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1 Introduction 
Artificial Intelligence (AI) has increasingly been adopted across smart farming applications to 
support monitoring, prediction, and data-driven decision-making. AI enables systems to 
process large amounts of operational data and generate insights that assist users in managing 
agricultural activities more efficiently. In livestock production, AI-based technologies have 
been utilized to support monitoring production, AI-based technologies have been utilized 
to support monitoring activities and improve operational effectiveness through automated 
analysis and continuous observation processes [1], [2], [3]. In poultry farming, monitoring 
systems supported by AI can assist users in observing production conditions and 
interpreting indicators that support daily operational decisions [4]. 
As AI becomes more integrated into operational environments, interaction between users 
and AI-generated outputs becomes increasingly important. However, many AI systems still 
operate as black-box systems, where users receive recommendations or predictions without 
understanding how those outputs are produced [5]. This limitation creates challenges, 
particularly for users without technical knowledge of AI mechanisms. Previous studies 
indicate that insufficient understanding of system behavior may increase uncertainty during 
interaction and reduce user confidence when making decisions based on system outputs [6].  
To address these challenges, Explainable Artificial Intelligence (XAI) has emerged as an 
approach that improves transparency by communicating how and why AI systems generate 
predictions [7], [8], [9]. Previous studies explain that effective explanations should consider 
user needs, explanation presentation, and contextual relevance [10]. Human-centered XAI 
emphasizes explanations that match users’ goals and level of expertise, rather than exposing 
technical model details [11]. Studies have also shown that explainability can contribute to 
building more calibrated trust, reducing cognitive burden, and improving users’ ability to 
understand AI-supported decisions [12], [13]. 
Although explainability has received increasing attention, most existing studies focus on 
explanation methods, technical transparency, or conceptual XAI frameworks [10], [14], [15]. 
Recent work suggests that explainability should also be considered an interface design 
problem because the effectiveness of explanations depends on how information is presented 
to users [11], [16], [17], [18]. However, empirical studies implementing XAI principles in 
real interface redesign and evaluating their impact on user trust, understandability, and 
usability remain limited, particularly in smart farming applications [19], [20]. 
This study addresses these limitations by redesigning an existing AI-based chicken weight 
monitoring system interface and empirically evaluating their effects on user trust, 
understandability, and usability. Rather than proposing a new XAI algorithm, this study 
operationalizes human-centered XAI principles into interface components and evaluates 
their contribution to user experience in a smart farming application. 
The following research questions guide this study: 

• RQ1: How does the implementation of XAI elements in interface design influence user 
trust toward the application?  

• RQ2: How does the implementation of XAI elements in interface design improve users’ 
understandability in interpreting information generated by the application? 

• RQ3: How does redesigning the interface by integrating XAI principles affect the usability of 
the application? 
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To address these questions, the contributions of this study are as follows: 

• Implementing human-centered XAI principles into user interface redesign for an AI-
based monitoring system. 

• Evaluating trust, understandability, and usability simultaneously to provide a broader 
assessment of user experience in XAI applications. 

• Extending the application of XAI into the smart farming domain through empirical evaluation. 

The remainder of this paper is organized as follows. Section 2 presents related work covering 
XAI, human-centered design, and previous studies on XAI interface implementation. Section 3 
describes the research methodology, including system context, interface redesign process, 
participants, instruments, and data analysis procedures. Section 4 presents the results and 
discussion of the interface redesign and evaluation outcomes. Finally, Section 5 concludes the 
study and presents limitations and future research directions. 

 

2 Related Work 
XAI has developed from a model-centered perspective toward a broader human-centered 
approach that considers how explanations are presented, interpreted, and utilized during 
interaction with AI systems. Existing studies have explored various dimensions of 
explainability, including transparency, trust formation, user understanding, and interface design. 
However, findings across previous work indicate that explainability remains fragmented across 
different evaluation perspectives and implementation approaches. This section synthesizes prior 
studies and positions the current research within existing literature. 

2.1 Explainability, Transparency, and Human-Centered XAI 
Early XAI studies primarily focused on increasing transparency by exposing internal reasoning 
processes of AI models and enabling users to understand how outputs are generated [14]. 
Existing approaches include interpretable models, post-hoc explanations, feature-based 
explanations, and surrogate models intended to improve interpretability and accountability. 
However, subsequent studies argued that explainability should not be viewed solely as a 
technical property of algorithms. Explainable systems involve not only computational 
mechanisms but also interfaces and interaction processes through which users access and 
interpret information [11]. Therefore, explanation effectiveness depends not only on explanation 
quality but also on whether explanations are communicated in forms aligned with user needs 
[10]. 
Recent literature further shifts attention toward Human-Centered Explainable AI (HC-XAI), 
which emphasizes explanation design based on users’ goals, context, and cognitive processes. 
Human-centered perspectives suggest that explanations become more useful when delivered 
using concise language, contextual information, and adaptive presentation mechanisms rather 
than exposing excessive technical details. In addition, transparency has been positioned as a 
foundational requirement for enabling users to develop realistic expectations and interpret AI-
supported decisions appropriately [21]. 
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Across these studies, explainability is increasingly understood as a communication and 
interaction challenge rather than solely a model interpretation problem. This perspective 
becomes relevant for systems where users rely on interfaces as the primary medium for 
understanding AI outputs. 

2.2 Trust and Human-AI Interaction 
Trust has become one of the central evaluation dimensions in XAI research because 
explainability ultimately aims to support effective collaboration between users and AI systems 
[19]. Previous findings demonstrate that explanations can improve users’ confidence and 
decision performance by helping users interpret system behaviour more appropriately. In this 
context, explanations contribute to calibrated trust, where users neither overtrust nor undertrust 
AI-generated outputs. 
Nevertheless, prior studies report that trust does not always increase proportionally with 
explanation availability. Human-centered XAI studies indicate that interaction design, 
explanation accessibility, and contextual relevance strongly influence how users perceive 
explanations and whether explanations are considered useful [20]. Systematic evaluation studies 
also reveal that trust alone may not sufficiently represent explanation effectiveness because 
users may trust systems without fully understanding the reasoning behind recommendations 
[15]. Therefore, explainability evaluation increasingly emphasizes combining trust assessment 
with complementary dimensions that reflect actual interpretation and comprehension. 

2.3 Understandability and User Experience Evaluation 
Studies show that explanation quality is influenced not only by informational content but also 
by how explanations are structured and presented to users [10]. Explanation strategies that 
utilize contextual information, simplified presentation, and visual support tend to improve 
comprehension and reduce cognitive burden. 
Systematic reviews further indicate that there is still no universally accepted framework for 
evaluating XAI because each application context prioritizes different dimensions and 
explanation objectives [15]. Commonly evaluated dimensions include understandability, 
trustworthiness, usefulness, transparency, and controllability. In addition, recent human-
centered evaluation studies suggest that explanation effectiveness should be measured beyond 
interpretation accuracy and include broader user experience outcomes such as usability and 
interaction quality [16]. Users may understand explanations but still experience difficulties 
using the system effectively. 

2.4 Interface Design for Explainable Systems 
As explainability research matures, increasing attention has been directed toward interface 
design as a mechanism for operationalizing XAI principles [16], [17], [18]. 
Previous studies emphasize that interfaces play a central role in determining how users access 
explanations, interpret outputs, and develop expectations regarding system behaviour [16]. 
Rather than treating explanations as static textual descriptions, interface explainability 
encourages explanations to become integrated components of interaction.  Research on GUI 
design patterns for XAI proposes principles, including trustworthiness, causality, 
informativeness, interactivity, and accessibility, to improve explanation delivery [18]. These 
principles aim to make explanations easier to navigate and more actionable during user 
interaction. 
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Further studies focusing on UI prioritization in XAI suggest that trust and understandability 
represent two of the most influential factors affecting user experience [17]. Findings indicate 
that users generally prefer explanations that are adaptive and contextual rather than excessive 
and technically complex. 
Although previous studies provide valuable design guidance, several limitations remain. 
Existing research often focuses on explanation mechanisms without implementing interface 
redesign directly, evaluates trust independently without measuring understandability, or 
remains limited to conceptual recommendations. Furthermore, empirical implementation 
within smart farming applications remains relatively underexplored. 

2.5 AI-based Smart Farming Applications 
Recent studies have demonstrated the growing adoption of AI in smart farming, particularly in 
Precision Livestock Farming (PLF), to support automated monitoring of poultry health, welfare, 
and production. A review by [22] explains the integration of sensors, computer vision, machine 
learning, and IoT for continuous poultry monitoring in PLF. Similarly, [23] identifies computer 
vision as a key technology for real-time poultry behavior, welfare, and health monitoring. In 
addition, [24] summarizes the use of computer vision and deep learning for chicken weight 
estimation, disease detection, and behavior analysis. [25] highlights the application of AI for 
livestock monitoring and decision support across various production systems. Furthermore, [26] 
emphasizes the role of computer vision in enabling automated monitoring for modern 
agriculture and livestock production. 
Although existing studies have advanced AI-based monitoring for smart farming, they mainly 
focus on model development and monitoring performance rather than on how AI-generated 
information is communicated through user interfaces. Therefore, this study operationalizes 
human-centered XAI principles at the interface level and empirically evaluates their effects on 
user trust, understandability, and usability in an existing AI-based chicken weight monitoring 
system. 

2.6 Research Positioning 
Based on the reviewed literature, this study positions itself at the intersection of XAI, interface 
redesign, and user experience evaluation within smart farming systems. 

Table 1: Comparison of Previous Studies 
Aspect Previous Studies This Study 

Explainability principles ✓ ✓ 
Human-centered approach 

Direct implementation into UI 
Trust evaluation 

Understandability evaluation 
Simultaneous usability evaluation 

Smart farming application 

✓ 
Limited 

✓ 
Limited 

Rare 
Limited 

✓ 
✓ 
✓ 
✓ 
✓ 
✓ 

Unlike previous studies that predominantly emphasize explanation techniques, conceptual 
frameworks, or isolated evaluation dimensions, this study directly implements human-centered 
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XAI principles into the redesign of an operational monitoring interface and evaluates their 
influence on trust, understandability, and usability simultaneously. By applying this approach 
within a chicken weight monitoring system, this study extends empirical evidence regarding 
explainable interface design in smart farming contexts. 
 

3 Methods 

3.1 Research Design 
This study employed a concurrent embedded mixed-methods design to evaluate the 
implementation of XAI principles in redesigning the interface of an AI-based chicken weight-
monitoring application. Concurrent embedded mixed methods integrates quantitative and 
qualitative approaches within a single research framework, while assigning different analytical 
priorities to each method, where one method serves as the primary source of findings and the 
other acts as complementary support [27]. 
In this study, quantitative evaluation was used as the primary method to measure changes in user 
trust, understandability, and usability, whereas qualitative findings were embedded to provide 
contextual interpretation regarding participant experiences and interaction behaviour. This 
combination was selected to produce not only measurable evidence of interface performance but 
also a deeper understanding of how explainable interface elements influence user perception. The 
integration of numerical and narrative findings allows for a more comprehensive interpretation of 
the observed outcomes [28]. 
This study adopted a within-subject experimental design, meaning that each participant evaluated 
both interface conditions: the existing interface and the modified interface implementing XAI 
principles. Within-subject design enables repeated measurement on the same participants across 
multiple treatment conditions, allowing direct comparison while controlling variability between 
individuals [29]. Since each participant acts as their own control, differences in responses are 
more likely to reflect the effect of interface modifications rather than differences in participant 
characteristics. 
To reduce sequence effects and minimize learning bias, the evaluation procedure implemented a 
counterbalanced design. Counterbalanced design controls ordering, learning, and fatigue effects 
by varying the sequence of treatment exposure across participant groups so that each condition 
receives an equal opportunity during testing [30]. Through this arrangement, comparison between 
the existing and modified interfaces becomes more objective and less affected by internal 
procedural bias. Participants were randomly assigned to two counterbalanced groups. Group A 
(n=8) evaluated the existing interface first, followed by the modified interface, whereas Group B 
(n=8) completed the evaluation in the opposite order. Participant codes ending with “_A” and 
“_B” indicate the assigned counterbalancing sequence. 
The overall research procedure is presented in Figure 1. 
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Figure 1: Research Testing Flow 

As illustrated in Figure 1, the study began with an explanation of the research objectives, 
evaluation procedures, and participant instructions to ensure a consistent understanding before 
interaction started. Participants were then asked to evaluate the existing interface by completing 
all predefined operational tasks sequentially. The interaction consisted of three operational flows 
representing the main activities supported by the application: device connection, device 
configuration, and monitoring activities. 
During the first flow, participants connected monitoring devices to the application and verified 
whether device communication was successfully established. The second flow required 
participants to configure operational parameters according to the monitoring requirements. In the 
final flow, participants observed monitoring information generated by the system, interpreted the 
presented output, and completed monitoring-related activities through the interface. 
After completing all interaction flows using the existing interface, participants completed 
quantitative evaluation instruments measuring trust, understandability, and usability. 
Simultaneously, researchers conducted observational recording to identify interaction patterns, 
confusion points, interpretation difficulties, and user responses toward the existing interface. 
Participants then proceeded to evaluate the modified interface, which incorporated human-
centered XAI principles. The same operational flows were maintained to preserve consistency 
and ensure that observed differences originated from interface redesign rather than task variation. 
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Unlike the valuation of the existing interface, participants completed task reflection activities after 
each interaction flow during the modified interface evaluation. These reflections were intended 
to capture immediate qualitative responses regarding explanation clarity, confidence during 
interaction, interpretation processes, and perceived usefulness of the redesigned interface 
components. 
After all interaction tasks were completed, participants filled in post-evaluation questionnaires 
covering trust, understandability, and usability dimensions. Quantitative findings were 
subsequently analyzed statistically, while qualitative findings obtained through observation and 
task reflection were analyzed thematically. The final interpretation integrated both forms if 
evidence to provide a more comprehensive understanding of how XAI-based interface redesign 
influenced user experience. 

3.2 System Context 
This study was conducted using an existing AI-based chicken weight monitoring system 
developed for poultry farming operations. The system employs computer vision to estimate 
chicken weight from captured images and had already been implemented prior to this study. The 
underlying AI model, prediction mechanism, and application functionality were not modified. 
Instead, this study focused exclusively on redesigning the user interface by integrating human-
centered XAI principles while preserving the existing AI model and operational workflows. 

3.3 XAI-Based Interface Redesign 
The interface redesign in this study was guided by a literature-driven synthesis of XAI 
approaches related to explanation presentation in user interfaces. Rather than directly adopting 
individual design recommendations from previous studies, this study synthesized recurring 
explanation characteristics identified across prior literature to establish a conceptual foundation 
for redesigning the existing interface. 
Through this synthesis process, several approaches to presenting explanations in AI systems 
were identified with the common objective of making AI-generated information more accessible 
to non-technical users and supporting decision-making activities. The resulting synthesis 
produced six principal aspects of XAI that describe how explanations should be presented within 
the interface so that users can understand system outputs without requiring knowledge of 
technical implementation details.  
These principles were not treated as independent interface features but as design directions that 
informed the modification of the existing interface. Therefore, the identified principles were 
used throughout the study to guide redesign decisions, construct evaluation instruments, and 
organize redesign outcomes into meaningful categories. 

• Comprehensible Explanation: explanations should be concise, understandable for 
non-technical users, and presented at a higher level of abstraction without exposing 
technical details of AI algorithms or creating information overload [31], [32], [33], [34], 
[35], [36]. In the redesign process, this principle was implemented by simplifying 
explanatory content, improving information hierarchy, rewriting interface texts into 
clear language, and introducing supporting explanation elements to reduce ambiguity 
and facilitate interpretation during monitoring activities. 

• Progressive and Context-Aware Explanation: explanations should be delivered gradually and 
displayed only when relevant to the user’s interaction context so that additional information 
remains available without increasing interface complexity [35], [37], [38], [39], [40]. To 
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implement this principle, explanatory content was reorganized into multiple levels of detail and 
displayed progressively according to user needs, allowing users to access more detailed 
information only when necessary. 

• Reasoning and Causal Explanation: focuses on communicating reasons and contributing 
factors behind AI-generated outputs so users can understand relationships between observed 
conditions and system results [41], [42], [43], [44]. In the redesigned interface, explanatory 
elements were added to provide contextual reasoning and help users understand why certain 
monitoring outcomes appeared without exposing underlying computational processes. 

• Actionable and Goal-Oriented Explanation: explanations should not only provide 
information but also support users in determining possible actions to improve or optimize 
outcomes generated by the system [31], [37], [45], [46], [47]. The redesign implemented this 
principle by introducing recommendation-oriented explanations and supportive guidance to 
assist users in making operational decisions based on monitoring results. 

• Trust Calibration and Bias Awareness: helping users understand when system outputs can be 
trusted and what limitations or contextual conditions may influence output reliability [35], [44], 
[46], [48]. To implement this principle, redesign decisions introduced explanatory cues that 
communicate confidence-related information and encourage users to develop balanced 
expectations toward AI-generated results. 

• Mental Model Alignment: aims to align users’ understanding with how the AI system operates 
through explanation structure and interface visualization [35], [41], [43], [44], [49]. In the 
redesign process, this principle guided the restructuring of information hierarchy, interaction 
flow, and explanation sequencing to better match user expectations and improve the 
interpretation of monitoring information. 

After all redesign decisions were implemented, the modified interface was evaluated using the same 
operational scenarios and procedures as the existing interface to ensure that observed differences 
originated from explainability improvements rather than functionality changes. 

3.4 Participants 
This study involved 16 participants recruited using a purposive sampling strategy to ensure 
alignment between participant characteristics and the operational context represented by the 
evaluated system. Participant recruitment emphasized contextual relevance rather than broad 
demographic representation because the objective of this study was to evaluate user trust, 
understandability, and usability when interacting with AI-generated information in a poultry 
monitoring environment. Therefore, participants were selected based on their involvement in 
poultry farming activities and familiarity with operational monitoring processes. 
To participate in this study, individuals were required to satisfy the following inclusion criteria: 

• be involved in poultry farming activities as farmers or operational workers (ABK); 
• possess prior experience with monitoring-related operational activities; 
• be capable of completing all evaluation scenarios independently; and 
• provide consent to participate throughout the study procedure. 
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Because this study employed a within-subject experimental design, all participants completed the 
evaluation under both interface conditions, namely the existing interface and the modified interface 
implementing XAI principles. Each participant experienced identical operational scenarios following 
the predefined evaluation sequence. To maintain participant confidentiality and comply with ethical 
considerations, demographic information is reported in an aggregated form. 

Table 2: Participant Demographics 
Code Gender Age Role Length of 

Employment 
Last Education Familiar 

with AI 
P01_A M 37 Farmer >3 years Senior High School ✓ 

 P02_B M 20 ABK <1 year Junior High School ✓ 
 P03_B M 52 ABK <1 year Senior High School ✓ 
 P04_A M 40 Farmer >3 years Senior High School ✓ 
 P05_B F 38 Farmer >3 years Diploma/Bachelor’s Degree ✓ 
 P06_A F 46 ABK 1-3 years Senior High School ✓ 
 P07_B M 42 ABK 1-3 years Senior High School ✓ 
 P08_A M 42 Farmer >3 years Senior High School ✓ 
 P09_B M 27 Farmer >3 years Diploma/Bachelor’s Degree ✓ 
 P10_A M 24 ABK 1-3 years Senior High School ✓ 
 P11_B M 23 ABK <1 year Senior High School ✓ 
 P12_A M 49 Farmer >3 years Senior High School ✓ 
 P13_A M 42 ABK >3 years Senior High School ✓ 
 P14_B M 52 ABK 1-3 years Senior High School ✓ 
 P15_B M 55 ABK <1 year Senior High School ✓ 
 P16_A M 31 Farmer >3 years Diploma/Bachelor’s Degree ✓ 

Based on the demographic profile, participants were predominantly male and ranged from 20 to 
55 years old. Participant roles consisted of both farmers and farm operators (ABK), with most 
participants having more than one year of working experience. In terms of educational 
background, the majority completed senior high school education, while several participants 
held a diploma or bachelor's-level qualifications. All participants reported prior familiarity with 
AI-related technologies and therefore were able to interact with the evaluated system without 
requiring additional technical training. Familiarity with AI was self-reported through a 
demographic questionnaire administered before the evaluation. Participants indicated whether 
they had previous experience using AI-based applications in their daily activities or work. No 
formal assessment of AI expertise was conducted. 

3.5 Instruments 
To evaluate the impact of implementing XAI principles in interface redesign, this study 
employed a combination of quantitative and qualitative evaluation instruments. Quantitative 
evaluation focused on three user experience dimensions that are frequently discussed in human-
centered XAI research, namely user trust, understandability, and usability, while qualitative 
evaluation was supported through task reflection to capture contextual experiences during 
interaction. All quantitative instruments used a five-point Likert scale, ranging from 1 (strongly 
disagree) to 5 (strongly agree). The same evaluation procedure was applied to both interface 
conditions to enable direct comparison of participant responses after interacting with the existing 
and modified interfaces. 
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3.4.1 User Trust 
User trust was evaluated using the Trust in Automation Scale (TiAS). TiAS is a questionnaire 
instrument used to measure user trust toward automated systems through the evaluation of a set 
of trust-related statements [50]. The instrument captures both negative aspects, including 
perceptions of danger, suspicion, and distrust, as well as positive aspects such as reliability, 
integrity, security, and confidence toward system outputs. This approach reflects that trust is not 
a single construct but emerges from the combination of perceived system quality and perceived 
risk during interaction. 
The trust questionnaire consisted of 12 evaluation statements adapted from the TiAS instrument 
and used the explanation object as the target of evaluation. The instrument included statements 
related to: trust toward explanations, perceived reliability, confidence in generated outputs, 
integrity of explanation, perceived safety and dependability, and suspicion and perceived 
harmful outcomes. Examples of evaluation items include “I can trust the explanation”, “The 
explanation is reliable”, and “I am confident in the explanation”.  
Participant responses were aggregated into an overall trust score and converted to percentages 
to facilitate comparison between the existing and modified interfaces. Higher scores indicate 
stronger user trust toward the evaluated interface. 
3.4.2 Understandability 
Understandability was evaluated using a custom questionnaire developed specifically for this 
study. Unlike trust and usability, this study did not adopt a standardized instrument because 
existing literature indicates that understandability in XAI remains context-dependent and 
strongly influenced by how explanations are presented within user interaction. Therefore, the 
understandability instrument was developed through a synthesis of previous studies on 
explanation quality, interpretability, explanation effectiveness, transparency, and human-
centered XAI evaluation and resulted in 10 evaluation statements measuring users’ 
understanding of AI-generated explanations during system interaction. 
Examples of questionnaire statements include: 

• “I generally understand how the system in this application works based on the explanations 
provided.” [37] 

• “I understand the main factors or information that influence the results displayed by the system.” 
[51] 

• “The explanations presented help me interpret the results provided by the system.” [52] 

These statements were intended to evaluate not only whether participants could read the displayed 
information but also whether they could correctly interpret explanations and apply them during 
decision making. Responses from all items were aggregated and converted into percentage scores to 
support comparison between interface conditions. 
Since the instrument was developed specifically for this study context, formal external validation 
outside the evaluated environment had not been conducted before implementation and is therefore a 
limitation of this study. 
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3.4.3 Usability 
Usability was evaluated using the System Usability Scale (SUS). SUS is a standardized 
questionnaire-based evaluation instrument used to measure overall system usability through ten 
statements with five response options ranging from strongly disagree to strongly agree. SUS 
was selected because it enables efficient assessment of perceived usability while capturing user 
perceptions regarding ease of use, efficiency, and comfort during interaction [53]. The 
questionnaire consisted of 10 standard SUS statements, including items such as “I think that I 
would like to use this system frequently”, “I found the system unnecessarily complex”, and “I 
thought the system was easy to use”.  
Participant responses were processed using the standard SUS scoring procedure to generate 
usability scores ranging from 0 to 100, where higher scores indicate better usability 
performance. Finally, usability scores were interpreted according to the SUS grading criteria 
used in this study. 
3.4.4 Task Reflection 
To complement quantitative findings, this study incorporated task reflection as a qualitative 
evaluation instrument. Task reflection was conducted after participants completed each 
interaction scenario to explore users’ global mental models regarding the system, including how 
they understood system functionality, interpreted presented explanations, and perceived their 
influence on trust and decision making. These aspects represent subjective dimensions of 
explainability evaluation that are often difficult to capture through structured questionnaires 
alone. Therefore, qualitative findings were used to support the interpretation of quantitative 
results. 
Participants were encouraged to reflect on their interaction experiences and provide feedback 
regarding difficulties encountered, interpretation processes, perceived usefulness of 
explanations, and overall impressions during system use. One example of the reflection 
questions used in this study was: “After using this application, to what extent do you understand 
how the system generates the displayed information or results?” This question was designed to 
evaluate users’ alignment of mental models with system behaviour. The reflection questions 
were developed and grouped based on the same XAI aspects used during the redesign and 
quantitative evaluation stages to support systematic analysis of user needs and interaction 
experiences. 

3.6 Data Analysis 
Data analysis was conducted using both quantitative and qualitative approaches to obtain a 
comprehensive understanding of the effects of implementing XAI principles in interface 
redesign. The integration of both approaches aligns with the concurrent embedded mixed 
methods design adopted in this study. 
3.5.1 Quantitative Analysis 
Quantitative analysis was performed to examine differences in participant perceptions between 
the existing interface and the redesigned interface implementing XAI principles. The analysis 
was conducted using questionnaire data collected from the dimensions of user trust, 
understandability, and usability. Because this study employed a within-subject design, statistical 
analysis was performed using score differences obtained from the same participants under both 
interface conditions. The quantitative analysis procedure consisted of three stages: 
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Normality Test 
Normality testing was conducted as an initial step to determine the appropriate statistical method 
for paired comparison analysis. The tested data consisted of score differences between the 
existing and redesigned interfaces. This study applied the Shapiro-Wilk test, which is commonly 
recommended for small to medium sample sizes, particularly when the number of participants 
is fewer than 50 [54]. The Shapiro-Wilk statistic was calculated using Equation (1): 

𝑆𝑊 =
$∑ 𝑤!𝑥(!)$

!%& (
'

∑ (𝑥! − 𝑥̅)'$
!%&

 (1) 

where 𝑆𝑊 represents the Shapiro-Wilk statistic, 𝑤! represents the Shapiro-Wilk weight coefficient,  
𝑥(!)	represents ordered observations, 𝑥! represents individual observations, 𝑥̅ represents the sample 
mean, and 𝑛 represents the number of observations. 
Normality decisions were determined using the significance value (p-value) with α = 0.05. Data were 
considered normally distributed when 𝑝 > 0.05, whereas 𝑝 ≤ 0.05 indicated a non-normal distribution.  

Hypothesis Test 
Hypothesis testing was conducted to determine whether statistically significant differences 
existed between the existing and redesigned interfaces. Because the evaluation involved two 
related interface conditions, this study employed the paired-samples t-test for normally 
distributed data. The paired-samples t-test is an inferential statistical method used to examine 
whether significant differences exist between two dependent observations [55]. The paired-
samples t-test statistic was calculated using Equation (2): 

𝑡 =
𝑑̅

𝑠(/√𝑛
 (2) 

where 𝑡 represents the test statistic, 𝑑̅ represents the mean difference between paired observations,  
𝑠( 	represents the standard deviation of score differences, and 𝑛 represents the number of paired 
observations. 
The hypotheses were defined as: 

𝐻): 	𝜇*+!,-!$. = 𝜇/0(!1!*( 

𝐻&: 	𝜇*+!,-!$. ≠ 𝜇/0(!1!*( 

Decisions were based on two-tailed significance values with α = 0.05. If normality assumptions 
were not satisfied, analysis was continued using the Wilcoxon Signed-Rank Test as a nonparametric 
alternative. 

Effect Size Analysis 
Effect size analysis was conducted to measure the magnitude of interface redesign effects 
beyond statistical significance. Effect size provides additional interpretation regarding the 
strength of treatment effects and supports practical interpretation of findings, especially in 
studies with limited sample sizes [56]. For parametric analysis, effect size was calculated using 
Cohen’s d:  
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𝑑 =
𝑋&::: − 𝑋':::
𝑆2

 (3) 

where the pooled standard deviation was calculated using Equation (4):  

𝑆2 = ;
(𝑛& − 1)𝑠&' + (𝑛' − 1)𝑠''

𝑛& + 𝑛' − 2
 (4) 

where 𝑑 represents Cohen’s effect size, 𝑋&:::	and 𝑋'::: represents group means, 𝑆2 represents the 
pooled standard deviation, and 𝑛 and 𝑠&' 𝑠'' represent the sample size and variance for each 
condition. 
The interpretation of effect size followed the conventional threshold proposed by Cohen, where 
a Cohen’s d value of approximately 0.20 represents a small effect, approximately 0.50 represents 
a medium effect, and values of 0.80 or greater indicate a large effect. 
 
3.5.2 Qualitative Analysis 
Qualitative analysis was conducted to obtain a deeper understanding of user experiences during 
interaction with the application, particularly regarding how participants interpreted system 
explanations, utilized presented information, and connected explanations to decision-making 
processes. Qualitative data were collected through task reflection administered after participants 
completed evaluation tasks. The study employed thematic analysis, a qualitative analysis 
method used to identify recurring patterns of meaning (themes) within textual responses. 
The analysis procedure consisted of four stages: familiarization with participant responses to 
obtain an overall understanding of the collected qualitative data, coding relevant statements 
according to the objectives of the task reflection evaluation, grouping similar codes into 
recurring themes and sub-themes to identify common response patterns, and interpreting the 
resulting themes to explain the quantitative findings. The coding was conducted by the first 
author using an iterative thematic analysis process. Initial codes were generated from participant 
responses and were repeatedly reviewed and refined until stable themes and sub-themes were 
established. Because coding was performed by a single researcher, formal inter-coder agreement 
was not assessed, which is acknowledged as a limitation of this study. 
To support transparent reporting, thematic findings were summarized in a structured table 
containing the identified theme, sub-theme, theme description, and the number and percentage 
of respondents mentioning each theme. The thematic results were subsequently integrated with 
the quantitative findings to explain how explicability influenced trust, understanding, and 
perceived usability. 

4 Results and Discussion 

4.1 Interface Design Result 
The redesign process produced a modified interface for the AI-based chicken weight monitoring 
application by integrating six XAI principles synthesized from previous studies. These 
principles were translated into interface elements supporting transparency, interpretation, and 
decision-making based on user needs and evaluation findings from the existing interface.  
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4.1.1. Comprehensible Explanation 

 
                                 Eksisting  

 
               Modifikasi 

Figure 3: Implementation of XAI for Comprehensible Explanation  
In the existing interface, the QR scanning page provided limited guidance and required users to 
infer the required actions independently, resulting in differences in user understanding and 
confusion during the initial interaction. To address this issue, the redesigned interface 
implemented the Comprehensible Explanation principle by introducing brief instructional 
guidance directly within the QR scanning page. The explanation was presented using non-
technical and natural language to improve users’ understanding when interacting with the 
system from the beginning of the process [32], [44]. The information focused only on essential 
steps required to complete QR pairing successfully to maintain concise communication and 
avoid unnecessary cognitive burden [31]. As illustrated in Figure 2, the explanation was 
embedded directly into the interface to provide contextual support at the moment users needed 
the information, allowing users to understand system procedures more easily without requiring 
prior technical knowledge [37]. 
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4.1.2. Progressive and Context-Aware Explanation 

Eksisting 
 

                                         Modifikasi 
Figure 4: Implementation of XAI for Progressive and Context-Aware Explanation 

In the existing interface, calibration instructions remained continuously visible regardless of 
user needs, reducing flexibility during interaction and potentially displaying unnecessary 
information for experienced users. To improve this condition, the redesigned interface 
implemented the Progressive and Context-Aware Explanation principle by allowing calibration 
guidance to be expanded or collapsed on demand. As shown in Figure 3, concise information 
was initially presented in a collapsed state and revealed more detailed calibration steps only 
when users requested additional guidance. This approach enables users to access explanations 
according to their level of familiarity while keeping the interface concise and contextually 
relevant [37], [38]. 

4.1.3. Reasoning and Causal Explanation 

 
Figure 5: Implementation of XAI for Reasoning and Causal Explanation 
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The existing interface presented chicken weight monitoring results without additional 
explanations describing the factors behind the observed changes. As a result, users could view 
the output but received limited support in understanding the reasons underlying the displayed 
condition. To address this limitation, the redesigned interface implemented the Reasoning and 
Causal Explanation principle through the addition of an “Insights for You” section that provides 
concise explanatory insight directly within the monitoring interface. As illustrated in Figure 4, 
the explanation highlighted key factors contributing to weight changes and presented cause-and-
effect relationships to support user interpretation of the results [42]. The insight was also 
designed to provide contextual understanding and reduce the risk of misinterpreting unusual or 
significant changes in monitoring data [43]. Beyond explaining system outputs, the explanation 
encouraged users to better understand potential actions or considerations based on the presented 
information [46]. 

 

4.1.4. Actionable and Goal-Oriented Explanation 

 
                  Eksisting 

 
            Modifikasi 

Figure 6: Implementation of XAI for Actionable and Goal-Oriented Explanation 
 
The existing monitoring interface presented chicken weight results without indicating what 
actions users should take based on the displayed condition. As a result, users needed to interpret 
the results independently and determine appropriate responses without additional guidance. To 
address this limitation, the redesigned interface implemented the Actionable and Goal-Oriented 
Explanation principle by embedding action-oriented recommendations directly within the 
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summary card displayed at the beginning of the monitoring page. As illustrated in Figure 5, 
messages such as warning indicators translate monitoring outcomes into suggested follow-up 
actions, allowing users to immediately recognize conditions that require attention. The 
recommendations were designed to align with the detected context and guide users toward 
relevant decisions rather than presenting monitoring data alone [37], [45], [46]. 
 
4.1.5. Trust Calibration and Bias Awareness 

 
                  Eksisting 

 
            Modifikasi 

Figure 7: Implementation of XAI for Trust Calibration and Bias Awareness 

The existing monitoring interface displayed detection results without communicating the level 
of confidence associated with the generated output. This limited users’ ability to judge whether 
the displayed results should be accepted directly or interpreted with additional consideration. To 
support more calibrated trust, the redesigned interface introduced a confidence score within the 
monitoring page as an indicator of the system’s confidence in the detected results. As shown in 
Figure X, this information provided users with additional context regarding output quality and 
encouraged more informed interpretation of the displayed values/ presenting confidence 
information also increased transparency by explicitly communicating uncertainty and reducing 
the tendency to rely on system outputs without evaluation. In addition, confidence values 
enabled users to observe variations across monitoring conditions and identify situations that may 
require further attention before making decisions. 
 
4.1.6. Mental Model Alignment 
Unlike the existing interface, which primarily emphasized presenting monitoring results, the 
redesigned system introduced a workflow explanation to provide users with a broader 
understanding of how the application operates from input to output. The explanation outlined 
the main processing stages and was designed to help users build a mental model of the system 
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by understanding the relationship between input data, system processing, and generated results 
[41]. To improve accessibility, the workflow was communicated using structured and non-
technical language that simplified complex processes into understandable concepts [49]. This 
implementation aimed to reduce black-box perception, increase transparency, and support users 
in developing more informed interpretations of system outputs rather than relying solely on final 
results [35], [43], [49]. 

4.2 Quantitative Evaluation 
This study quantitatively evaluated the impact of implementing XAI principles on three user 
experience dimensions: user trust, understandability, and usability. Evaluation was conducted 
by comparing participant responses between the existing interface and the modified interfaces 
using a within-subject design. Statistical analysis was performed using paired comparison 
methods to determine whether the observed differences represented meaningful improvements. 
Prior to hypothesis testing, normality testing was conducted using the Shapiro-Wilk test, and 
the results indicated that the evaluated dimensions satisfied the normality assumption, allowing 
further analysis using the paired-samples t-test. 

Table 3: Quantitative Evaluations Results 
Aspect Version Mean 

(x̄) 
Data Analysis 

Normality Hypothesis Effect Size Interpretation 

User Trust 
Existing 50.52 Normal 

< 0.001 -3.916 Large effect Modified 73.82 Normal 

 Understandability 
Existing 54.25 Normal 

< 0.001 -5.235 Large effect Modified 81.88 Normal 

Usability 
 

Existing 43.28 Normal 
< 0.001 -4.194 Large effect Modified 74.38 Normal 

As shown in Table 3, the implementation of XAI-based interface redesign produced 
improvements across all evaluated dimensions. 
For user trust, the average score increased from 50.52 in the existing interface to 73.82 after 
redesign implementation. Statistical testing showed a significant difference between conditions 
(𝑝 < 0.001), indicating rejection of the null hypothesis. The calculated effect size (Cohen’s d =                
-3.916) indicated a large practical effect, suggesting that the observed improvement was not only 
statistically significant but also meaningful in terms of user perception. 
A similar pattern as observed for understandability, which increased from 54.25 to 81.88. Hypothesis 
testing also demonstrated a statistically significant difference (𝑝 < 0.001) with a large effect size 
(Cohen’s d = -5.235). Among the evaluated dimensions, understandability showed the largest 
magnitude of change, suggesting that integrating the explanation element directly into the interface 
substantially improved users’ ability to interpret and understand AI-generated outputs. 
For usability, the average score improved from 43.28 under the existing interface to 74.38 after 
redesign. Statistical analysis again showed a significant difference (𝑝 <0.001) accompanied by a 
large effect size (Cohen’s d = -4.194). These findings indicate that the redesigned interface not only 
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improved comprehension of explanations but also enhanced overall interaction quality and perceived 
ease of use.  
Across all dimensions, the modified interface consistently achieved higher mean scores and large 
practical effects. These results suggest that integrating explainability principles into interface design 
contributed positively to users’ interaction experience beyond improving transparency alone. The 
findings indicate that explanation mechanisms embedded within interface elements may support 
users in developing greater confidence, a stronger understanding of system outputs, and more 
effective interaction during monitoring activities. However, these improvements should not be 
attributed solely to XAI principles, as clearer instructions, improved information hierarchy, and a 
more structured interface layout may also have contributed to the observed improvements.  

4.3 Qualitative Findings 
The qualitative data were analyzed using thematic analysis to identify recurring patterns across 
participant responses and group them into broader themes. The coding process followed the 
same conceptual structure used during redesign and evaluation, namely the six XAI principles 
implemented in the interface. This approach allowed the qualitative findings to support the 
interpretation of quantitative outcomes directly. 

Table 4: Summary of Quantitative Findings 
Interface Version Theme Key Findings Respondents (%) 

Existing 

Limited explanation 
quality 

Explanations were insufficient and 
lacked contextual relevance 100% 

Limited support for 
understanding 

Users interpreted outputs 
independently due to missing 

reasoning 
100% 

Low decision support Outputs were rarely used directly 
for operational decisions 100% 

Limited transparency and 
trust Users relied on manual verification 100% 

Modified 

Improved explanation 
clarity 

Information became easier to 
interpret 100% 

Better contextual 
understanding 

Explanations became more relevant 
to the interaction context 87.5% 

Improved reasoning and 
mental model 

Users better understood the 
relationships between conditions 

and outputs 
100% 

Increased trust and 
decision support 

Confidence toward system outputs 
improved 100% 

Remaining improvement 
opportunities 

Users requested deeper 
explanations and additional features 93.75% 

As shown in Table 4, the thematic analysis revealed substantial differences in how participants 
experienced the existing and modified interfaces. For the existing interface, participants 
consistently reported that explanations did not provide sufficient support for understanding 
system outputs. Information was perceived as incomplete and insufficiently contextualized, 
requiring users to interpret results independently. One participant stated, “Menurutku masih 
kurang jelas, soale penjelasannya dikit.” (P13), while another explained that “Ini ada 
kemungkinan alatnya nimbang kotoran gak ya?” (P01). As a result, participants continued 
relying more on field observation and prior experience than on system recommendations, which 
reduced trust and limited understanding of AI-generated outputs. 
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Following implementation of the XAI-based redesign, participants reported improvements in 
explanation clarity, interpretation, and interaction experience. Explanations were perceived as 
more complete and easier to connect with operational conditions. One participant stated, “Jauh 
lebih lengkap ini penjelasannya.” (P01), while another highlighted that “Bagus ini ada histori 
datanya, kalau yang sebelumnya cuman terbatas 7 hari kan ya.” (P12). Participants also 
reported greater confidence in interpreting results and using system outputs during monitoring 
activities. However, several participants noted that more detailed information and additional 
supporting features would further improve the system experience. 

4.4 Discussion 
This study shows that the integration of XAI into the interface design of the chicken weight 
monitoring system leads to consistent improvements in user trust, understandability, and 
usability. To answer RQ1, the findings demonstrate that integrating XAI principles into the 
interface design significantly improved user trust compared with the existing interface. The 
redesigned interface provided more transparent and contextual explanations through 
instructional guidance, causal insights, confidence indicators, and workflow visualization, 
enabling participants to better understand how monitoring results were generated. As a result, 
users developed greater confidence in interpreting system outputs and were better able to 
validate the presented information. These findings are supported by the qualitative results, 
which indicate that participants perceived the explanations as clearer and more informative, 
thereby reducing the black-box perception commonly associated with AI systems. 
To answer RQ2, the redesigned interface also substantially improved users’ understandability 
of AI-generated information. The integration of comprehensible explanations, progressive 
information disclosure, reasoning-based insights, and workflow explanations enabled 
participants to develop a clearer mental model of how the system transformed input data into 
monitoring results. Rather than only observing the final outputs, users were able to understand 
the relationship between monitoring data, system processing, and generated results. The 
qualitative findings further support this improvement, showing that participants experienced 
fewer difficulties in interpreting system outputs and considered the redesigned explanations 
easier to follow.  
Regarding RQ3, the findings indicate that redesigning the interface by integrating XAI 
principles also improved overall usability. Participants completed monitoring tasks more 
efficiently because explanatory elements were embedded directly into the interaction flow, 
reducing unnecessary interpretation and supporting faster decision-making. However, these 
improvements should not be attributed solely to the implementation of XAI principles. General 
interface design enhancements, including clearer instructions, improved information hierarchy, 
and a more organized visual presentation, may also have contributed to the observed 
improvements in usability and overall interaction quality.  
Overall, the findings indicate that user trust, understandability, and usability are closely 
interconnected. Improvements in explanation clarity strengthened participants’ understanding 
of system behavior, which subsequently increased confidence in AI-generated outputs and 
enhanced overall interaction quality. Rather than proposing a new XAI algorithm, this study 
demonstrated how human-centered XAI principles can be operationalized into interface design 
and empirically evaluated within an existing AI-based chicken weight monitoring system. By 
translating explainability principles into concrete interface elements and evaluating their effects 
in a smart farming context, this study extends the application of human-centered XAI beyond 
algorithm development toward interface-level implementation. These findings are consistent 

http://journals.cognispectra.com/index.php/aisa/index


 Maritza Angelina Az Zahra et al. 

 

90 
 

with previous studies [10] which highlight the role of AI explanations in improving 
understandability and trustworthiness, as well as studies [15] and [20] which positions trust, 
understandability, and usability as interrelated dimensions in human-centered XAI evaluation. 
Furthermore, the result aligns with [19], which demonstrates that XAI can support calibrated 
trust through explanations, and [17], which emphasizes that trust and understandability are key 
determinants of user experience quality. 

5 Conclusion  

This study evaluated the impact of integrating XAI principles into the interface design of a 
chicken weight monitoring system. The findings show that the modified interface consistently 
improves user trust, understandability, and usability compared to the existing interface. 
Quantitative results indicate significant differences across all dimensions with large effect sizes, 
where user trust increased from 50.52 to 73.82, understandability from 54.25 to 81.88, and 
usability from 43.28 to 74.38. These results are strengthened by qualitative findings that show 
clear explanations and better contextual information help users interpret system outputs more 
easily and increase their confidence in using the system. These improvements are driven by the 
integration of multiple XAI components, including comprehensible explanations, contextual and 
progressive information, causal reasoning, actionable recommendations, confidence indicators, 
and workflow explanations. These elements work together within the interface to reduce 
uncertainty, improve understanding of system behavior, and support decision-making during 
monitoring activities.  
The results confirm that explanation design functions as an integrated mechanism that shapes 
overall user experience in AI-based systems. However, although the redesigned interface 
integrated XAI principles, the observed improvements should not be attributed solely to XAI. 
They may also reflect the influence of broader interface redesign decisions, such as clearer 
instructions, improved information organization, and enhanced visual presentation, which 
collectively contributed to the overall interaction quality. 
Although the results show consistent improvements, this study has limitations that should be 
considered. The evaluation involved a limited number of participants, which may affect the 
generalizability of the findings. In addition, the instrument used to measure understandability was 
adapted from previous studies and has not undergone full external validation. Future research is 
recommended to involve larger and more diverse participant groups and to explore adaptive 
explanation approaches that adjust the level of detail based on user needs and context, in order to 
further improve clarity, reduce cognitive load, and enhance usability in real-world applications. 
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