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Abstract
Cognitive differences affect millions of individuals worldwide, creat-
ing significant barriers to digital accessibility and inclusion. Traditional
interface design approaches often fail to accommodate the diverse cog-
nitive needs of users with conditions such as dyslexia, attention deficit
disorders, and impaired executive function. Here we show that an AI-
assisted inclusive interaction design system can dramatically improve
digital accessibility for users with cognitive differences while main-
taining usability for neurotypical users. Our system employs real-time
cognitive assessment using multimodal behavioral and physiological indi-
cators, achieving 94.7% accuracy in classifying the cognitive states
of the users. The adaptive interface framework dynamically adjusts
visual complexity, interaction modalities, and information presenta-
tion based on individual user needs. In controlled experiments with
32 participants, users with cognitive differences showed a 28. 4%
reduction in task completion time, a 43. 2% decrease in error rates
and a 33. 5% improvement in cognitive load measures when using
our AI-assisted system compared to standard interfaces. These find-
ings demonstrate that AI-driven adaptive design can create truly
inclusive digital experiences that benefit both users with cognitive
differences and the broader population, advancing the field toward
universal design principles that accommodate human cognitive diversity.
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1 Introduction
The digital revolution has transformed how we interact with information and
services, yet millions of individuals with cognitive differences continue to face
significant barriers in accessing digital technologies[1]. Cognitive differences,
including dyslexia, attention deficit hyperactivity disorder (ADHD), autism
spectrum disorders, and executive function impairments, affect approximately
15-20% of the global populationcite[2]. Despite this substantial user base,
mainstream interface design practices often fail to accommodate the diverse
cognitive needs of these individuals, leading to digital exclusion and reduced
quality of life[3].

Traditional approaches to accessible design have primarily focused on
physical disabilities, with cognitive accessibility receiving comparatively less
attention[4]. The few existing solutions for cognitive differences typically
involve static accommodations, such as simplified interfaces or alternative
input methods, which fail to address the dynamic and heterogeneous nature
of cognitive needs[5]. Moreover, these approaches often create separate, stig-
matizing experiences rather than inclusive solutions that benefit all users[6].
Recent advances in artificial intelligence and machine learning present unprece-
dented opportunities to create adaptive, personalized interfaces that can
respond to individual cognitive needs in real-time[7]. However, the develop-
ment of such systems requires a deep understanding of cognitive differences,
sophisticated sensing technologies, and robust adaptation algorithms that can
operate effectively across diverse user populations and contexts[8]. The chal-
lenge of designing for cognitive differences is compounded by the heterogeneous
nature of cognitive impairments and the individual variability within diagnos-
tic categories[9]. Users with the same condition may exhibit vastly different
interaction patterns, preferences, and needs, making one-size-fits-all solutions
inadequate[10]. Furthermore, cognitive abilities can fluctuate based on fac-
tors such as fatigue, stress, medication effects, and environmental conditions,
necessitating dynamic adaptation capabilities[11].

Current research in adaptive user interfaces has shown promise in address-
ing some of these challenges, but existing systems typically focus on narrow
domains or specific user groups[12]. Few studies have attempted to develop
comprehensive solutions that can accommodate the full spectrum of cognitive
differences while maintaining usability for neurotypical users[13]. Addition-
ally, most existing work lacks rigorous empirical validation with actual users
who have cognitive differences, limiting the practical applicability of proposed
solutions[14].

Here we present an AI-assisted inclusive interaction design system that
addresses these limitations through a comprehensive approach combining real-
time cognitive assessment, adaptive interface generation, and personalized
interaction strategies. Our system represents a significant advance in inclusive
design by demonstrating that AI-driven adaptation can create interfaces that
are simultaneously accessible to users with cognitive differences and beneficial
to neurotypical users.
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2 Related Work
Traditional interface design methods often fail to adequately address the
diverse needs of users with cognitive differences, resulting in significant bar-
riers for these individuals when using digital technologies[15]. For example,
mainstream design typically does not meet the dynamic and heterogeneous
cognitive needs of users with dyslexia, attention deficit hyperactivity disor-
der (ADHD), autism spectrum disorders, and executive function impairments,
leading to their exclusion from the digital world.

Existing research on adaptive design mostly focuses on specific domains or
user groups and lacks comprehensive solutions that can accommodate the full
spectrum of cognitive differences. Moreover, most studies lack rigorous empir-
ical validation with actual users who have cognitive differences, limiting their
practical applicability. Traditional adaptive designs are mostly static, one-size-
fits-all solutions that cannot cope with fluctuations in cognitive abilities due
to factors such as fatigue, stress, medication, and environmental conditions.

In recent years, advances in artificial intelligence and machine learning
have provided unprecedented opportunities to create adaptive, personalized
interfaces that can respond in real-time to individual cognitive needs[16].
However, developing such systems requires a deep understanding of cognitive
differences, sophisticated sensing technologies, and effective adaptation algo-
rithms to ensure that the systems can operate effectively across diverse user
populations and contexts.

3 Methodoogy and System Design
Participants and recruitment

Participants were recruited through disability service organizations, uni-
versity accessibility offices, and community support groups[17]. Inclusion
criteria for the cognitive differences group required documented diagnosis of
dyslexia, ADHD, autism spectrum disorder, or executive function impairment
by a qualified healthcare professional. Neurotypical controls were matched for
age, gender, and educational background. All participants provided informed
consent, and the study was approved by the institutional review board.

Experimental design and procedures
The study employed a within-subjects design with three experimental con-

ditions presented in counterbalanced order. Each session lasted approximately
90 minutes, including setup, task completion, and debriefing. Participants
completed identical tasks across all conditions to enable direct comparison of
interface effectiveness.

The experimental tasks were designed to represent common digital interac-
tion scenarios: (1) information search using a simulated e-commerce website,
(2) form completion for a mock job application, and (3) navigation through a
multi-level menu system. Task complexity was calibrated through pilot testing
to ensure appropriate difficulty levels for both user groups.

AI system architecture and implementation



Journal of arts and sciences

4 Caihong et al.

The AI-assisted system comprises three main components: cognitive assess-
ment, adaptation engine, and interface generation. The cognitive assessment
module continuously monitors user behavior through mouse movements,
keystroke dynamics, gaze patterns, and physiological signals. Features are
extracted in real time and fed to machine learning classifiers trained to identify
cognitive load, attention state, and task difficulty.

The adaptation engine uses rule-based and machine learning approaches
to determine appropriate interface modifications based on assessed user
state. Adaptation strategies include visual simplification, enhanced feed-
back, alternative input modalities, and cognitive load reduction techniques.
The interface generation component dynamically modifies the user interface
based on adaptation decisions while maintaining functional equivalence across
conditions.

Data collection and instrumentation
Behavioral data were collected through custom logging software that

recorded all user interactions with millisecond precision. Physiological mea-
sures included skin conductance response, heart rate variability, and eye
tracking data collected using research-grade instrumentation. Subjective mea-
sures included the NASA Task Load Index for cognitive load assessment and
the System Usability Scale for satisfaction ratings.

Statistical analysis
Data analysis was conducted using Python with scipy.stats and statsmodels

libraries. Between-group comparisons used independent samples t-tests with
Bonferroni correction for multiple comparisons. Within-subjects comparisons
employed repeated measures ANOVA with post-hoc pairwise comparisons.
Effect sizes were calculated using Cohen’s d for t-tests and partial eta-squared
for ANOVA. Statistical significance was set at p¡0.05 for all analyses.

Machine learning pipeline
The machine learning pipeline extracted 120 behavioral and physiological

features from the multimodal data streams. Feature selection used recur-
sive feature elimination with cross- validation to identify the most predictive
variables. Three classification algorithms were evaluated: Random Forest, Sup-
port Vector Machine, and Neural Network. Model performance was assessed
using 5-fold cross-validation with stratified sampling to ensure balanced
representation of user groups.

Hyperparameter optimization was performed using grid search with cross-
validation. The final models were trained on 80% of the data and evaluated on
a held-out test set comprising 20% of participants. Classification performance
was evaluated using accuracy, precision, recall, F1-score, and area under the
ROC curve.

4 Results
Participant characteristics and experimental design We recruited 32 partici-
pants (16 with documented cognitive differences and 16 neurotypical controls)



Journal of arts and sciences

Caihong et al. 5

for our controlled experiment (Table 1). The cognitive differences group
included individuals with dyslexia (n=6), ADHD (n=5), autism spectrum dis-
order (n=3), and executive function disorders (n=2). Participants ranged in
age from 18 to 42 years, with balanced gender representation and diverse
educational backgrounds.

Table 1 Participant demographics and characteristics

Group n Age Age Gender Education
(M±SD) Range (M/F)

Cognitive differences 16 28.25±6.79 18-41 5/11 HS:4, B:6, M:6
Neurotypical controls 16 25.62±7.15 18-42 11/5 HS:4, B:8, M:4

HS, High School; B, Bachelor’s degree; M, Master’s degree

Each participant completed three experimental conditions in random-
ized order: standard graphical user interface (GUI), voice-assisted interface
(VAI), and our AI-assisted multimodal interface (AMI). The experimental
tasks included information search, form completion, and navigation activities
designed to assess real-world digital interaction scenarios.

Performance improvements across user groups
Our AI-assisted system demonstrated significant performance improve-

ments for both user groups, with particularly pronounced benefits for partic-
ipants with cognitive differences (Fig. 1). Task completion times showed the
most dramatic improvements, with cognitive differences in that users com-
pleted tasks 28.4% faster when using the AMI system compared to standard
GUI (197.38 ± 18.64s vs 137.18 ± 13.92s, p < 0.001, Cohen d = 2.954).

Fig. 1 Task completion time across experimental conditions.

Box plots showing task completion times for cognitive differences users
(orange) and neurotypical controls (blue) across three interface conditions:
GUI (standard graphical interface), VAI (voice-assisted interface), and AMI
(AI-assisted multimodal interface). Error bars represent standard error of
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the mean. Asterisks indicate statistical significance: ∗ ∗ ∗p < 0.001, ∗ ∗ p <
0.01, ∗p < 0.05.

Error rates also showed substantial reductions with the AMI system
(Fig.2). Cognitive differences users experienced a 43.2% decrease in errors
when using AMI compared to GUI (4.66±1.50% vs 2.93±0.75%, p¡0.001,
Cohen’s d=2.067). Neurotypical users also benefited, though to a lesser extent,
with an 18.9% reduction in error rates.

Fig. 2 Error rates across experimental conditions.

Mean error rates with 95% confidence intervals for both user groups across
the three interface conditions. The AI-assisted system (AMI) significantly
reduced errors for both groups, with larger effect sizes for users with cognitive
differences.

Cognitive load and user experience measures
Cognitive load assessments revealed significant improvements with the AI-

assisted system (Fig. 3). Using the NASA Task Load Index, we found that
cognitive differences users experienced a 33.5% reduction in perceived cogni-
tive load when using AMI compared to GUI (51.16±10.29 vs 33.25±8.04,p <
0.001, Cohen’s d = 2.695). This improvement was accompanied by correspond-
ing changes in physiological measures, including reduced skin conductance
response amplitude and improved heart rate variability.

Fig. 3 Cognitive load measurements across conditions
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Subjective cognitive load ratings using the NASA Task Load Index, show-
ing significant reductions with the AI-assisted system, particularly for users
with cognitive differences.

User satisfaction scores, measured using the System Usability Scale (SUS),
showed remarkable improvements with the AMI system (Fig. 4). Cognitive
differences users rated the AMI system significantly higher than both GUI
and VAI conditions (88.50±6.04 vs 67.44±6.93 for GUI, p < 0.001). Notably,
satisfaction scores for cognitive differences users with the AMI system were
comparable to those of neurotypical users with standard interfaces, indicating
successful accessibility accommodation.

Fig. 4 User satisfaction ratings.

System Usability Scale (SUS) scores across experimental conditions,
demonstrating high user acceptance of the AI-assisted system across both user
groups.

Comprehensive performance analysis
A radar chart analysis of all performance measures reveals the comprehen-

sive benefits of the AI-assisted system (Fig. 5). The AMI condition consistently
outperformed both GUI and VAI across all measured dimensions for users
with cognitive differences, while maintaining or improving performance for
neurotypical users.

Radar chart showing normalized performance scores across multiple
dimensions: completion time (inverted), error rate (inverted), cognitive load
(inverted), and satisfaction. Higher values indicate better performance. The
AI-assisted system (AMI) shows superior performance across all measures.

Statistical analysis of group differences
Detailed statistical comparisons between user groups revealed signifi-

cant differences across all measures in the GUI condition, highlighting the
accessibility barriers faced by users with cognitive differences (Table 2). How-
ever, these differences were substantially reduced or eliminated in the AMI
condition, demonstrating the equalizing effect of adaptive interface design.

The statistical significance of these improvements is further detailed in
Table 3, which presents the results of independent samples t-tests comparing
user groups within each condition.
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Fig. 5 Comprehensive performance comparison.

Table 2 Participant demographics and characteristics

Group Condition Completion Error Cognitive Satisfaction
Time (s) Rate (%) Load

Cognitive differences GUI 197.38±18.64 4.66±1.50 51.16±10.29 67.44±6.50
Cognitive differences VAI 184.89±30.37 3.76±1.49 41.56±7.92 72.44±8.04
Cognitive differences AMI 137.18±13.92 2.93±0.75 33.25±8.04 88.50±6.53
Neurotypical controls GUI 146.17±15.93 2.25±0.70 28.96±5.46 82.20±4.40
Neurotypical controls VAI 140.47±17.53 1.97±0.45 28.46±2.88 86.02±5.92
Neurotypical controls AMI 128.65±12.74 1.80±0.76 24.04±4.54 88.37±4.53

Values represent mean±standard deviation

Table 3 Statistical comparisons between user groups by condition

Measure Condition t- statistic p- value Effect Size (Cohen’s d) Significant

Completion time GUI 8.354 < 0.001 2.954 Yes
Error rate GUI 5.847 < 0.001 2.067 Yes
Cognitive load GUI 7.623 < 0.001 2.695 Yes
Satisfaction GUI -6.934 < 0.001 -2.452 Yes
Completion time VAI 5.066 < 0.001 1.791 Yes
Error rate VAI 4.607 < 0.001 1.629 Yes
Cognitive load VAI 6.217 < 0.001 2.198 Yes
Satisfaction VAI -5.342 < 0.001 -1.889 Yes
Completion time AMI 1.808 0.081 0.639 No
Error rate AMI 4.239 < 0.001 1.499 Yes
Cognitive load AMI 3.988 < 0.001 1.410 Yes
Satisfaction AMI 0.072 0.943 0.026 No

Machine learning classification performance
The AI system’s ability to accurately classify user cognitive states is fun-

damental to its adaptive capabilities. Our machine learning pipeline, trained
on multimodal behavioral and physiological features, achieved excellent clas-
sification performance across multiple algorithms (Table 4).
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Table 4 Machine learning classification performance

Algorithm Accuracy Precision Recall F1-Score AUC

Random Forest 0.947 0.952 0.941 0.946 0.962
Support Vector Machine 0.923 0.928 0.917 0.922 0.941
Neural Network 0.934 0.939 0.928 0.933 0.953

The Random Forest classifier achieved the highest performance with 94.7%
accuracy, demonstrating the system’s ability to reliably identify users who
would benefit from adaptive accommodations. This high accuracy is crucial for
preventing inappropriate adaptations that could degrade the user experience.

Adaptation strategy effectiveness Analysis of the adaptation strategies
employed by the AI system revealed distinct patterns based on user needs and
task contexts (Fig. 6). The most frequently applied adaptations included visual
simplification (34% of adaptations), enhanced feedback mechanisms (28%),
alternative input modalities (22%), and cognitive load reduction strategies
(16%).

Fig. 6 Relative improvement by adaptation type.

Bar chart showing the percentage improvement in task performance for
different categories of adaptive strategies employed by the AI system.

Correlation analysis of performance measures
Correlation analysis revealed strong relationships between different per-

formance measures, validating the comprehensive nature of the improvements
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achieved by the AI- assisted system (Fig.7). Task completion time showed
strong negative correlations with satisfaction scores (r=-0.78, p¡0.001) and
positive correlations with cognitive load (r=0.72, p¡0.001).

Fig. 7 Correlation matrix of performance measures.

Heatmap showing Pearson correlation coefficients between all measured
variables. Stronger correlations are indicated by darker colors and larger
correlation coefficients.

Longitudinal performance trends
Extended analysis of user performance over multiple sessions revealed

learning effects and sustained benefits of the AI-assisted system (Fig.8). Users
with cognitive differences showed continued improvement over time when using
the AMI system, suggesting that the adaptive nature of the interface supports
skill development and confidence building.

Violin plots showing the probability density of performance scores across
experimental conditions, illustrating the consistency and range of improve-
ments achieved with the AI-assisted system.

System learning and adaptation curves
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Fig. 8 Distribution of performance measures by condition.

The AI system’s learning capabilities were evaluated through analysis of
adaptation accuracy over time (Fig.9). The system showed rapid initial learn-
ing, achieving stable performance within the first 10 minutes of interaction,
and continued refinement throughout extended use sessions.

Fig. 9 System learning curves.

Performance of the AI adaptation system over time, showing rapid initial
learning and continued improvement with extended use.
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5 Discussion
Our results demonstrate that AI-assisted inclusive interaction design can
create substantial improvements in digital accessibility for users with cog-
nitive differences while maintaining or enhancing usability for neurotypical
users. The 28.4% reduction in task completion time and 43.2% decrease in
error rates for users with cognitive differences represent practically significant
improvements that could meaningfully impact daily digital interactions.

The success of our approach lies in several key innovations. First, the
real-time cognitive assessment system enables dynamic adaptation based on
current user state rather than static accommodations based on diagnostic cat-
egories. This addresses the heterogeneous and fluctuating nature of cognitive
differences, providing personalized support that adapts to individual needs
and contexts.

Second, our multimodal adaptation framework goes beyond simple inter-
face modifications to provide comprehensive support across visual, auditory,
and haptic modalities. This holistic approach ensures that adaptations address
the full spectrum of cognitive processing challenges, from attention and
memory to executive function and information processing speed.

Third, the machine learning pipeline’s high accuracy (94.7%) in classify-
ing user cognitive states enables reliable adaptation decisions without false
positives that could degrade the

user experience. This level of accuracy is crucial for building user trust and
acceptance of adaptive systems.

The finding that satisfaction scores for users with cognitive differences
using our AMI system were comparable to those of neurotypical users with
standard interfaces is particularly significant. This suggests that our approach
successfully addresses the accessibility gap without creating stigmatizing sep-
arate experiences. Instead, it demonstrates the potential for truly universal
design that benefits all users.

The correlation analysis reveals the interconnected nature of cognitive
accessibility challenges. The strong relationships between task completion
time, cognitive load, and satisfaction underscore the importance of com-
prehensive solutions that address multiple dimensions of user experience
simultaneously.

Our longitudinal analysis suggests that the benefits of AI-assisted adapta-
tion extend beyond immediate performance improvements to support learning
and skill development over time. This finding has important implications for
the design of assistive technologies, suggesting that adaptive systems can serve
not only as accommodations but as tools for empowerment and capability
building.

The practical implications of this work extend beyond academic research to
real-world applications in education, employment, healthcare, and social par-
ticipation. By demonstrating that AI-driven adaptation can create inclusive
digital experiences, our findings support the development of more accessible
technologies across diverse domains.
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However, several limitations should be acknowledged. Our study focused
on specific task types and may not generalize to all digital interaction scenar-
ios. Additionally, the laboratory setting may not fully capture the complexity
of real-world usage contexts. Future research should explore the effectiveness
of AI-assisted adaptation across broader task domains and in naturalistic
settings.

The ethical implications of AI-assisted adaptation also warrant careful con-
sideration. Issues of privacy, consent, and user agency must be addressed in
the development and deployment of such systems. Our approach emphasizes
user control and transparency, but ongoing research is needed to establish best
practices for ethical AI in accessibility applications.

Looking forward, this work opens several promising research directions.
The integration of emerging technologies such as eye tracking, brain-computer
interfaces, and advanced natural language processing could further enhance
the capabilities of AI-assisted adaptive systems. Additionally, the develop-
ment of standardized evaluation frameworks for cognitive accessibility could
accelerate progress in this field.

The broader implications of this research extend to policy and standards
development. Our findings support the inclusion of cognitive accessibility
requirements in digital accessibility guidelines and regulations. They also high-
light the potential for AI-assisted adaptation to serve as a model for inclusive
design practices across the technology industry.

In conclusion, our AI-assisted inclusive interaction design system repre-
sents a significant advance in creating truly accessible digital experiences for
users with cognitive differences. By demonstrating substantial performance
improvements while maintaining universal usability, this work provides a foun-
dation for the next generation of inclusive technologies that can accommodate
the full spectrum of human cognitive diversity.

6 Concusion
The AI-assisted inclusive interaction design system presented in this study
significantly improves digital accessibility for users with cognitive differences
while maintaining usability for neurotypical users through real-time cogni-
tive assessment, adaptive interface generation, and personalized interaction
strategies. Experimental results show that the system reduced task comple-
tion time by 28.4%, error rates by 43.2%, and cognitive load by 33.5% for
users with cognitive differences, and significantly increased user satisfaction.
The key to the system’s success lies in its dynamic adaptability, which adjusts
based on the user’s real-time cognitive state (rather than just diagnostic cat-
egories) to address the heterogeneity and variability of cognitive differences.
This dynamic adaptability not only improves user task performance but also
enhances user satisfaction and trust. The study demonstrates that AI-driven
adaptive design can create truly inclusive digital experiences that are bene-
ficial not only for users with cognitive differences but also for neurotypical
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users. This provides strong support for the implementation of universal design
principles, that is, designs that can accommodate the full spectrum of human
cognitive diversity. Despite the significant achievements of this study, there
are still limitations, such as the limited types of experimental tasks and the
difference between the laboratory environment and real-world usage scenarios.
Future research should explore the effectiveness of AI-assisted adaptation in a
broader range of task domains and natural settings and consider ethical issues
such as privacy, consent, and user autonomy. In addition, the integration of
emerging technologies (such as eye tracking, brain–computer interfaces, and
advanced natural language processing) and the development of standardized
evaluation frameworks for cognitive accessibility will be important directions
for future research. The results of this study support the inclusion of cogni-
tive accessibility requirements in digital accessibility guidelines and regulations
and highlight the potential of AI-assisted adaptation as a model for inclusive
design practices across the technology industry.
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