA j .

divided into B mutually exclusive intervals using equal-width binning, i.e., prob, = W, where the value of B is
determined by the Freedman-Diaconis criterion to avoid human bias and strictly satisfies the normalization condition
YB_ prob, = 1. This definition method ensures the temporal integrity of the time interval sequence and, through an adaptive
binning strategy, enables the probability distribution to objectively reflect the discrete characteristics of the user's operation
rhythm, thereby more accurately quantifying the impact of hesitation behavior on cognitive load.

Based on the event coordinates, a click heatmap is constructed, and the number of click clusters DBSCAN (Density-Based

Spatial Clustering of Applications with Noise) [26] and the click clustering coefficient are calculated, as shown in Equation (7).
p= % ¥ exp [—a dist(gra,,gra) )(7)
gra represents the click centroid, and « is the scaling parameter. A high cluster number and low S indicate that scattered
clicks lead to higher search costs.

This paper abstracts the interface/page as a set of states S, and constructs a state transition matrix P based on the user's

transitions in the task. To quantify the uncertainty of navigation, the Markov entropy rate is calculated as shown in Equation (8).
HM,, == X2y 7; Zj’il Py IOgPij(S)

In Equation (8), m represents the steady-state distribution. A high HM,,, corresponds to a more complex navigation path,
reflecting an increase in cognitive load.

Task efficiency is defined as the efficiency ratio for completing the task, as shown in Equation (9).

Susuce
Toomp (1+Erery)

In Equation (9), Sug,. represents successful labeling; T.,,, represents completion time; Er,,. represents the number of
errors; a low value of # indicates low efficiency and high cognitive load caused by the interface.

Finally, the event type is mapped to an embedding vector, and the aggregate vector (average, maximum, event frequency
vector) is calculated within a fixed window to obtain the behavioral feature vector beh, . At the same time, the instantaneous
index of the above behavioral modalities is calculated as numerical features.

2.3 Physiological Signal Acquisition and Cognitive Load Labeling

An eye tracker (sampling rate = 60-300 Hz), PPG/heart rate belt (sampling rate = 50-200 Hz), and electrical conductance
analysis (EDA, sampling rate = 20-50 Hz) are used in the experiment, and a uniform timestamp t (hardware trigger) is recorded.
All signals are resampled at the minimum sampling interval At and linearly interpolated to a common time reference. Bandpass
filtering (Butterworth, bandwidth 0.5—40 Hz) is performed on heart rate/PPG, and zero-phase filtering is applied to signal x(t)
[27].

Blink removal is performed on the eye tracker signal, and the pupil radius or gaze loss segment is detected and filled in with
linear interpolation. Low-pass filtering and baseline drift removal are performed on the EDA (high-pass cutoff frequency 0.05 Hz).
In addition, the following statistics are calculated for each window and form the physiological vector phy, .

The instantaneous heart rate HR=60/RR, where HR is the Heart Rate. RR is the mean R-R interval (seconds) within the
window. The calculation equation for SDNN (Standard Deviation of NN Intervals) is shown in Equation (10).

SDNN- -1 22, (RR-RRY(10)

In Equation (10), RR; represents the i-th interval, and M represents the number of intervals within the window.
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The equation for calculating RMSSD (Root Mean Square of Successive Differences) is shown in Equation (11).

RMSSD= |- B141 (RR .\ ~RR (1)

The power spectral density in the frequency domain is estimated using the Welch method. The power of the low frequency
(LF, 0.04-0.15 Hz) and the high frequency (HF, 0.15-0.4 Hz) are calculated, and the ratio is shown in Equation (12).

LE/HF= bot P08,
Jo.15 Powrr(H) df

In Equation (12), Powgg(f) represents the power spectral density.

Eye movement metrics include fixation duration, number of fixations, average fixation interval, and pupil diameter change.
Fixation duration is the total duration of fixation events within the window. Pupil diameter change Adia,,,;=dia,,,;({)~diapaseiine
where diay,..ine represents the resting baseline value.

In electrodermal decomposition, this paper uses convex optimization deconvolution (cvxEDA model form) to decompose
the electrodermal signal y(¢) into baseline pb(t), driving derivative da(t), and noise &(f), as shown in Equation (13).

Y(O=pb(t)yH(hb*da)(t)+e(1)(13)

In Equation (13), hb represents the impulse response (Bateman function); * represents the product; da(t) is obtained by
solving a convex optimization problem.

In the label construction (cognitive load label), this paper constructs a continuous load score and performs min-max
normalization on the subjective scale NASA-TLX (National Aeronautics and Space Administration Mission Load Index) score
[28-29]. During the model training and performance evaluation stages, only the NASA-TLX score based on the post-task
questionnaire is used as the main supervision label. This label does not depend on any behavioral or physiological input features
and serves as an externally independent subjective cognitive load measure. The continuous load score is shown in formula (14).

ytn=s(”bj) (14

In Equation (14), y, represents the continuous load score; 54D represents the subjective scale (NASA-TLX) score;To

reduce noise, a moving average filter is used to smooth 7, .
n

2.4 Multimodal Feature Fusion Modeling and Prediction

This paper clearly distinguishes two related but different concepts: (1) interface objective complexity, which refers to the
potential complexity determined by the visual, layout and information organization attributes of the interface design itself. It does
not depend on specific users and can be quantified by design features such as color entropy, element density and saliency
dispersion; (2) user subjective cognitive load, which refers to the actual cognitive response of users to interface complexity under
specific task, situation and individual conditions. It is a comprehensive result of subjective evaluation, behavioral uncertainty and
physiological reaction. The multimodal model constructed in this paper does not directly regress the "inherent complexity" of the
interface, but uses the interface objective complexity characteristics as one of the main inputs, combined with behavioral and
physiological signals, to predict the user's continuous cognitive load score. Therefore, the "complexity prediction" in this paper
corresponds to "user load level induced by interface design" in engineering semantics. The prediction result is further used for
interpretable analysis and online interface adaptive decision-making.

To perform cognitive load prediction, visual features, behavioral features, and physiological features are first aligned with
the same window index to construct a multimodal vector, as shown in Equation (15). Simultaneously, z-score standardization is
applied to each dimension.

X,,=[vis,,;beh,, ;phy, 1(15)

In Equation (15), X, represents the multimodal vector.

This paper adopts hierarchical fusion to balance the complementarity and temporal dependence of modal features. In the
modality coding layer, an embedding representation is obtained for each modality using a modality-specific projection matrix and
a nonlinear transformation, as shown in Equation (16).

29=ReLUWOx, ©O+b9), (€ {vis,beh,phy}(16)

In Equation (16), W represents the modality-specific projection matrix.

In cross-modal attention fusion, a multi-head self-attention mechanism is used to model short-to-medium-term dependencies.
Multi-head attention is applied to the window sequence, as shown in Equation (17) [30-31]. Through multi-head attention, the
model automatically learns the weighting of each modality at different times and in different contexts, solving the problem of
modality importance changing over time.

.
Attention(Q,K, V)=softmax (%) V(17)

In Equation (17), O, K, and V are linear projective self-embeddings, respectively, and d; represents the key dimension.

Furthermore, this paper uses GMU to perform gated fusion of modality embeddings, as shown in Equation (18). The gating
mechanism allows the model to automatically reduce the weight of a modality when there is noise or missing modality, improving
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S:zs); g:eh) ;nghy)] + bgg)
zﬁi):ga . O tanh ( szﬁ:is))-ir(l—ga . )O tanh ( szgfhy)-l- szﬁfeh))
In Equation (18), o represents sigmoid, and (O represents element-wise multiplication.
After fusion, the fused temporal embedding is input into the Transformer Encoder to capture long-short-term dependencies,
resulting in a temporal step hidden representation [32-33]. Finally, based on the Transformer Encoder, the complexity of the
output is predicted through a fully connected layer and activation, as shown in Equation (19) [34].

ga, =o(W,,[z
o, .

¥y, =Wohy, +b,(19)
In Equation (19), 9, represents the complexity prediction value.
The experiment uses regularized mean squared error to measure the loss, as shown in Equation (20).
1 N =
F055,0=~ T (3, F, Y +41015(20)
In Equation (20), y, represents the smoothed label; 6 represents the model parameters; 4, represents the L2

regularization coefficient.

This paper also performs high/low load binary classification and constructs a joint multi-task loss, as shown in Equation
(21).

F055=) L05S o113 L05515(21)

In Equation (21), oss., represents the cross-entropy loss, and A, and A; represent the corresponding weight
hyperparameters.

To ensure model reproducibility, this paper employs a three-layer Transformer encoder (3 Transformer layers) in the
experiments, with each layer containing 8 self-attention heads (head = 8). Each head has an embedding dimension of 64, resulting
in a total hidden dimension of 512. The time window length is set to 2 seconds, and the sequence length is 30 windows to
accommodate both short-term dynamic changes and long-term dependencies. The multimodal gating unit (GMU) is implemented
using element-wise sigmoid gating to weightedly fuse visual, behavioral, and physiological modal embeddings. Each modal
embedding is linearly mapped and multiplied by the gating weights, and a modal contribution vector is generated using the tanh
activation function. The final fused vector is the weighted sum of all modalities. This implementation ensures robust prediction
output even in the presence of missing modalities or noise interference. Furthermore, gradient backpropagation can be used to
jointly train the Transformer and GMU parameters, achieving end-to-end optimization.

The experiments use the AdamW optimizer [35-36], with Cosine Annealing [37-38] for learning rate scheduling, and
walk-forward time-series cross-validation to evaluate generalization ability. Model predictions are calibrated to reduce bias, and
focal loss is used for outlier windows to address class imbalance. Modal masking (randomly dropping modalities) is applied
during training to improve tolerance for missing modalities during deployment. Model distillation and quantization (INTS8) are
used at the inference end to meet mobile latency and energy consumption constraints, while gating units reduce the strong
dependence on high-sampling-rate physiological signals, ensuring acceptable accuracy even in low-cost sensor scenarios.

2.5 Personalized Adaptation and Real-Time Adjustment Engine for Usage Scenarios

To achieve personalized adaptation, a lightweight individual calibrator is maintained for each user u and periodically
updated on an online window. Real-time input is a multimodal feature vector, and the model output is an instantaneous
complexity prediction. If adaptation is triggered after smoothing and thresholding, the engine selects the action a most likely to
reduce cognitive load from the action set A and implements interface changes.

In individual bias correction, the study first uses a closed-form estimation of the linear bias term to eliminate systematic bias
in the short-term calibration of user u, as shown in Equation (22).

£ 0 Axi0)
b,= IN’u " (22)

In Equation (22), b, represents the linear bias term, and », represents the number of calibration samples. This closed-form

solution can be quickly calculated online, and real-time predictions can be corrected using 7, @, solving the system bias problem

caused by group differences (such as baseline shift in elderly users).
For context-aware action selection (with learning), the engine defines the context state s, as [x, ;act, ], where act, is the
external context factor (ambient light, high noise, fast movement, etc.). LinUCB is used as the online learning strategy. For each

candidate action a, a matrix A, and a vector b, are maintained, and the upper confidence bound score is calculated, as shown in
Equation (23) [39].

score(als)=0. s+o_|sT A, s(23)

. AT L . . .
In Equation (23), 6, represents the least squares estimation parameter of action a, and @ represents the exploration weight.
Then, the action that maximizes score(als) is selected for execution; after execution, A, and b, are updated based on the



391
392
393
394
395
396
397

398

399
400

401
402

403
404
405
406
407

408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426

427
428
429
430

431
432
433
434
435
436
437
438
439
440
441

442
443
444

observed immediate reward 7, (r,:jzip"e)—j/ﬁf’), representing the decrease in prediction complexity or the improvement in task

efficiency), as shown in Equation (24). This process automatically discovers the most effective adjustment methods in different
usage scenarios through context-sensitive online learning.

A A +ssT,  by—b,tr,s(24)

To avoid interface flickering caused by frequent jitter, exponential smoothing is used to adjust the predicted score and a
threshold is set for triggering, as shown in Equation (25).

3, =, (1= (25)

¢ in Equation (25) is the smoothing coefficient. The action selection process is only entered when 3, >Q,., Or y, exceeds

the threshold for multiple consecutive windows; after the action, the reward is monitored to determine whether to withdraw or

solidify the change. D is the trigger threshold.

Regarding the high-load threshold ¢_ and the smoothing coefficient ¢ this paper employs a combination of data-driven
ig!
and empirical tuning methods to determine the parameters in the experiments. ¢ is selected based on the continuous

complexity prediction score distribution on the training set, typically taking a value higher than the average p plus 1.5 to 2
standard deviations o, to ensure that only significantly high-load segments trigger interface adjustments, while also considering
the false positive and false negative rates. The smoothing coefficient ¢ is optimized through grid search on the validation set,
ensuring that the exponentially smoothed prediction sequence retains short-term dynamic changes while avoiding frequent jitter,
thereby reducing interface flickering and over-response. Finally, the robustness of both R and ¢ is verified under multi-user,

multi-task, and different application scenarios, ensuring that the model is both sensitive and stable during the online adaptive
phase.

To meet mobile latency and privacy constraints, personalized calibration and LinUCB parameters are maintained and
updated locally on the client side, and encrypted summary statistics are periodically reported to support periodic fine-tuning of the
global model in the cloud. Through biased closed-form solutions and lightweight context arms, the system can still achieve rapid
personalization and context adaptation in resource-constrained environments, overcoming the limitations of expensive training
and frequent online fine-tuning that cannot meet real-time requirements.

To clarify the definition and detection method of high-load segments, this paper adopts a sliding window aggregation
strategy in the complexity prediction sequence of continuous windows. The predicted scores are first exponentially smoothed, and
then high-load windows are marked according to a threshold @nigh. Adjacent high-load windows with an interval less than a preset
step size are merged into the same high-load segment to reduce false alarms caused by short-term jitter. The detection latency of
high-load segments is defined as the time interval from the actual occurrence of a high-load state to the model's first triggering of
the threshold, mainly determined by the window length L_window, step size Ssp, and smoothing coefficient ¢. In the experiments,
the window length L window is set to 2 seconds, and the step size Ssep is 0.5 seconds, optimized through grid search on the
validation set to balance short-term dynamic response and detection stability. The high-load segment detection rule is based on a
judgment strategy where multiple consecutive windows exceed the threshold, ensuring that interface adaptation actions are
triggered only under significant cognitive load conditions, while balancing latency and false alarm rate.

In this paper, the ground truth used to evaluate the detection performance of high-load segments (such as F1) is not obtained
by thresholding the model's predicted sequence using a threshold ?, but rather comes from externally independent subjective

load labels. The ground truth for high-load segments is first constructed based on NASA-TLX mission-level scores: for each
mission session, the mission-level NASA-TLX score is mapped to the corresponding time window sequence according to its
completion time, and the window-level labels are exponentially smoothed to avoid abrupt noise introduced by inaccurate mission
boundaries. Subsequently, using only training set statistics, a uniform threshold (consistent with the O value used in the model

prediction stage, but applied to the "true label sequence" rather than the predicted sequence) is applied to the smoothed
window-level subjective load sequence, merging consecutive windows exceeding the threshold into ground-truth segments. The
model's output continuous complexity prediction sequence undergoes the same smoothing and thresholding rules during the
testing phase to generate predicted high-load segments. The two are matched at the segment level to calculate precision, recall,
and F1 score. It is important to emphasize that the thresholding operation is only used to generate the representation of
"segments" from continuous labels/predictions, and does not participate in model training, nor does it define the ground truth
based on the prediction results. Therefore, there is no circular dependency problem of constructing the ground truth from the
prediction results. Based on the above independent labeling and consistent segment generation rules, the reported F1 and other
performance metrics reflect the model's ability to detect "true high-load periods defined by NASA-TLX subjective load,"
providing a clear source of supervision and interpretability.

2.6 SHAP Interpretability and Important Factor Identification

After model training, the SHAP framework is used to calculate the local contribution value of each prediction for the fusion
model [40-41]. Local and global importance distributions are obtained based on TreeExplainer (when using tree model
components) or KernelExplainer (when using neural networks), respectively, to construct two types of outputs: a global



445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494
495

importance ranking aggregated by feature type, used to reveal the most stable and influential factors in complexity assessment
across the entire dataset; and task/session-level local interpretation reports, used to locate the driving features of specific
high-load segments. The SHAP output is combined with model uncertainty (prediction variance) to distinguish between factors
with "high influence but high uncertainty" (requiring further sampling verification) and stable factors with "high influence and
low uncertainty" (which can be directly used for design changes).

Based on the SHAP analysis described above, a set of "factor — action" mapping rules is constructed. For each visual or
behavioral feature marked as having a high contribution, executable interface adjustments are defined (e.g., when the contribution
rate of "significance dispersion" exceeds a threshold, information merging or highlighting of main controls is prioritized; when
"element density" has a high contribution and the user is an elderly user, font and control enlargement is performed). This
mapping is based on the global ranking of SHAP and dynamically reorders the rule priorities by combining the effect data of
online learning of context arms, directly transforming interpretability into a personalized adaptation strategy that can be executed
in engineering.

Directly applying KernelSHAP to deep sequence models (such as the multimodal Transformer) incurs high computational
costs. To mitigate this issue, this paper employs a hierarchical sampling strategy. First, the time series windows are clustered or
uniformly grouped to reduce the number of sample points requiring computation. Second, within each window, only a subset of
key features is perturbed, rather than sampling all features simultaneously. Furthermore, SHAP computation is parallelized with
model inference and executed on a lightweight model (distillation + INT8 quantization) after training to further reduce time and
memory overhead. Additionally,To avoid the interpretation results being influenced by the proportion of supervised labels, the
SHAP analysis in this paper is calculated only based on the output of the model trained with externally independent subjective
load labels. The importance of behavioral and physiological features reflects their marginal contribution to subjective load
prediction, rather than their weight proportion in any composite label. Therefore, high SHAP values of features such as pupil
diameter and heart rate variability should be understood as their predictive relevance to load perception, rather than prior biases
introduced by label construction.

For KernelSHAP, the background samples are selected from a representative subset of the multimodal features in the
training set. Specifically, k-means clustering (k=20) is performed on the window-level fused features in the training set, and the
centers of each cluster are selected as the background distribution to balance data diversity and computational controllability.
Regarding the sampling scale, for each interpreted window sample, KernelSHAP sets the feature perturbation sampling number to
500 times. This value is determined by balancing stability and computational cost on the validation set. In terms of sequence
processing, SHAP does not directly perturb the complete time series. Instead, it uses a single time window as the basic
interpretation unit, performing subset perturbation on the multimodal feature dimensions within that window. The context
window (several preceding and following windows) remains unchanged and serves as conditional input, thus significantly
reducing computational complexity while preserving temporal dependency information. These implementations ensure a balance
between interpretability, stability, and engineering feasibility in the SHAP results.With the context window fixed as the
conditional input, the conditional input for each time window includes not only the features of the current central window, but
also the features of the five windows before and after it (a total of 11 windows), to construct a locally temporally dependent
contextual representation. The surrounding +5 windows are held fixed as context, while only the target window's features are
perturbed.This setup ensures that the inputs to SHAP interpretability analysis and the multimodal Transformer can reflect both
instantaneous states and capture short-term dynamic changes, thereby providing more stable and accurate contextual information
in complexity prediction and high-load segment recognition.

To enhance the engineering feasibility of the "factor — action" mapping, this paper further standardizes the design based on
the original rules. First, an action library A is constructed, including operations such as interface layout adjustment (control
zooming in/out, information merging/highlighting), animation speed adjustment, scroll dwell time extension, and color/contrast
optimization. Each type of action defines its applicable conditions, intensity range, and controllable parameters to avoid excessive
intervention or interface disruption. Potential side effect evaluation indicators are set for each action, such as the potential
decrease in discoverability due to information hiding, changes in task completion time, or the probability of operational conflicts.
During the online adaptive phase, these are monitored and adjusted through immediate rewards (rt) and cumulative feedback.
Combining the local/global feature contributions from SHAP output and the LinUCB context arm learning strategy, action
priorities are dynamically ordered, enabling the system to minimize interface side effects while ensuring cognitive load reduction,
achieving safer, more controllable, and verifiable personalized adaptation.

Specific examples of factor-action mapping are shown in Table 1.

Table | Specific Examples of Factor-Action Mapping

Contribution Factors Triggering Actions (element ~ Motion Intensity ~ Key side effects ~ Online Adjustment
Conditions A) Range indicators: and Constraints
Element density is Information LinUCB
High element density in the top 20% of Font and control hiding rate 1 dynamically
. +10% ~ +25% .
per unit area the sample enlargement (approximately selects the

distribution +3%~8%) amplification level




496
497

498

499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520

High element position

dispersion

High significance
entropy (distracted
attention)

Low
significance-control
overlap rate

High dynamic motion

energy

High event interval

Controls are
scattered and search
time is increasing

Salience areas are
scattered and
accidental touch
rate is increasing

Key controls are not

located in the
salient area

Fast scrolling or
dense animations

Hesitant operation,

Information
grouping and list
merging

Main control
highlighting

Key control
position
fine-tuning

Slow down
animation speed

Extend scroll

Merge 1-3
adjacent modules

Highlight
opacity 20% ~
40%

Offset < 5% of
screen width

—20% ~—=50%

Initial learning
cost 1

Visual
distraction 1

Disruption of
spatial
consistency

Interface
responsiveness |

based on task
success rate.
If task time
increases, it rolls
back and merges
tasks.
Prioritizes older
users and
suppresses
high-frequency
triggers.
Triggers only
during periods of
continuous high
load.
Prioritizes
execution in
high-noise/walking
scenarios.
If efficiency
decreases, it

. . +0.3 ~+1.
entropy repeated clicks dwell time 0.3~+1.0s Slower task pace shortens the dwell
time.
. o Enhance path hints . Increased Enables only for
High navigation Complex page Hint 1-2 key number of new users or those
L and back entry . .
entropy navigation path . nodes interface with low
points .
elements proficiency.
Contrast is lower Prioritizes users
Insufficient contrast than.the. Enhance +10% ~ +30% Risk O.f visual with color vision
accessibility color/contrast fatigue L
. deficiencies.
suggestion

3. Experimental Design
3.1 Experimental Data and Preprocessing

This study collects data from three beta mobile applications, representing e-commerce (Taobao), social networking
(WeChat), and tools (Maps). Data sources include beta Android application packages (APKs)/Bundles, laboratory task scripts,
and participants' on-site operation records. A total of 120 participants are recruited, aged 18—75, including at least 30 elderly
participants and 20 participants reporting color vision abnormalities. The participants are balanced in terms of gender and usage
proficiency. Each participant completes a pre-set set of tasks in the three applications, resulting in 9 independent sessions and
1080 session records. Each session simultaneously collects screenshots and DOM/control trees, front-end interaction logs (click,
swipe, interface switching timestamps), high-frequency eye-tracking data (Tobii Pro/Pupil Labs or calibrated mobile phone
camera solutions), heart rate/PPG and ductal signal (wearable devices such as Polar/Empatica), as well as task completion time,
error records, and post-task subjective scales (NASA-TLX and usability questionnaire). The total data included 42,350
standardized screen screenshots, 1,185,420 interaction events, approximately 3,460 hours of eye-tracking records, approximately
1,275 hours of physiological signals (PPG/heart rate/EDA), and 3,240 subjective evaluations. For eye-tracking data, the average
loss rate was 5.8%, mainly due to blinking and temporary occlusion; lost data was filled using linear interpolation. For EDA
signals, low-pass filtering (5 Hz cutoff) and convex optimized deconvolution (cvxEDA) were used to remove noise and artifacts,
preserving the effective bands of the driving derivative. After preprocessing and quality screening, 1,045 out of 1,080 sessions
were valid (96.8%); the rest were discarded due to excessive signal loss or task abnormalities.In this experiment, the
"approximately 3,460 hours of eye tracking" and "approximately 1,275 hours of physiological signals" do not represent the
continuous effective task duration within a single session, but rather the total device wearing and recording time accumulated
across all 1080 sessions. This includes calibration phases before and after task execution, short rest and waiting times, and
intermittent recordings generated from batches collected over multiple days. The effective task timeframes actually used for
modeling and analysis comprise only a portion of this, and these were rigorously truncated during the preprocessing stage through
task timestamp alignment and quality screening. Therefore, the effective task duration of a single session conforms to the standard
settings for mobile application experiments, and there are no instances where a single session lasts for several hours.
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All data is first synchronized with a unified clock and aligned in time; screen images are standardized in resolution and
converted to a standard color space; DOM/control position information is pixel-level aligned with the screenshots. Eye-tracking
and physiological signals undergo preprocessing including artifact removal, filtering, blink removal, and baseline correction.
Interaction logs were cleaned, verified, and calibrated before being statistically analyzed within fixed time windows.
Subsequently, session quality is screened, and availability is recorded. Each modality is resampled and normalized within a
unified time window to form an aligned time-window-level raw feature set, used for subsequent feature calculation, multimodal
fusion, and cross-group comparative analysis.

To ensure pixel-level alignment accuracy between the DOM/control bounding boxes and screenshots, this paper employs a
multi-step correction strategy in the preprocessing stage. Based on the application rendering resolution and screen density, all
screenshots are uniformly scaled to a standard resolution and sub-pixel interpolation is performed to reduce scaling errors.
Floating-point coordinates of the control bounding boxes are obtained through the DOM/API interface and mapped to the
corresponding screenshot pixel grid using geometric transformation (affine transformation). Then, visual matching verification is
performed on key controls and interface elements. By calculating the centroid deviation between the bounding box center point
and the salient region, the average pixel offset is controlled to within 1 pixel. Finally, in the multimodal feature alignment stage,
timestamp synchronization and window smoothing are further employed to ensure precise temporal and spatial matching between
control information and the visual frame, thereby reducing potential errors in visual feature extraction, saliency analysis, and
complexity prediction.To ensure ethical compliance and data security, all participants signed informed consent forms before the
experiment, detailing the data collection content, purpose of use, potential risks, and withdrawal rights. All methods in this study
were performed in accordance with the relevant guidelines and regulations. The experimental protocols involving human
participants were approved by the Research Ethics Committee of Multimedia University, Malaysia(Ethics Approval
Number:MMU-EA-FU-17/20260312). Collected physiological signals such as eye movement, heart rate/PPG, and EDA, as well
as interaction logs, underwent de-identification processing, removing directly or indirectly identifying information such as names,
accounts, and timestamps, and replacing participant identifiers with random codes. All data was encrypted during transmission
and storage and stored on a secure server with restricted access, accessible only to authorized researchers. For vulnerable groups
such as the elderly and those with color vision deficiencies, the experimental design was adapted in terms of task difficulty,
duration, and visual interface elements, providing additional rest time and necessary operational prompts to reduce cognitive load
and experimental stress, ensuring participant safety and comfort.

This study strictly adheres to the principles of minimum necessity and time limits, setting clear retention periods for
collected data. All de-identified raw multimodal data (interface screenshots, interaction logs, eye-tracking and physiological
signals) will be used solely for this study and its replication experiments, and will be retained for a maximum of 5 years after the
project ends. After this period, the data will be irreversibly deleted or only statistical summaries of individuals whose identities
cannot be traced will be retained. Participants have the right to withdraw at any time during or after the study. Upon receiving a
withdrawal request, any data not yet used for published results will be immediately deleted, and data already in the analysis
process will be excluded from subsequent analysis and reuse without affecting existing anonymized statistical conclusions,
ensuring compliance and protecting the rights of participants.

3.2 Experimental Procedure and Task Setting

The experiment is divided into two phases to simultaneously validate the model's predictive performance and online
adaptive effect. In the training and comparison phases, all session data are grouped by application type and individual participants,
split using a time-series sliding window, and a leave-one-application external generalization evaluation is implemented to ensure
representative distribution of the elderly group and the color vision deficiency group across the training, validation, and test sets.
Multimodal Transformer, CNN-LSTM (Convolutional Neural Network - Long Short-Term Memory), Informer, BiLSTM
(Bidirectional Long Short-Term Memory), TCN (Temporal Convolutional Network), and XGBoost (eXtreme Gradient Boosting)
are trained under uniform preprocessing, time windows, label smoothing, hyperparameter search space, and early stopping rules
to ensure comparability. The evaluation uses regression accuracy (MAE, RMSE), binary classification ability (F1), and
time-series detection metrics (precision, recall, F1, and detection latency). Models are selected based on the validation set, and
results are reported on the test set. In the online and dynamic adaptation phases, controlled A/B trials are employed. Participants
are randomly assigned to a no-adaptation control group, a rule-based adaptation group using manual thresholds, and a
learning-based adaptation group incorporating contextual LinUCB and individual bias correction. Task completion time and other
metrics are evaluated in real-world tasks, and end-to-end inference latency, memory usage, and energy consumption are measured
on representative mobile devices. Simultaneously, ablation experiments and generalization experiments (modal demodulation,
leave-one-out application, and few-sample fine-tuning) are used to quantify the contributions of each modality and
cross-application transferability. All results are reported in the form of statistical tests and effect sizes to ensure reproducibility
and engineering interpretability.

To avoid bias in model evaluation caused by time series overlap and individual leakage, this paper uses sessions as the
smallest unit for partitioning during training, validation, and test sets. All sessions of the same participant belong to the same set,
ensuring they do not span different data subsets. Data splitting was performed at the participant level to prevent data leakage; all
sessions from the same participant were assigned to the same split set.For input features generated by a sliding window (0.5s step
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size), the high correlation between windows is controlled during the testing phase to avoid information leakage caused by
adjacent windows, thus ensuring the fairness and reliability of walk-forward CV and leave-one-app external generalization
evaluations. Through this partitioning strategy, the model's generalization ability across different participants and applications can
be more realistically verified. During the model training and evaluation phases, a 5-fold walk-forward CV with a 20-session step
approach is adopted, with the training set for each fold cumulatively increasing from historical sessions, and the validation set
consisting of the next 20 sessions (step size 20 sessions). This setup ensures continuity of time dependencies while balancing
training data coverage and validation set independence, providing a robust evaluation of the generalization performance of the
complexity prediction model.

This paper standardizes the input feature modality in the experimental design to ensure comparability between different
models. Informer, BILSTM, TCN, and XGBoost all use the same visual, behavioral, and physiological feature vectors as inputs as
the multimodal Transformer. When processing sequence models, all time-window sequence features are directly input into the
model to capture temporal dependencies. For the tree model (XGBoost), to compensate for its insufficient ability to model
sequences, this paper statistically aggregates the multimodal features within each time window, including mean, maximum,
minimum, and standard deviation, to construct sequence aggregated features. This preserves temporal information to a certain
extent, making the tree model and sequence model comparable in terms of input information and ensuring fairness in performance
comparison.

To ensure the reproducibility of the experiments, this paper provides a unified description of the key hyperparameter
configurations for training and optimization. All deep models use a batch size of 32 and a maximum training epoch count of 120.
The optimizer used is AdamW, with an initial learning rate of 1x1073, gradually decaying to a minimum learning rate of 1x10°
under cosine annealing. Dropout of 0.3 is consistently applied in the modal encoder, Transformer encoding layer, and fully
connected prediction layer to mitigate overfitting. In the joint loss function, the L2 regularization coefficient .: = 1x1074, and the
regression and classification loss weights are set to > = 1.0 and As = 0.5, respectively. This configuration was determined through
a validation set grid search, achieving a good balance between accuracy and stability. Early stopping was employed during
training. Training was terminated and the model rolled back to optimal parameters when the validation set RMSE did not improve
by at least 1x1072 within 15 consecutive epochs. To improve the model's robustness to modal missing features during deployment,
modal masking was introduced during training. A single modal input was randomly masked with a 20% probability (multiple
modalities were not masked simultaneously), while the remaining modalities remained intact. To address the class imbalance
issue in high/low load classification, focal loss was used for the classification branch, with parameters set to a = 0.25 and y = 2.0,
to reduce the weight of easily classified samples and enhance the model's learning ability in high-load windows. The
hyperparameters were kept consistent across different models and application scenarios to ensure the reproducibility and fair
comparison of experimental results.In this paper, the early stopping strategy is set as follows: training is immediately terminated
and rolled back to the optimal parameters when the validation set RMSE does not improve by at least 1x107* within 15
consecutive epochs, in order to avoid overfitting and ensure training stability. In the modal masking strategy, individual
modalities are randomly selected in each training sample and masked with a uniform probability of 20%, while explicitly
disallowing multiple modalities from being missing simultaneously. This preserves the remaining modal information, ensuring
that the model can still effectively learn and predict even with partial modal missingness. This addition makes the
hyperparameters and training strategy more complete and reproducible.

4. Multidimensional Performance Indicators

4.1 Model Predictive Performance

To predicting cognitive load, this study selects three indicators for comprehensive evaluation: Mean Absolute Error (MAE),
RMSE, and Pearson correlation coefficient . MAE and RMSE measure the magnitude of the error between the model's predicted
values and the actual values, reflecting the accuracy and stability of the prediction; while Pearson r measures the linear correlation
between the predicted and actual values, reflecting the model's ability to capture data trends. The overall cognitive load prediction
performance is shown in Figure 3. Figure 3 shows the six comparative models on the horizontal axis, and the vertical axis
represents the indicator values (MAE, RMSE, Pearson r) for each subplot. The height of the bars in the figure represents the mean
of each model's indicator, and the black error bars represent the standard deviation (std), used to show the fluctuation range of the
model's predictive performance.
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Figure 3. Overall cognitive load prediction performance

Figure 3(a) MAE; Figure 3(b) RMSE; Figure 3(c) Pearson r

Figure 3 clearly shows the differences in prediction performance among the models. In the MAE of Figure 3(a), Multimodal
Transformer has the smallest average error (0.12+0.01); CNN-LSTM has 0.184+0.015; XGBoost has the largest (0.22+0.02),
indicating that Multimodal Transformer is the best in terms of absolute error and has the most stable error. In the RMSE of Figure
3(b), Multimodal Transformer also performs best (0.18+0.02), while BiLSTM and XGBoost have larger errors (0.284+0.035 and
0.3240.04, respectively), indicating that they fluctuate more in extreme value prediction. In the Pearson r of Figure 3(c), the
Multimodal Transformer has the highest correlation coefficient at 0.86+0.03, indicating that its predicted values are most
consistent with the actual values, while XGBoost has the lowest at only 0.70+£0.05. Overall, the Multimodal Transformer
outperforms other single-modal or traditional machine learning models in terms of accuracy, stability, and trend capture ability.
Informer and TCN perform moderately, while CNN-LSTM and BiLSTM are slightly lower in error and correlation.
4.2 Verification of Personalized Adaptation Effect and Dynamic Optimization Capability

To verify the personalized adaptation effect and dynamic optimization capability of the interface during human-computer
interaction, three strategies are employed: "NoAdapt-RuleAdapt-LearnAdapt." The experiment uses two indicators: completion
time and subjective load reduction rate. The former reflects the operational efficiency of the interface, while the latter
characterizes changes in the user's cognitive load. Combining the two allows for a more comprehensive evaluation of the
interface's real-world performance across different user groups and contexts. The results of the dynamic optimization capability
verification are shown in Figure 4. Figure 4 illustrates the task completion time (vertical axis) of the three adaptation strategies
during the task phase (horizontal axis 1-10) in dynamic usage scenarios as the environment switches
(EnvLight/HighNoise/FastMove).

Trends in task completion time in dynamic scenarios
T T T T
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Figure 4. Validation results of dynamic optimization capability
As shown in Figure 4, the overall trend indicates that LearnAdapt consistently achieves the shortest completion time across
all 10 stages, such as 10.33 s in Stage 1, significantly outperforming RuleAdapt (11.23 s) and NoAdapt (11.73 s). The gap widens
further in noisy and fast-moving environments (Stages 4—10), with LearnAdapt achieving 13.18 s in Stage 9, while NoAdapt
reaches 16.70 s, demonstrating that the learning strategy possesses stronger dynamic response capabilities.
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The personalized adaptation effect is shown in Figure 5. In Figure 5, the horizontal axis represents the task stage, and the
vertical axis represents the results for different user groups (teenagers, middle-aged, elderly, normal vision, colorblind) in terms of
task completion time and subjective cognitive load reduction. Blue lines represent no adaptation; orange lines represent
rule-based adaptation; yellow lines indicate learning-based adaptation.

To ensure the reliability and interpretability of the A/B test results, participants were randomly assigned during the design
phase. A computer-generated random sequence was used to evenly distribute 120 participants into three adaptation strategy
groups (no adaptation, rule-based adaptation, and learning adaptation), with approximately 40 participants in each group. The
sample size was chosen based on effect size estimation, and power analysis confirmed that it could detect a moderate effect at
a=0.05 and 80% statistical power (Cohen’s d = (.5). Furthermore, to control for potential confounding factors such as gender, age,
proficiency, and color vision, a stratified randomization strategy was used during grouping to ensure a balanced distribution of
these key characteristics across groups, thereby reducing the interference of individual differences and environmental factors on
the experimental results. These design features ensure that comparisons between groups reflect the effectiveness of the adaptive
strategy itself, rather than other systematic biases.
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Figure 5. Personalized adaptation effect
Figure 5(a) Task completion time for teenagers; Figure 5(b) Task completion time for middle-aged individuals; Figure 5(c) Task
completion time for the elderly; Figure 5(d) Task completion time with normal vision; Figure 5(e) Task completion time with
color blindness; Figure 5(f) Percentage decrease in subjective cognitive load for teenagers; Figure 5(g) Percentage decrease in
subjective cognitive load for middle-aged individuals; Figure 5(h) Percentage decrease in subjective cognitive load for the elderly;
Figure 5(i) Percentage decrease in subjective cognitive load with normal vision; Figure 5(j) Percentage decrease in subjective
cognitive load with color blindness

In Figures 5(a)-5(c) and 5(f)-5(h), the overall task completion time for the adolescent group is lower, and the
learning-adaptive interface shows a clear advantage. For example, in Stage 6, LearnAdapt only requires 8.12 seconds, which is
shorter than NoAdapt (10.48 seconds). Regarding load reduction, LearnAdapt maintains the highest rate in most stages, such as a
20.79% decrease in Stage 1, significantly higher than RuleAdapt (5.41%) and NoAdapt (-1.43%). This indicates that teenagers
are more likely to develop stable operating patterns in learning interfaces. Among the middle-aged group, learning-adaptive
interface also maintains the best efficiency, decreasing from 15.02 seconds for NoAdapt to 11.94 seconds for LearnAdapt in Stage
1, and stabilizing at around 10 seconds in the later stages (Stages 7-10). Regarding load reduction, RuleAdapt shows higher
reductions in a few stages (e.g., 16.34% in Stage 1), but LearnAdapt's effect is more balanced under high-load scenarios, reaching
as high as 20.32% in Stage 9. This indicates that middle-aged users have a certain acceptance of rule adaptation, but still rely on
learning-based adaptation for more stable load reduction in complex tasks. Elderly users have the longest completion time, but the
adaptation strategy brings the most significant improvement. For example, NoAdapt takes 20.13 seconds in Stage 1, while
LearnAdapt takes 15.65 seconds. In terms of load reduction, LearnAdapt reaches over 30% in several stages, such as 30.10% in
Stage 2 and 33.87% in Stage 7, indicating that intelligent adaptation is most helpful in reducing cognitive load for the elderly.

In Figures 5(d)-5(e) and 5(i)-5(j), among normal users, learning adaptation also maintains the best time performance,
decreasing from 14.85 s for NoAdapt to 10.56 s for LearnAdapt in Stage 5. Regarding load reduction, RuleAdapt reaches higher
values in some stages (e.g., 10.40% in Stage 2), but LearnAdapt is more stable overall, such as 22.29% in Stage 1 and 23.89% in
Stage 10. This indicates that normal users' gains stabilize after becoming familiar with the task. Colorblind users have higher
times without adaptation (e.g., 18.57 s in Stage 1), but learning adaptation significantly shortens their time to 13.77 s. In terms of
load reduction, LearnAdapt reaches 30.77% in Stage 2, higher than RuleAdapt (7.97%). This group shows the strongest reliance
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on learning adaptation in most stages.

The main reason for these differences lies in the fact that learning-based adaptation can automatically adjust interface
parameters based on user behavior, environmental disturbances, and task stages. Its optimization process is characterized by
"real-time performance, content sensitivity, and user characteristic dependence." In dynamic usage scenarios, when the
environment changes from quiet to high noise or high-speed operation, the learning model can instantly adjust the density of
interactive information, element layout, and prompting methods, resulting in the most significant reduction in completion time.
Data differences among different groups are related to their inherent abilities and perceptual characteristics: teenagers have higher
proficiency, and the acceleration effect of adaptation appears more quickly; the elderly and colorblind users have higher
perceptual loads, so their load reduction rate is more significant under the visual enhancement, layout reconstruction, and
information filtering mechanisms of intelligent adaptation. Overall, the learning-based adaptation strategy, by constructing a
mapping relationship between user state and task difficulty, enables the interface to maintain optimal human-computer interaction
efficiency across environments and user groups.

It is important to note that the superior performance of LearnAdapt compared to RuleAdapt may be partly influenced by the
learning period length, task proficiency effect, and the aggressiveness of interface modifications. To mitigate the interference of
these potential confounding factors, this study employed a stratified randomization strategy in the experimental design, randomly
grouping participants by age, gender, usage proficiency, and color vision status to balance individual differences across groups as
much as possible. Furthermore, each participant completed tasks in three applications, generating repeated measures data,
allowing the model to control for potential learning effects across tasks and users. Although a strict crossover design was not used,
the combination of stratification and randomization strategies with statistical analysis effectively reduced the impact of learning
period and task proficiency on the evaluation of personalized adaptation strategies, thus more reliably reflecting the inherent
advantages of learning-based adaptive strategies. Future work could further incorporate crossover designs or mixed-effects
models to more accurately quantify the causal relationship between strategy performance and learning effects.

4.3 Robustness and Generalization of the Model

To further explore the predictive ability of the proposed model for interface design complexity (RMSE) under various
environmental scenarios and personalized user groups, the cognitive load predictions and usage scenarios are shown in Figure 6.
In Figure 6, the root mean square error (RMSE) is used as the core evaluation indicator for complexity prediction. The lower the
RMSE value, the closer the prediction result is to the actual cognitive load level. Therefore, RMSE can effectively measure the
stability and generalization performance of the model. Each vertex represents a prediction model, and the radius direction
indicates the magnitude of the RMSE value. The curve colors correspond to the RMSE situations of different usage scenarios in
Figure 6(a) or personalized group types in Figure 6(b). Each closed curve represents the RMSE performance of a certain scenario
or user group on the six models, used to compare the differences in prediction accuracy of different models under this condition.

(a)Prediction RMSE under different usage scenarios (b)Prediction RMSE under different personalized groups

Informer CNN-LSTM Informer CNN-LSTM

Mop 050 G40 hd .\ 0,30 940
0.10 \¥ BILSTM « b
BiLSTM 0.00 \\
Multimodal Transformer Multimodal Transformer
-4
TCN XGBoost
TCN XGBoost
——EnvLight Elderly
~#-HighNoise' ~o-Normal
FastMove - Colorblind

Figure 6(a) Prediction RMSE under different usage scenarios; Figure 6(b) Prediction RMSE under different personalized groups
Figure 6. Prediction under different personalized groups and usage scenario complexity
As shown in Figure 6(a), in all three usage scenarios, the multimodal Transformer achieves the lowest prediction errors, at
0.15 (EnvLight), 0.17 (HighNoise), and 0.20 (FastMove), significantly outperforming other models. This is followed by Informer



728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765

766
767
768
769
770
771
772
773

(0.19-0.24) and CNN-LSTM (0.22—0.28), while XGBoost performs the worst across all scenarios (0.28—0.35). With increasing
environmental complexity (such as HighNoise and FastMove), the RMSE of all models shows an upward trend, indicating that
dynamic interference and noise reduce prediction accuracy. Figure 6(b) illustrates the model performance across five
individualized population groups. The multimodal Transformer achieves the lowest RMSE, with a minimum of 0.12 in the
adolescent group and rising to 0.22 in the elderly group. CNN-LSTM and BiLSTM are at intermediate levels (e.g., CNN-LSTM
at 0.24 and BiLSTM at 0.27 in the middle-aged condition). XGBoost achieves the highest RMSE across all population groups
(0.22-0.37). The multimodal Transformer demonstrates the best robustness and generalization ability under various conditions,
while XGBoost is most sensitive to environmental and population differences.

The aforementioned differences primarily stem from variations in the model structures' ability to couple multimodal features
and model temporal dependencies. The multimodal Transformer establishes a global correlation between visual features,
interactive behaviors, and dynamic context through a self-attention mechanism, enabling it to maintain relatively small errors
even in high-noise (HighNoise), fast-moving (FastMove), and visually sensitive groups (such as colorblind). While CNN-LSTM,
Informer, and BiLSTM can capture temporal patterns to some extent, their feature fusion capabilities are insufficient when
environmental disturbances increase or when there are significant differences in user group cognition, resulting in a more
pronounced increase in RMSE. TCN and XGBoost exhibit even more significant performance degradation; the former, limited by
its fixed convolutional receptive field, struggles to adapt to rapidly changing interactive states; the latter lacks deep sequence
modeling capabilities and fails to adequately capture cross-channel dependencies between visual and behavioral signals, leading
to particularly prominent errors in the elderly and colorblind individuals. In summary, the differences in prediction performance
reflect the fundamental differences in the models' ability to structurally integrate multimodal information, demonstrating the
significant adaptability of the multimodal Transformer in complex situations and among diverse user groups.

This paper conducts robustness analysis across various environmental scenarios and personalized user groups, and
simultaneously evaluates the model's generalization ability using a leave-one-out validation method. The aim is to test the model's
performance on unseen new applications and analyze whether few-shot adjustments can effectively recover performance.
Analysis metrics include MAE, RMSE, and Recovery50%. MAE and RMSE measure the magnitude of prediction error; lower
values indicate better performance. The baseline represents the model's reference performance when the training set includes the
application (APP). Zero-shot MAE and RMSE represent the model's performance when directly predicting on unseen applications.
10-shot and 50-shot MAE and RMSE represent the performance after fine-tuning with 10 and 50 labeled samples, respectively,
on new applications. AMAE(%) represents the percentage decrease in zero-shot prediction performance relative to the baseline.
Recovery50(%) represents the recovery ratio of the 50-shot performance after fine-tuning relative to the Zero-shot and Baseline
performance (Recovery50(%) = (Zero-shot MAE — 50-shot MAE) / (Zero-shot MAE — Baseline MAE) x 100%). The baseline is
not the result of independent training on each app, but rather a unified cross-application training baseline. In the
leave-one-app-out setting, the Baseline MAE corresponds to the overall benchmark performance of the model on the "complete
training set containing data from that app," obtained through 10-fold cross-validation. Its value is first averaged across the entire
training set, and then used as a reference value for comparison with the corresponding zero-shot and few-shot scenarios.
Therefore, the mean of the baseline remains consistent across the three app conditions (0.120), while the differences in standard
deviation (+0.010/0.012/0.013) arise from the differences in sample composition during cross-validation tradeoffs in different
held-out apps.The generalization capability verification results are shown in Table 2.

Table 2. Generalization capability verification results

Held-out Baseline Zero-shot AMAE 10-shot 50-shot Recovery50 Baseline Zero-shot 10-shot 50-shot

APP MAE  MAE (%) MAE MAE (%) RMSE RMSE RMSE RMSE
App A 0120  0.165+ 0140 0.125 0180+ 0245+ 0205 0.190

(WeChat) 0010 0014 27/°% = * 88.9% 0.020  0.028 = =
: : 0012 0011 : : 0.025  0.022
0.130  0.122 0.195  0.185

App B 0.120+ 0.148% 5,5, ) n 92.99, ~ 180% 0222 L +
(Taobao) ~ 0.012  0.013 0oz 0ol 0020 0025 oo oo
0.136  0.122 0200  0.185

e e s e MO e e 020 0L
ppIng : : 0013 0.011 : : 0.024  0.021

As shown in Table 2, on App_ A (WeChat), the Zero-shot MAE is 0.165 + 0.014, an increase of 37.5% compared to the
Baseline of 0.120 + 0.010. The RMSE also increases from 0.180 + 0.020 to 0.245 + 0.028, indicating a significant decrease in
model performance on unseen applications. After 10-shot fine-tuning, the MAE decreases to 0.140 + 0.012, and 50-shot
fine-tuning further restores it to 0.125 + 0.011, corresponding to a Recovery50 of 88.9%, indicating that a small number of
labeled samples can significantly improve the model's ability to adapt to new apps. Similarly, App B (Taobao) has a Zero-shot
MAE of 0.148 + 0.013, a AMAE of 23.3%, and a 50-shot MAE that recovers to 0.122 + 0.011 (Recovery50 = 92.9%); App_C
(Mapping) has a Zero-shot MAE of 0.160 + 0.015, a AMAE of 33.3%, and a 50-shot MAE that recovers to 0.122 + 0.011
(Recovery50 = 95.0%). Overall, the Zero-shot performance degradation ranges from 23.3% to 37.5%, but minor adjustments
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allow for rapid recovery to near-baseline levels, indicating that the model has good cross-application generalization potential.

The main reason for this performance difference lies in the significant differences between different apps in terms of
interface layout, interaction patterns, and user behavior. This leads to increased error when the model directly predicts on unseen
apps. Minor fine-tuning allows the model to capture the specific patterns of new apps, adjusting weights to adapt to new input
features, thereby improving prediction accuracy. This also illustrates that in practical deployments, combining a small amount of
labeled data for rapid adaptation is an important strategy for improving the model's generalization ability.

4.4 Temporal Load Recognition Capability

To evaluate the ability of each model in detecting continuous load segments, this paper uses four metrics for comprehensive
evaluation: Precision, Recall, F1 score, and detection latency. These four metrics can comprehensively reflect the model's
accuracy, recall, overall performance, and real-time performance in high load recognition. The temporal load recognition results
are shown in Figure 7. The horizontal axis represents the model type, including the multimodal Transformer, CNN-LSTM,
Informer, BiLSTM, TCN, and XGBoost used in this paper; the vertical axis represents the value range of each metric
(Precision/Recall/F1 is 0-1, and detection latency is in seconds). In each violin plot, the filled area shows the distribution of the
model with 40 samples; the center dot represents the sample mean; the error bar represents the mean + standard deviation.
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Figure 7. Results of time-series load identification
Figure 7(a) Precision; Figure 7(b) Recall; Figure 7(c) F1 score; Figure 7(d) Detection latency

As shown in Figure 7(a) regarding Precision, the multimodal Transformer exhibits the highest precision with a mean of
0.934+0.02, followed by CNN-LSTM at 0.85+0.04 and XGBoost at 0.79+0.05. Figure 7(b) shows Recall, reflecting recall
capability. The multimodal Transformer again performs best with a mean of 0.91+£0.03, while BiLSTM is at 0.79+0.04 and
XGBoost at 0.77+0.07. Figure 7(c) shows the F1 score, which combines Precision and Recall. The multimodal Transformer has a
mean of 0.9240.03; Informer and TCN also maintain high levels (0.87+0.04 to 0.86+0.04); XGBoost has the lowest score at
0.78+0.06. As shown in Figure 7(d), regarding detection latency, XGBoost has the fastest response time of 0.17+0.04 s; the
multimodal Transformer has a latency of 0.26+0.06 s; BiLSTM has the highest latency of 0.51£0.15 s; the other models range
from 0.34 to 0.45 s. Overall, the multimodal Transformer outperforms traditional deep learning models in precision, recall, and F1
score, while XGBoost, despite having the shortest latency, has relatively low overall performance.
4.5 Feature Importance and Interpretability

To understand the model's dependence on different features and the reasons behind the decisions, feature importance and
interpretability analysis are conducted. This paper uses the SHAP method to quantify the contribution of each input feature to the
model output, comparing the influence of each feature on the overall task and its local effect on the prediction of a single sample.
The results of the feature importance and interpretability analysis are shown in Figure 8. Figure 8(a) shows the global SHAP
ranking bar chart, where the horizontal axis represents the average absolute SHAP value of each feature (Mean |[SHAP)),
measuring the overall contribution of the feature to the model's prediction; the vertical axis represents the feature name. Figure
8(b) is a local interpretation diagram of SHAP, showing the feature contribution of a single sample, where the horizontal axis
represents the additive contribution of the feature to the prediction score (positive values increase the prediction complexity score,
and negative values decrease the prediction score), and the vertical axis represents the features sorted by global importance. Each
horizontal rectangle represents the direction and magnitude of a feature's contribution; the baseline (base value) represents the
expected predicted value; the final predicted value (pred = 0.54) is obtained by summing the contributions of each feature.
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Figure 8(a) SHAP global feature importance; Figure 8(b) SHAP local interpretation map (single sample)
Figure 8. Feature importance and interpretability analysis results

As shown in Figure 8, the global analysis in Figure 8(a) reveals that color contrast (0.085), element density (0.072), and
pupil dilation (0.065) are the top three most important features, contributing the most to the prediction, while task difficulty
(0.025) and notification frequency (0.030) contribute less. The local analysis in Figure 8(b) shows that for this single sample,
color contrast (0.06), ambient light (0.04), and pupil dilation (0.03) positively drive the model prediction, while element density
(-0.02) and layout complexity (-0.01) negatively affect the prediction, resulting in a final predicted value of 0.54. By comparing
the global and local plots, it can be seen that some features with high global importance may also play a significant role in
specific samples, while some features with smaller contributions may exhibit local enhancement or suppression effects.

The main reasons for these data discrepancies stem from the model's learned feature interactions and task scenario sensitivity.
The significant positive impact of color contrast on high-load tasks indicates that the model is more likely to identify high-load
states when users have high visual attention or high interface information density. Conversely, element density contributes
negatively in this sample because the relatively simple interface layout inhibits its prediction. Furthermore, ambient light shows a
positive contribution in local samples, indicating that changes in ambient light intensity affect user operation characteristics and
are thus captured by the model. Overall, the global SHAP value helps identify key influencing factors, while the local SHAP plot
reveals the dynamic effects of sample-level features, providing a basis for developing actionable improvement suggestions, such
as optimizing interface layout, adjusting interface color contrast, or monitoring ambient light changes to reduce the risk of high
load.
4.6 Ablation Experiment

To quantify the contribution of different modalities to the model's predictive performance, an ablation experiment is
designed. By removing the visual, behavioral, or physiological modalities respectively, the changes in the model's predictive
performance under the remaining modalities are compared, clarifying the role of each modality in the overall system. Evaluation
metrics include MAE, RMSE, and the Pearson correlation coefficient r, which comprehensively measure the deviation and linear
correlation between the model's predicted values and the actual values. The ablation experiment results are shown in Table 3. In
Table 3, "\" indicates that the modality is retained, and "—" indicates that the modality is removed; MAE, RMSE, and r are given
as mean + standard deviation, and AMAE, ARMSE, and Ar are the percentage or absolute difference in performance relative to
the complete model, used to quantify the performance degradation when each modality is missing.

Table 3. Ablation experiment results

Configuration Indicators
MAE RMSE Pearson r
Visual Behavior Physio (mean + AMAE (%) (mean + ARMSE (%) Ar (abs)
std) std) (mean =+ std)
0.010 0.020 0.030
0.158 + 0 0.235 + 0 0.785 + B
- \ \ 0.012 31.7% 0,095 30.6% 0.035 0.075
0.140 = . 0.205 + . 0.820 + ~
V - \ 0.011 16.7% 0,093 13.9% 0,032 0.040
0.135 = . 0.198 + . 0.830+ B
V \ - 0.011 12.5% 0.002 10.0% 0.031 0.030
0.185 + o 0.265 + 0 0.740 £ 3
- - \ 0.015 54.2% 0.030 47.2% 0.040 0.120

- \ - 0.172 + 43.3% 0.250 + 38.9% 0.760 + —0.100
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As shown in Table 3, the removal of different modalities leads to a significant decrease in prediction performance. The
complete model (Visual+Behavior+Physio) performs best, with a MAE of 0.120+0.010, an RMSE of 0.180+0.020, and a Pearson
r of 0.860+0.030. When the visual modality is removed, the MAE increases to 0.158+0.012 (an increase of 31.7%); the RMSE
increases to 0.235+0.025 (an increase of 30.6%); the r decreases to 0.785 (a decrease of 0.075), indicating that visual information
contributes the most to the prediction. When behavioral or physiological modalities are removed, MAE increases to 0.140+£0.011
(16.7%) and 0.135+0.011 (12.5%), respectively; RMSE increases to 0.20540.023 (13.9%) and 0.198+0.022 (10.0%), respectively;
r decreases by 0.040 and 0.030, respectively, indicating that behavioral and physiological information also makes significant
contributions. Further removal of two modalities (retaining only a single modality) results in a more significant performance
decline. For example, when only the physiological modality is retained, the MAE is 0.185+0.015 (an increase of 54.2%); when
only the behavioral modality is retained, the MAE is 0.1724+0.014 (an increase of 43.3%); when only the visual modality is
retained, the MAE is 0.155+0.013 (an increase of 29.2%), indicating that multimodal fusion has a significant complementary
effect.

4.7 Real-time Performance and Engineering Feasibility

The experiments evaluate the real-time performance and engineering feasibility of the model. The main purpose is to verify
the deployment feasibility of the proposed multimodal model on actual mobile devices, and to assess the impact of quantization
optimization (INT8 quantization) on inference latency, memory usage, and power consumption. The evaluation metrics used
include: Latency (single inference latency, in ms), Memory (model runtime memory usage, in MB), and Power (inference power
consumption, in mW). The real-time performance and engineering feasibility results are shown in Table 4. Table 4 shows the
performance of six models on mid-range and low-end mobile phones, distinguishing between the performance of the original
FP32 (Single-Precision Floating-Point) model and the INT8 quantized model. All metrics are given as mean + std for easy
observation of fluctuations and optimization effects.

Table 4. Real-time performance and engineering feasibility results

Latency Latency Latency Latency Mem Mem Power Power Power Power
FP32 INTS FP32 INTS FP32 INT8 FP32 INTS
Model ; . FP32 INTS ; .
Mid Mid Low Low (MB) (MB) Mid Mid Low Low
(ms) (ms) (ms) (ms) (mW) (mW) (mW) (mW)
Multimodal 165 + 115+ 100 65+ 650+ 400+ 1000 650+
Transformer 27 0+3 14 11 +10 8 60 35 +90 60
150 + 100 + 120 80+ 700+ 450+ 1100 700+
CNN-LSTM 656 453 12 10 12 9 70 40  +£100 70
Informer 120 + 204 8 280 + 200 + 180 110 1200 750+ 1800 1300
10 20 15 +15 +£10 100 60 +150 +£120
. 230 + 160 + 140 90+ 1000 650+ 1500 1000
BiLSTM —100£9  68+7 18 14  £13 9  £90 55  +£130 +95
140 + 90+ 60+ 600+ 380+ 950+ 600+
TCN 60+5 40+ 4 12 95+9 9 7 55 35 35 55
25+ 15+ 150+ 100+ 250+ 150+
XGBoost 12+£2 9+1 30+4 22+3 4 3 15 10 25 15

As shown in Table 4, the real-time performance of different models varies significantly. Taking Multimodal Transformer as
an example, the inference latency on mid-range devices using FP32 is 72 + 7 ms, which can be reduced to 50 + 5 ms after INTS8
quantization. Simultaneously, memory usage decreases from 100 = 10 MB to 65 + 8 MB, and power consumption decreases from
650 £ 60 mW to 400 £+ 35 mW. On low-end devices, the inference latency using FP32 is 165 + 14 ms, which is reduced to 115 +
11 ms after INTS8 optimization. In contrast, XGBoost has the lowest inference latency (only 12 + 2 ms on mid-range devices using
FP32), as well as the lowest memory usage and power consumption, but its model capabilities are limited. Deep models like
Informer exhibit high latency on low-end devices (280 + 20 ms for FP32), but quantization significantly improves performance
(200 £ 15 ms), indicating that quantization effectively alleviates inference bottlenecks.

These differences are primarily related to model structural complexity, parameter size, and computational patterns. Deep
multimodal models (such as Multimodal Transformer and Informer) integrate visual, behavioral, and physiological multimodal
features, involving numerous matrix operations and recurrent/self-attention structures, resulting in high inference latency and
memory consumption for the original FP32 model. INT8 quantization reduces data representation bit width, decreases
multiply-accumulate operation overhead, and lowers memory access pressure, thereby improving inference speed and reducing
power consumption. In contrast, lightweight models (such as XGBoost and TCN) have fewer parameters and simpler
computation, naturally offering advantages for real-time deployment, but may have slightly lower accuracy. In conclusion, when
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deploying deep multimodal models on mobile devices, model quantization and structural optimization are key means to ensure
real-time performance and energy efficiency.

4.8 Ablation Experiments for GMU Selection

Following the same data partitioning and training/validation process as described in the main paper, a set of comparative
experiments on fusion methods was specifically conducted. The experiment only changed the strategy at the fusion module (the
rest of the network structure, Transformer hyperparameters, and training hyperparameters remained completely identical),
comparing: (1) Gated Multimodal Unit (GMU, used in this paper); (2) Direct concatenation followed by a single-layer fully
connected layer (Concat+FC); (3) Concatenation followed by two-layer MLP (Concat+MLP); (4) Cross-modal Attention
(Cross-modal Attn); (5) Simple Modal Mean (Avg). All configurations were repeatedly trained on 5 random seeds, and the mean +
standard deviation was reported. Evaluation metrics included MAE/RMSE/Pearson r (regression) and F1 (classification) for
high-load segment detection. This design ensures that differences only arise from the fusion operator, thus directly reflecting the
contribution of GMU to stability and task-related performance compared to "simple concat". The ablation results for GMU selection
are shown in Table 5.

Table 5 Ablation Results for GMU Selection

Fusion Strategies MAE RMSE Pearson r F1 (High Load)
GMU (This paper) 0.120+0.010 0.180 £ 0.020 0.860 + 0.030 0.92+0.03
Concat + FC (1 layer) 0.130 +£0.011 0.195 +0.022 0.838 £0.034 0.906 + 0.030
Concat + MLP (2 layers) 0.125+0.010 0.190 +0.021 0.845 +0.032 0.909 + 0.028
Cross-modal Attention 0.119+0.010 0.178 £ 0.019 0.862 £ 0.030 0.919 £ 0.026

Avg (Simple Mean) 0.142 +0.012 0.205 + 0.023 0.824 + 0.036 0.898 + 0.032

Table 5 shows the differences in performance of various fusion strategies in terms of prediction complexity and high-load
detection tasks. GMU (the method presented in this paper) demonstrates better stability and comprehensive capabilities in
regression metrics, with MAE of 0.120+0.010, RMSE of 0.180+0.020, Pearson r of 0.860+0.030, and F1 score of 0.92+0.03 for
high-load segment detection. In comparison, the MAE of a single-layer fully connected layer (Concat+FC) after direct
concatenation improved to 0.130+£0.011, RMSE was 0.19540.022, Pearson r decreased to 0.838, and F1 score decreased to 0.906,
showing a significant performance decline. The two-layer MLP (Concat+MLP) slightly outperformed the single-layer FC in MAE
(0.125) and RMSE (0.190), but was still lower than GMU, with an F1 score of 0.909. Cross-modal attention (Cross-modal Attn)
slightly outperformed GMU in regression metrics (MAE 0.119, RMSE 0.178, r 0.862) with an F1 score of 0.919, but had higher
training and inference costs. The simple means (Avg) strategy performed the worst, with an MAE of 0.142, RMSE of 0.205, r of
0.824, and F1 score of 0.898. Overall, the GMU maintains high accuracy while possessing a simple structure and moderate
computational cost. Compared to simple concat or means strategies, it can more stably fuse multimodal information and improve
task-related performance. Furthermore, it significantly reduces complexity and training cost while maintaining performance
comparable to Cross-modal Attention, validating the rationality and effectiveness of its selection.

4.9 Statistical Significance Test

To investigate the significance of the predictive advantage of the method presented in this paper, we calculated the
individual-level MAE (mean average of the errors for each participant across all sessions/windows) for each model on the test set
for each participant (n = 120), and performed paired statistical tests on these 120 paired samples. First, a normality test (Shapiro—
Wilk) was performed on each group of differences; if normal, a paired t-test was used; otherwise, a Wilcoxon signed-rank test
was used. Bonferroni correction (a_adj = 0.05/5) was applied for multiple comparisons (pairwise comparisons between the
Multimodal Transformer and the other 5 models). Simultaneously, the 95% confidence interval (based on the t-distribution of
paired differences) and paired Cohen’s d (standardized using the standard deviation of paired differences) for each pair of
comparisons were calculated, and the overall test results of repeated measures ANOVA and a partial > were reported as the
overall effect size. The results of the paired significance test are shown in Table 6.

Table 6 Results of paired significance test

Comparison AMAE . . ,
(Multimodal MﬁlE(;nmzzérll)i (Transformer -  95% CI (A) t(df= %9) for p(fBr?nfteng)rl ! ?O:;?ns ;i
Transformer vs) S ° Comparison) orrectio P &
(Popular ANOVA) F(5,595)=85.4, partial 2 =
Repeated-measures — — — —
ANOVA p<0.001 0.42
CNN-LSTM 0.18+0.015 —0.060 [__(?(?5628]’ t=-12.5 p_adj <0.001 d=1.15
Informer 0.16+0.012 —0.040 [:(?8)34;7]’ t=-9.2 p_adj <0.001 d=0.85
BiLSTM 0.20+0.018 —0.080 [0.088, t=-14.0 p_adj <0.001 d=1.30

—0.072]
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Table 6 clearly shows that the Multimodal Transformer significantly outperforms the other five comparative models in terms
of MAE, with a mean error of 0.12. Compared to CNN-LSTM (0.18 £ 0.015), the AMAE is —0.060, with a 95% confidence
interval of [-0.068, —0.052]. The paired t-test is significant (t = —12.5, p_adj < 0.001), and Cohen’s d = 1.15, indicating a large
effect size. Compared to Informer (0.16 + 0.012), the AMAE is —0.040, with a 95% CI of [-0.047, —0.033], t = —=9.2, p_adj <
0.001, and d = 0.85, indicating a moderately large effect size. Compared to BiLSTM (0.20 + 0.018), the AMAE is... The
difference was more significant with AMAE = —0.080, t = —14.0, p_adj < 0.001, d = 1.30; compared with TCN (0.17 + 0.013),
AMAE = -0.050, t =—-10.8, p_adj < 0.001, d = 0.98; compared with XGBoost (0.22 = 0.02), AMAE =—-0.100, t =-16.8, p_adj <
0.001, d = 1.55. Repeated measures ANOVA results showed a significant overall difference between models (F(5,595)=85.4, p <
0.001, partial n?> = 0.42), indicating that model type has a large effect on MAE. The multimodal Transformer not only has the
lowest mean, but also exhibits significant differences and a large effect size, demonstrating that its advantage in predicting the
complexity of mobile application interfaces is both statistically significant and practically meaningful.

4.10 External Gold Standard Validation of Interface Objective Complexity

The experiment selected 300 screenshots from three applications (100 from each application, covering different task stages
and dynamic scenarios) and constructed the following validation process: (1) Organize 10 senior UI/UX design experts to score
each screenshot on “interface objective complexity (task-independent)” with a score of 1-7 (take the mean as the expert score)
and calculate the inter-expert ICC evaluation consistency; (2) Collect perceived complexity scores through crowdsourcing (n=200,
non-professional users) to obtain the public perception benchmark; (3) Register the two sets of external benchmarks with the
interface objective complexity index (OCI, normalized to 0—1) proposed in this paper (linear minimum-maximum normalization),
calculate the Pearson correlation coefficient, normalized RMSE and significance test to test the external validity and consistency
of OCI. All ratings were conducted at the same display resolution. Expert and crowdsourced ratings were averaged after removing
outliers to reduce noise. Statistical significance was determined using a two-sided test (a=0.05). The external gold standard
validation results are shown in Table 7.

Table 7 External Gold Standard Validation Results

Benchmarks Baseline sample Normalized RMSE Statistical
. . Pearson r of OCI . Notes
(Explanation) size (0-1) significance (p)
Expert Panel (10 Inter-expert
UI/UX experts, 300 (experts n=10) 0.80 0.09 <0.001 ICC(2,k) =0.86
mean rating) (good consensus)
Crowdsourced
Perception (200 300 (per aggregate Extrema removal
non-professional 21:2(‘;:”(% & 0.74 0.11 <0.001 and median/mean
raters, mean aggregation

rating)

Table 7 shows that the Objective Interface Complexity Index (OCI) proposed in this paper exhibits strong and significant
consistency with both external gold standards. The Pearson correlation coefficient between OCI and UI/UX expert panel scores
reaches r = 0.80, with a normalized RMSE of 0.09 and a significance level of p < 0.001. Meanwhile, the inter-expert consistency
ICC(2,k) = 0.86, indicating that expert evaluation has good reliability and also indirectly verifying OCI's effective ability to
characterize "task-independent interface complexity." Compared with the crowdsourced perception benchmark of
non-professional users, OCI still maintains a high correlation (r = 0.74, normalized RMSE = 0.11, p < 0.001), indicating that this
indicator is not only highly consistent with professional design cognition but also reflects the general public's overall perception
of interface complexity. The difference in correlation and error levels between the two benchmarks further demonstrates the
stability advantage of professional assessment compared to subjective perception, but the overall results collectively support that
OCI possesses good external validity and cross-population consistency.

4.11 Validation of Dynamic Interface Features (Optical Flow/Motion Energy)

This paper designs a dedicated validation experiment for dynamic visual features. Ten test folds with balanced coverage of
three applications were randomly selected from the original experimental data (using the same data partitioning and preprocessing
pipeline as the main experiment). Several configurations were compared under the same training/validation configuration (batch
size, epochs, optimizer, early stopping rule, and quantization strategy): (1) Complete model (including static visual features +
optical flow/motion energy + behavior + physiology); (2) Model with dynamic features removed (i.e., optical flow/motion energy is
removed from the visual feature set, while the rest remains unchanged); (3) Static vision only (excluding optical flow); (4) Static
vision + dynamic (visual modality only, comparing whether simply adding dynamics brings gain); (5) Dynamic features input alone
(motion energy only). All models were repeatedly trained on the same 10 random seeds and reported mean + standard deviation.
Simultaneously, SHAP settings (k-means background k=20, 500 samples, window-level interpretation) were used to quantify the
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average of "optical flow/motion energy". The SHAP value is used to measure its interpretive contribution. The verification results
of dynamic interface features are shown in Table 8.
Table 8 Verification Results of Dynamic Interface Features

MAE (mean + RMSE (mean+  Pearson r (mean AMAE vs Full Mean |[SHAP|

Configuration std) std) + std) (%) (dynamic)
Full (Vis[statictdyn] = 10, 0010 0.180£0.020  0.8600.030 — 0.018 = 0.003
Beh + Phys)
Without dynamic
(remove optical-flow / 0.126 £0.011 0.187 +£0.021 0.847 +£0.032 +5.0% —
motion energy)
Visual only (static. no g 15500013 023040026 0.780+0.037 +29.2% —
dynamic; no Beh/Phys)
Visual * Dynamic only 4 146, 0012 022040024 0.795+0.035 +23.3% 0.014 £ 0.002
(no Beh/Phys)
Dynamic only (motion 590 . 9 025 0360+ 0.030 0.45 % 0.06 +141.7% 0.012 % 0.002

energy alone)

The results in Table 8 clearly demonstrate that dynamic interface features (optical flow/kinetic energy) provide a stable but
non-dominant gain in the overall modeling. After introducing dynamic features into the complete model, the MAE reached
0.120+0.010, the RMSE was 0.180+0.020, and the Pearson r was 0.860+£0.030. When optical flow/motion energy was removed,
the MAE increased to 0.126+0.011 (+5.0%), the RMSE increased to 0.187+0.021, and the correlation decreased to 0.847+0.032,
indicating that dynamic features have a quantifiable positive contribution to prediction accuracy under multimodal conditions. In
the comparison using only the visual modality, adding dynamic features reduced the MAE from 0.155+0.013 to 0.148+0.012 and
increased the Pearson r from 0.780+0.037 to 0.795+0.035, indicating that even without behavioral and physiological information,
dynamic perturbations can still supplement the interaction load cues that are difficult for static vision to capture. In contrast,
performance decreased significantly when using only dynamic features (MAE 0.290+0.025, r 0.45+0.06), indicating that motion
energy itself is insufficient to independently characterize interface complexity and should be used as a supplement to static vision
and multimodal features. The SHAP results further support this conclusion. The average |[SHAP| of dynamic features in the
complete model is 0.018+0.003, and in the “visual + dynamic” configuration it is 0.014+0.002. Its contribution level is lower than
the core static visual index but is stable and non-zero, which verifies that optical flow/motion energy has a consistent and
interpretable auxiliary role in complexity prediction in dynamic interactive scenarios.

5. Conclusions

This paper constructs a multimodal fusion framework based on temporal windows, combining modality-specific projection,
gated fusion units, multi-head cross-modal self-attention, and a Transformer encoder to achieve synchronous modeling of visual,
behavioral, and physiological signals. It also applies a SHAP-driven factor-to-action interpretable adaptation closed-loop and
lightweight online learning (LinUCB), and employs distillation and INT8 quantization at the inference end to balance real-time
performance and energy consumption on mobile devices. Experiments demonstrate that the method achieves an RMSE of 0.180 +
0.020 in cognitive load regression and an F1 score of 0.92 + 0.03 in high-load segment detection. Under dynamic scenarios, the
RMSE remains between 0.15 and 0.20, with 0.22 for the elderly and 0.23 for colorblind individuals, indicating good robustness
and potential for personalized adaptation.Although the modules used in this paper, such as GMU, multi-head cross-modal
self-attention, and Transformer, are all mature technologies, the core innovation lies in the systematic integration of these modules
into an engineering-grade solution for mobile application interface complexity analysis. This system-level design not only
achieves multimodal noise processing, context-dependent modeling, and online personalized correction, but also provides
interpretable closed-loop decision-making capabilities, thus demonstrating significant innovation in engineering methodology.
Limitations include the limited coverage of only three test applications and a limited number of participants. Further large-scale
field validation is needed to address issues related to actual equipment and sensor noise, long-term adaptation effects, and privacy
constraints. Future work can expand application scenarios and sample sizes, as well as research on uncertainty-based adaptive
strategies and long-term field deployment.
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