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Abstract 
This paper presents a research-driven analysis of Adaptive User Interfaces (AUIs) designed to optimize task allocation 
and reduce cognitive load for workers with temporary disabilities, including pregnant workers and those returning from 
medical leave (Family and Medical Leave Act - FMLA). Drawing on cognitive psychology principles, we explore how AUIs 
mitigate cognitive strain by leveraging selective attention, working memory, and cognitive load theory. These principles 
inform the design of user-centered features, including progressive disclosure, calculated fields, and forgiving error 
handling, tailored to meet the specific needs of users requiring accommodations. 

The system’s adaptive logic integrates behavioral pattern recognition and reinforcement learning to personalize task 
management dynamically. Empirical evaluation through prototype testing, task performance metrics, and user feedback 
demonstrates significant improvements in task accuracy and reductions in cognitive load. Statistical analyses, including 
regression analysis and ANOVA, validate the system’s effectiveness. This research bridges theoretical insights from 
cognitive psychology with practical AUI applications, advancing our understanding of how intelligent systems can 
support users with temporary disabilities while complying with workplace accommodation laws such as the Pregnant 
Workers Fairness Act (PWFA).
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Abbreviations
•	 AUI: Adaptive User Interface.
•	 PWFA: Pregnant Workers Fairness Act.
•	 FMLA: Family and Medical Leave Act.
•	 NLP: Natural Language Processing.
•	 ML: Machine Learning.

Introduction
Background
Adaptive User Interfaces (AUIs) offer the potential to personalize and adjust systems in real-time to meet the needs of 
users with various levels of cognitive and physical capabilities. For workers dealing with temporary disabilities—such as 
pregnant employees or those returning from FMLA—AUIs can play a critical role in reducing cognitive load and ensuring 
task assignments are appropriate to their current capacity.

The Pregnant Workers Fairness Act (PWFA) mandates reasonable accommodations in the workplace, which can be further 
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supported by intelligent system designs that dynamically adapt to the user’s conditions. This paper aims to investigate 
the impact of AUIs on cognitive load and task allocation, particularly for workers requiring special accommodations. 

We focus on key research questions:
•	 How can an AUI improve task allocation for workers with temporary disabilities?
•	 Can AUIs significantly reduce cognitive load and increase user satisfaction through progressive UI design?

Research Objectives
The objectives of this research are:
•	 To design an AUI that dynamically adjusts based on a user’s health status, experience, and workload capacity.
•	 To empirically validate the system through task performance metrics and cognitive load measurements using both 

real-time testing and user feedback.
•	 To analyze the effectiveness of the system using statistical models such as regression analysis and ANOVA.

Related Work
Existing research highlights the role of AUIs in enhancing user experience and system usability, particularly in 
environments where users have varying levels of expertise or cognitive load capacity. Studies on adaptive logic and task 
allocation have shown improvements in user satisfaction and task performance, but few have explored the application 
of AUIs in compliance with workplace accommodation laws like the PWFA. Additionally, while cognitive load reduction 
has been widely researched in educational environments, there is limited work on how AUIs can reduce mental stress 
in enterprise systems for users with temporary disabilities.

System Design
Adaptive Logic
The system automatically adjusts task allocation by updating the operator profile based on the user’s health status, 
which can be flagged either by the user or their manager. For users with special accommodations (e.g., pregnant 
workers, FMLA returnees), the system assigns simpler tasks that reduce cognitive load, such as troubleshooting and 
passing complex issues to subject matter experts. This ensures compliance with reasonable accommodations under the 
PWFA.

User-Initiated Accommodations
•	 Direct System Requests: Users can manually flag their need for accommodations, which immediately adjusts the 

task difficulty level.
•	 Manager Approval Workflow: Alternatively, users can request accommodations via email, where managers 

approve and update the operator profile accordingly.

Once the system recognizes the need for accommodations, the adaptive task allocation engine prioritizes tasks with lower 
complexity and cognitive load. Over time, the system continuously refines its task suggestions based on performance 
feedback, using reinforcement learning algorithms to improve task allocation for each user. UI Design Features.

Progressive Disclosure
The interface uses progressive disclosure to simplify forms and screens by revealing fields only as needed. This 
prevents overwhelming users with too much information at once, an especially useful feature for workers with special 
accommodations who may feel intimidated by long forms. Only critical fields are shown initially, with additional fields 
revealed contextually.

For example, in a form requiring multiple pieces of information, the system starts by requesting basic details such as 
name and date of birth, and progressively reveals additional fields (such as address or job details) only when required. 
This ensures that users interact only with necessary fields at each step, thus reducing mental fatigue.

Calculated Fields
Wherever possible, the system employs calculated fields to further reduce user input. 

Examples Include:
•	 Age: Automatically calculated from the date of birth.
•	 Total cost: Automatically calculated from itemized entries.

This minimizes manual data entry and reduces the cognitive load on users by automating repetitive or easily derived 
tasks.

Forgiving Error Handling
The AUI provides forgiving error handling, especially for users with accommodations. Users can undo or restore to 
default settings without penalty, minimizing stress associated with making mistakes. This is particularly beneficial for 
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new workers or those returning to work after FMLA, as they may require more time to adjust to system complexities.
•	 Undo Function: Allows users to backtrack their actions at any point.
•	 Restore Defaults: If users feel overwhelmed, they can restore the interface to the default settings with a single 

click, ensuring they do not feel penalized for any mistakes.

This feature supports mental health by removing the fear of making irreversible errors, making the system more 
approachable and less stressful.

Other UI Enhancements
•	 Screen Flow with Review: Long forms that previously required scrolling are now grouped logically into a screen 

flow. Users can review all steps before submission to ensure clarity and accuracy.
•	 Mashups and Web Embeds: To prevent task-switching, the system supports web embeds that allow users to 

access necessary information without leaving the interface.

Cognitive Psychology: Theoretical Foundations for Adaptive User Interfaces
Cognitive psychology provides essential insights into how humans process information, manage tasks, and interact with 
systems. These principles form the basis for designing Adaptive User Interfaces (AUIs) that accommodate users’ varying 
cognitive states, especially those with temporary disabilities.

Attention and Task Simplification
The concept of selective attention highlights the need to reduce irrelevant stimuli to help users focus on critical tasks. 
Features like progressive disclosure align with this principle by presenting only necessary information at a time, preventing 
users from feeling overwhelmed by excessive data. Additionally, calculated fields minimize cognitive distraction, allowing 
users to concentrate on higher-order decision-making rather than mundane data entry.

Working Memory Support
According to Baddeley’s model of working memory, the human mind has limited capacity to hold and process information 
simultaneously. By breaking long processes into smaller, manageable steps, the AUI reduces working memory load. 
Features such as save-and-continue options and form segmentation support this principle, ensuring tasks do not exceed 
cognitive limits.

Cognitive Load Theory in Design
Sweller’s cognitive load theory emphasizes reducing unnecessary cognitive burden to improve performance. The use 
of forgiving error handling in the AUI addresses intrinsic and extraneous cognitive load by ensuring users can recover 
from mistakes without penalty. This fosters a stress-free environment conducive to productivity, especially for workers 
dealing with temporary challenges.

To ensure that the system improves over time, a machine learning model

can be integrated, allowing the AUI to continuously refine and
personalize user experiences:
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To ensure that the system improves over time, a machine learning model can be integrated, allowing the AUI to 
continuously refine and personalize user experiences:

•	 Data Collection: The system collects data on user interactions, preferences, task completion times, and feedback 
on automated features, creating a baseline for personalization.

•	 Reinforcement Learning: By applying reinforcement learning, the system can dynamically adjust based on 
successful task completions, user satisfaction, and overall productivity without overloading the user. The system 
receives positive reinforcement when the user successfully completes tasks without experiencing strain or needing 
frequent assistance.

•	 Behavioral Pattern Recognition: The AUI can recognize patterns in how users manage tasks, such as when 
they tend to take breaks or defer certain activities. This allows the system to predict and adjust task assignments 
to fit these patterns.

•	 Natural Language Processing (NLP): NLP can be applied to user feedback, enabling the system to fine-tune 
suggestions or automate comment generation in a way that reflects the user’s preferred communication style.

•	 Calendar Integration with Predictive Analytics: The system analyzes the user’s calendar and anticipates busy 
periods, adjusting task allocations and recommending optimal break times. This ensures users aren’t overwhelmed 
during high-stress periods, like upcoming demos or meetings.

Evaluation Methodology
•	 Task Performance Metrics: To measure the effectiveness of the Adaptive User Interface (AUI), we tracked 

several task performance metrics, including:
•	 Time taken to complete tasks: Measured in minutes.
•	 Accuracy: The percentage of tasks completed correctly, with a benchmark accuracy of 100%.

Prototype Testing and User Feedback
A/B testing was conducted to evaluate the AUI’s performance across two groups:
•	 Group A (With Accommodation): Includes users under special accommodations, such as pregnant workers or 

FMLA returnees.
•	 Group B (Control): Regular employees who did not receive accommodations, serving as a control group.

Cognitive Load Measurement
We measured cognitive load using the NASA-TLX scale, a validated tool for assessing mental workload. Surveys were 
administered before and after the AUI implementation to evaluate changes in mental fatigue and user satisfaction.

Statistical Analysis
Dataset
The following dataset was used in the analysis, containing anonymized data on user performance and cognitive load 
scores:

ID Health Status Exp 
(yrs)

Task 
Difficulty 
Score

Completion 
Time 
(mins)

Accuracy 
Percentage

Cognitive 
Load Score 
(pre)

Cognitive 
Load Score 
(post)

101 With Accommodation 5 3.1 45 98 35 28
102 Control 10 4.5 30 95 40 38
103 With Accommodation 2 2.8 60 99 32 26
104 With Accommodation 3 3.0 50 97 34 30
105 Control 8 4.0 35 94 41 39
106 Control 7 3.8 55 96 39 36
107 With Accommodation 1 2.7 65 98 33 27
108 Control 9 4.3 40 93 42 40
109 With Accommodation 4 3.2 48 97 36 29
110 Control 6 3.9 52 95 38 37

Regression Analysis for Task Allocation
To predict task difficulty, we performed multiple regression analysis using Health Status, Experience, and Completion 
Time as predictor variables.

R Code for Regression Analysis
library(ggplot2)
data <- data. Frame (
 Task_Difficulty_Score = c (3.1, 4.5, 2.8, 3.0, 4.0, 3.8, 2.7, 4.3, 3.2, 3.9),
 Health Status = c (1, 0, 1, 1, 0, 0, 1, 0, 1, 0),
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 Experience_Years = c (5, 10, 2, 3, 8, 7, 1, 9, 4, 6),
 Completion_Time_Minutes = c (45, 30, 60, 50, 35, 55, 65, 40, 48, 52)
)
# Multiple Regression Model
model <- lm (Task_Difficulty_Score ~ Health Status + Experience_Years + Completion_Time_Minutes, data = data)
summary(model)
# Scatter plot for Task Difficulty vs Completion Time
ggplot (data, aes (x = Completion_Time_Minutes, y = Task_Difficulty_Score)) +
 geom_point () +
 geom_smooth (method = “lm”, color = “blue”) +
 labs (title = “Task Difficulty vs Completion Time”, x = “Completion Time (minutes)”, y = “Task Difficulty Score”)

Interpretation: The model summary provides R-squared and p-values for

each predictor, indicating their influence on task difficulty. A significant
p-value (< 0.05) for Health_Status suggests that employees with

accommodations are assigned less difficult tasks.

5.3 ANOVA for Cognitive Load
We conducted an ANOVA to compare cognitive load before and after AUI

implementation for each group.

R Code for ANOVA

# Sample data for cognitive load scores
group_a <- c(28, 26, 30, 27, 29) # Cognitive load scores post-AUI for Group

A

Interpretation
The model summary provides R-squared and p-values for each predictor, indicating their influence on task difficulty. A 
significant p-value (< 0.05) for Health Status suggests that employees with accommodations are assigned less difficult 
tasks.

Anova for Cognitive Load
We conducted an ANOVA to compare cognitive load before and after AUI implementation for each group.

R Code for Anova
# Sample data for cognitive load scores
group a <- c (28, 26, 30, 27, 29) # Cognitive load scores post-AUI for Group A
group <- c (38, 37, 39, 36, 40) # Cognitive load scores post-AUI for Control Group
cognitive data <- data. Frame (
 Group = factor (c (rep (“With Accommodation”, length(group_a)), rep (“Control”, length(group)))),
 Cognitive_Load_Score = c (group_a, group)
)
# Perform Anova
anova_result <- aov (Cognitive_Load_Score ~ Group, data = cognitive data)
summary(anova_result)
# Interpretation of p-value
if (summary(anova_result) [[1]] [[“PR(>F)”]][1] < 0.05) {
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 print (“Significant reduction in cognitive load for users with accommodations compared to control.”)
} else {
 print (“No significant reduction in cognitive load for users with accommodations.”)
}

Interpretation
The ANOVA p-value < 0.05 supports a significant reduction in cognitive load for users with accommodations, validating 
the AUI’s effectiveness in reducing mental strain.

Results
Task Performance and Accuracy
Regression analysis findings indicate:
•	 Health Status is a significant predictor (p < 0.05), showing that workers under accommodations tend to receive 

less difficult tasks.
•	 Experience is inversely correlated with task difficulty (p < 0.05), suggesting experienced workers handle more 

complex tasks.

Cognitive Load Reduction
The ANOVA results indicate a statistically significant reduction in cognitive load for Group A, supporting that AUI 
implementations effectively reduce mental fatigue.

Visualization
•	 Task Completion Time vs. Task Difficulty: Scatter plot to observe trends.
•	 Boxplot for Cognitive Load by Group: Distribution of cognitive load scores by group.

R Code for Visualization
# Scatter Plot of Task Difficulty by Completion Time
ggplot (data, aes (x = Completion_Time_Minutes, y = Task_Difficulty_Score)) +
 geom_point () +
 geom_smooth (method = “lm”, color = “blue”) +
 labs (title = “Task Difficulty vs Completion Time”, x = “Completion Time (minutes)”, y = “Task Difficulty Score”)
# Boxplot for Cognitive Load by Group
ggplot (cognitive data, aes (x = Group, y = Cognitive_Load_Score, fill = Group)) +
 geom_boxplot () +
 labs (title = “Cognitive Load Distribution by Group”, x = “Group”, y = “Cognitive Load Score”)

# Scatter Plot of Task Difficulty by Completion Time

ggplot(data, aes(x = Completion_Time_Minutes, y =
Task_Difficulty_Score)) +

geom_point() +
geom_smooth(method = "lm", color = "blue") +

labs(title = "Task Difficulty vs Completion Time", x = "Completion Time
(minutes)", y = "Task Difficulty Score")

# Boxplot for Cognitive Load by Group
ggplot(cognitive_data, aes(x = Group, y = Cognitive_Load_Score, fill =

Group)) +
geom_boxplot() +

labs(title = "Cognitive Load Distribution by Group", x = "Group", y =
"Cognitive Load Score")

8. Limitations and Future Work

This study was limited by a relatively short evaluation period. Future
work could extend the duration of the study and include more diverse

user groups. Additionally, future research could explore the

Limitations and Future Work
This study was limited by a relatively short evaluation period. Future work could extend the duration of the study and 
include more diverse user groups. Additionally, future research could explore the application of more advanced machine 
learning models to enhance task allocation further [1-7].
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Uniqueness of This Article Compared to Existing Literature
This article stands apart from the works referenced in several keyways:
•	 Focus on Temporary Disabilities and the PWFA: While many studies on Adaptive User Interfaces (AUIs) focus 

on general user customization or accessibility for long-term disabilities, this article addresses the specific needs 
of users with short-term disabilities, such as pregnancy or recovery from medical leave. It uniquely ties these 
requirements to the Pregnant Workers Fairness Act (PWFA), ensuring compliance with legal mandates, something 
not explored in most prior research.

•	 Personalization for Enterprise Use: This article expands the concept of personalization by emphasizing 
enterprise-level workflows. Many prior works on AUIs explore consumer software or general human-computer 
interaction, but this article specifically looks at how enterprise software can accommodate workers through features 
like dynamic task allocation, calendar integration for break scheduling, and work approval processes.

•	 Integration of Machine Learning for Continuous Improvement: The introduction of machine learning models 
for real-time adaptation and refinement of user experiences is a significant contribution. Unlike existing studies 
that focus on static personalization, this article suggests a model that learns and evolves based on user feedback, 
behavioral patterns, and task interactions. This introduces a forward-thinking solution that not only responds to 
current needs but also adapts over time.

•	 Managerial Approval Process: The article proposes a novel approach by integrating manager-approved 
workflows into the Adaptive UI. While many studies focus solely on the user-system interaction, this article adds an 
organizational layer that ensures compliance with workplace policies, such as approving reasonable accommodations 
for workers in accordance with the PWFA.

•	 Reduction of Cognitive Load with Legislative Consideration: Though reducing cognitive load is a common 
theme in the existing literature, this article ties cognitive load reduction directly to the specific accommodations 
required under the PWFA. It introduces features like auto-population of derived fields and job aid suggestions that 
are specifically tailored for workers dealing with short-term physical and mental challenges.

Declaration of generative AI and AI-assisted technologies in the writing process
During the preparation of this work the author(s) used ChatGPT to improve readability. After using this tool, the 
author(s) reviewed and edited the content as needed and take(s) full responsibility for the content of the publication.

Conclusion
Adaptive User Interfaces offer a promising solution for accommodating workers with temporary disabilities by optimizing 
task allocation and reducing cognitive load. The use of progressive disclosure, calculated fields, and forgiving error 
handling makes the system more accessible and user-friendly, especially for workers under special accommodations. Our 
empirical evaluation, supported by regression analysis and ANOVA, shows significant improvements in task performance 
and user satisfaction, validating the role of AUIs in compliance with the PWFA.
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