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Doshi-Velez & Kim, 2017; Gunning & Aha, 2019), a com-
plementary line of research explores how end-users respond 
to such explanations (e.g., Miller, 2019; Rong et al., 2023). 
This user-oriented perspective, often referred to as human-
centric XAI, emphasizes system explanations aligning with 
users’ cognitive needs, values, and expectations (Liao & 
Varshney, 2021; Kong et al., 2024).

A particularly relevant domain for human-centric XAI is 
AI-driven recommender systems (RS), which increasingly 
shape users’ everyday decisions. In these systems, expla-
nations serve both normative and practical purposes: they 
enhance user autonomy, fairness, and accountability while 
helping users make sense of algorithmic choices (Tintarev 
& Masthoff, 2015; Zhang & Chen, 2020). In this context, 
explanations vary in scope: local explanations justify indi-
vidual recommendations, global explanations describe the 
system’s general logic, and joint explanations combine both. 
However, explanations that are overly complex or poorly 
aligned with users’ cognitive needs may introduce extra-
neous cognitive load and reduce comprehension (Mayer, 
2002). Designing explanations that balance transparency 
with usability therefore remains a key challenge for human-
centered XAI. While many studies have examined the pres-
ence or absence of explanations (e.g., Herlocker et al., 2000; 

1  Introduction

In recent years, the growing influence of artificial intelli-
gence (AI) in everyday life has sparked increasing schol-
arly interest in explainable AI (XAI). XAI aims to generate 
human-interpretable explanations to improve system trans-
parency and comprehension (Vilone & Longo, 2021; Arrieta 
et al., 2020). While foundational research has focused on 
algorithm development and system-level architecture (e.g., 
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Tintarev & Masthoff, 2007, 2011; Pu & Chen, 2007), rela-
tively few have systematically compared these explanation 
scopes. Treating explanation as a binary feature risks over-
looking how different scope influence user engagement.

Prior work suggests that local explanations support 
instance-level understanding, while global explanations fos-
ter system-level trust (Ribeiro et al., 2016; Lipton, 2018). Yet 
few studies have directly compared their effects on cogni-
tive outcomes such as understanding of the RS, and affective 
responses such as trust and attitudes toward the RS. This study 
addresses this gap by bridging these two outcome domains, 
which are often studied in isolation (Kim et al., 2024), offering 
a more holistic view of explanation effectiveness.

Beyond explanation scope, the effectiveness of XAI also 
depends not whether users attend to the explanations provided. 
Prior work suggests that users often overlook explanations 
and therefore fail to comprehend the algorithmic decisions or 
develop trust in the system, regardless of explanation quality 
(Kulesza et al., 2015; Poursabzi-Sangdeh et al., 2021). This 
highlights a critical challenge in XAI design: how can explana-
tions capture and sustain user attention? What types of expla-
nation scope capture the most attention? How does attention 
mediate user understanding and evaluation of the RS? And 
how might presentation modality shape these processes?

To address these questions, this study applies eye-track-
ing, a method widely used in cognitive psychology to map 
attention patterns (Duchowski, 2002; Rayner, 1998; Liu & 
Cui, 2025) to the context of XAI in RS. We investigate how 
different explanation scopes affect visual attention, and how 
attention in turn affects users’ understanding, trust, and atti-
tude toward the RS. We also examine whether the modality 
of explanations (text-only vs. text with graphical illustra-
tions) moderates these effects, given its impact on cognitive 
processing and memory (Fletcher & Tobias, 2005; Guesmi 
et al., 2023; Mayer, 2002; Moreno & Mayer, 1999).

Overall, this study contributes to the XAI literature by com-
paring explanation scopes, linking explanation design to both 
understanding and evaluation outcomes, and uncovering the 
mechanisms (i.e., visual attention) and conditions (i.e., modal-
ity) that shape these effects. This integrated approach supports 
the development of more transparent and trustworthy AI sys-
tems, contributing to the broader societal goal of empowering 
users to interact meaningfully with algorithmic technologies.

2  Related Work

2.1  Human-Centric Explanations in Explainable AI 
(XAI)

The concept of human-centricity refers to the design and 
evaluation of technologies that prioritize human needs, 

values, capabilities, and well-being (Baumer, 2017; Yst-
gaard et al., 2023; Pacheco & Iwaszczenko, 2024). Rooted 
in traditions such as human-centered design and human–
computer interaction, this approach emphasizes developing 
technologies with a deep understanding of users’ contexts, 
promoting usability, transparency, and ethical alignment 
(Norman, 2023; Shneiderman, 2020). In the domain of 
artificial intelligence (AI), these principles are operational-
ized through Explainable Artificial Intelligence (XAI), an 
approach that seeks to reduce system opacity by providing 
transparent explanations of AI decision-making process 
(Vilone & Longo, 2021; Arrieta et al., 2020; Zhang & Chen, 
2020; Nunes & Jannach, 2017). In line with human-centric 
goals, XAI shifts the focus from optimizing algorithmic per-
formance alone to ensuring that system behavior is inter-
pretable and meaningful from a user perspective, especially 
everyday decision-making contexts like healthcare, finance, 
and recommender systems (Černevičienė & Kabašinskas, 
2024; Sadeghi et al., 2024; Haque et al., 2023; Al-Ansari et 
al., 2024; Nunes & Jannach, 2017).

Therefore, in recommender systems (RS), explanations 
are not only technical add-ons but serves as essential inter-
faces hat help users make sense of the system’s behavior. 
From a cognitive perspective, explanations reduce the per-
ceived complexity of AI systems and support the formation 
of mental models, which are internal representations of how 
a system works (Kulesza et al.,2015; Rutjes et al.,2019). 
For example, Kulesza et al. (2015) showed that well-crafted 
explanations that are both sound and complete significantly 
improve users’ mental model accuracy and improve their 
ability to anticipate system behavior. This enhanced under-
standing can be conceptualized along two dimensions: per-
ceived understanding, referring to users’ subjective sense of 
comprehension, and objective understanding, which reflects 
accurate knowledge of system processes (Heringer, 1983; 
Hoffman et al., 2023; Buschmeier et al., 2023).

Beyond fostering understanding, explanations have also 
been shown to improve users’ trust and attitudes toward AI 
systems. In the RS context, studies have demonstrated that 
providing explanations can enhance satisfaction, trust, and 
acceptance of system outputs (Chatti et al., 2024; De Campos 
et al., 2024; Guesmi et al., 2023; Tintarev & Masthoff, 2015; 
Zhang & Chen, 2020). For example, Guesmi et al. (2023) 
found that layered justifications, such as “This article is rec-
ommended because it matches your interests”, significantly 
improved users’ trust and perceived system transparency in 
a scientific literature recommender. Similarly, content-based 
rationales referencing users’ previous behavior were associ-
ated with increased satisfaction and acceptance (De Campos 
et al., 2024). The psychological foundation for these effects 
lies in established theories of trust, which conceptualize it as 
a function of competence, benevolence, and integrity (Mayer 
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et al., 1995; Lee & See, 2004). Explanations can enhance 
perceived competence by making the system’s decision logic 
intelligible, and support integrity by offering transparent jus-
tifications for its outputs (Tintarev & Masthoff, 2015). As 
users better understand the system’s rationale and perceive it 
as trustworthy, their uncertainty decreases and their attitudes 
toward the system tend to become more favorable (Knijnen-
burg et al., 2012; Wang et al., 2019).

Building on these theoretical and empirical insights, we 
propose:

H1  RS with explanations lead to higher levels of perceived 
understanding of the RS (H1a), objective understanding of 
the RS (H1b), trust in the RS (H1c), and attitudes toward the 
RS (H1d), relative to RS without explanations.

2.2  The Scope of Explanations

Explanations in the RS can convey a variety of information 
to users. One effective approach to categorize these expla-
nations is by their scope: whether they provide local, global, 
or joint insights into the system’s functioning (Radensky et 
al., 2022; Arrieta et al., 2020). Local explanations clarify 
individual recommendations by showing why a specific 
item was suggested, often linking it to user preferences or 
behaviors (e.g., Ribeiro et al., 2016). In contrast, global 
explanations describe how the system operates overall, 
such as its model structure, input-output mappings, or data 
processing logic (Doshi‑Velez & Kim, 2017). Finally, joint 
explanations integrate both local and global explanations, 
offering users a more holistic picture of the system’s reason-
ing (Guesmi et al., 2023; Zhang & Chen, 2020).

Previous research has shown that local explanations 
enhance transparency for particular decisions and support 
instance-level understanding, making them especially valu-
able when users assess specific recommendations (e.g., 
Ribeiro et al., 2016). Global explanations, by contrast, 
foster system-level trust by helping users anticipate the 
algorithm’s overall behavior (Lipton, 2018; Doshi‑Velez 
& Kim, 2017). However, local or global explanations on 
their own may only provide a partial view of the system’s 
logic. Empirical evidence suggests that joint explanations 
can outperform single-scope explanations in real-world RS 
contexts. For instance, Guesmi et al. (2023) found that com-
bining local justifications (e.g., “because it matches your 
interests”) with global system descriptions (e.g., “we use 
topic clustering”) significantly improved user satisfaction 
and comprehension in a scientific literature recommender. 
Similarly, Zhang and Chen (2020) observed across multiple 
RS types that joint explanations led to higher acceptance 
and perceived transparency compared to using only local or 
global explanations.

From a cognitive perspective, joint explanations may fos-
ter better understanding because they provide users with a 
more comprehensive view of system reasoning across indi-
vidual recommendations and general logic. Therefore, they 
may offer a richer and more coherent mental model of how 
the system works (Kulesza et al., 2015; Rutjes et al., 2019), 
thereby fostering both perceived and objective understand-
ing of the RS. Further, as comprehension improves and 
uncertainty decreases, users are more likely to perceive 
the system as transparent and reliable, ultimately forming 
more positive attitudes (Knijnenburg et al., 2012). Thus, by 
enhancing both cognitive clarity and affective evaluations, 
joint explanations may lead to greater trust and more favor-
able attitudes toward the RS compared to global or local 
explanations alone.

Drawing on both empirical observations and theoretical 
reasoning, we hypothesize:

H2  RS with joint explanations (i.e., global and local) lead 
to the highest level of perceived understanding of the RS 
(H2a) and objective understanding of the RS (H2b), trust 
in the RS (H2c), and the most positive attitudes toward 
the RS (H2d), compared to RS with global, local, or no 
explanations.

2.3  Visual Attention

While the previous sections have outlined what to explain 
in recommender systems, an equally important question is 
whether users actually attend to these explanations. Studies 
have shown that users often ignore explanations or misre-
member having seen them at all (Andrienko et al., 2022; 
Chromik & Butz, 2021; Poursabzi‑Sangdeh et al., 2021). As 
a result, even well-designed explanations may fail to influ-
ence user understanding or trust (Kulesza et al., 2015; Pours-
abzi‑Sangdeh et al., 2021; Meza Martínez et al., 2023). This 
gap between the presence of explanations and user engage-
ment highlights a fundamental challenge in XAI design: 
explanations must not only be available but also be seen and 
cognitively processed to be effective. Thus, visual attention 
is critical to the effectiveness of these explanations.

Visual attention refers to the cognitive process that guides 
gaze and mental effort toward salient visual elements (Just 
& Carpenter, 1980; Wolfe, 2000). In human–computer inter-
action, visual attention determines which interface elements 
users perceive, for how long, and how these influence deci-
sions (Bojko, 2009; Djamasbi et al., 2010). One widely used 
method to capture visual attention is eye-tracking technol-
ogy. A foundational assumption in eye-tracking research is 
the Eye–Mind Hypothesis (Just & Carpenter, 1980), which 
posits that there is a close temporal and functional link 
between where people look and what they are cognitively 
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effect of the scope of the explanations (i.e., no, local, global, 
vs. joint explanations) on users’ perceived understanding of 
the RS, objective understanding of the RS, trust in the RS, 
and attitudes toward the RS?

2.4  The Modality of Explanations

In addition to explanation scope and user attention, the 
modality through which explanations are presented is another 
critical design dimension in explainable recommender sys-
tems. In XAI, explanations may be delivered solely in text 
or accompanied by visual elements such as graphs or flow-
charts (Kouki et al., 2019; Hernandez-Bocanegra & Ziegler, 
2021). Modality influences not only users’ engagement with 
explanation content but also their comprehension, memory 
retention, and decision-making (Mayer, 2005; Sweller, 
1988). Modality is therefore not merely a stylistic design 
choice, but directly affects the effectiveness of explanations.

Recent research has highlighted the advantages of mul-
timodal explanations, particularly in complex domains like 
RS (Guesmi et al., 2023; Abusitta et al., 2024). Graphical 
explanations can help make abstract algorithmic operations 
more tangible (Fan et al., 2022; Kouki et al., 2019; Moreno 
& Mayer, 1999). When well-integrated with text, they can 
accommodate diverse cognitive styles and enhance user 
comprehension (Hernandez-Bocanegra & Ziegler, 2021).

However, the benefits of multimodal formats depend on 
their alignment with content complexity and user needs. 
Poorly designed or cluttered visuals may create cognitive 
noise, leading to confusion or disengagement (Herm, 2023; 
Mayer & Moreno, 2003). This concern is especially relevant 
when considering the interaction between explanation scope 
(i.e., local, global, joint explanations) and modality. For 
instance, a joint explanation that combines both global and 
local system reasoning may increase informational com-
plexity. In such cases, graphical enhancements may either 
alleviate or exacerbate users’ cognitive load depending on 
their design quality.

Cognitive Load Theory (Sweller, 1988) provides a 
framework to understand these dynamics. Visuals that orga-
nize and spatially structure information can reduce intrinsic 
cognitive load and facilitate understanding (Mayer, 2005). 
In contrast, if visuals are misaligned or overly detailed, they 
may impose extraneous cognitive load and hinder process-
ing. Thus, the effectiveness of modality depends on whether 
it reduces or amplifies the mental demands introduced by 
explanation scope.

These theoretical insights suggest that modality is likely 
to moderate both the direct impact of explanation scope 
on user outcomes and the indirect effects via visual atten-
tion. When well designed, multimodal explanations may 
enhance the effectiveness of joint explanations by helping 

processing. In other words, eye fixations are taken as indi-
cators of moment-to-moment cognitive engagement. Eye-
tracking technology therefore provides a direct and reliable 
way to record where and for how long users fixate on spe-
cific areas of a visual interface, offering precise measure-
ments of attentional allocation. In the context of XAI, it 
enables detailed analysis of how users engage with explana-
tions, revealing links between attention allocation and user 
responses to the system (Holmqvist et al., 2011).

The scope of explanation may influence how much visual 
attention users allocate. Cognitive load theory suggests that 
more information-rich content demands greater cognitive 
effort and attention (Sweller, 1988; Paas et al., 2003). There-
fore, local or global explanations may require less sustained 
attention because they present relatively limited information 
(Ribeiro et al., 2016; Lipton, 2018). In contrast, joint expla-
nations that combine both local and global explanations are 
more complex and cognitively demanding and therefore 
may attract longer visual attention (Guesmi et al., 2021; Fan 
et al., 2022).

However, longer attention does not guarantee better out-
comes. On one hand, more visual attention tends to correlate 
with deeper cognitive engagement, better comprehension, 
and more favorable system evaluations (Rayner, 2009; 
Hernandez-Bocanegra & Ziegler, 2021). Users who engage 
more deeply with explanations often develop more accurate 
mental models, perceive greater transparency, and exhibit 
more trust and positive attitudes (Fan et al., 2022). On the 
other hand, cognitive load theory warns that overly complex 
content can overwhelm users, exceeding working memory 
limits and decreasing performance (Sweller, 1988; Paas et 
al., 2003). Indeed, studies suggest that excessive informa-
tion may reduce fixation duration and impair understanding, 
especially in cognitively demanding contexts (Holmqvist, 
2011).

Given this tension, we propose that visual attention 
mediates the relationship between explanation scope and 
user outcomes. Yet due to mixed empirical evidence, we 
cannot predict whether longer attention will enhance or 
impair user outcome. Moreover, user responses to AI expla-
nations can involve both cognitive and affective processes, 
namely understanding what the system does, and evaluating 
whether it is trustworthy or appropriate. Drawing on dual-
process theories of cognition (Kahneman, 2011; Petty & 
Cacioppo, 1986), explanations in recommender systems can 
therefore engage users through different processing routes. 
Consequently, the precise role of visual attention within 
these routes remains theoretically uncertain. Therefore, we 
frame our inquiry as a research question:

RQ1  How and to what extent does visual attention to the 
explanations of the recommendation system mediate the 
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April 2023. Participants were randomly assigned to one of 
seven conditions.

3.1  Sample

Participants were recruited from a Dutch university and 
were required to be at least 16 years old. Recruitment was 
conducted via internal university channels. Participants 
received either €5 or 2 research credits upon completing 
the study. A total of 283 individuals participated in the 
experiment. Six participants were excluded due to poor eye-
tracking calibration, resulting in a final sample of 277 par-
ticipants. The final sample (N = 277) consists of 231 female 
and 45 male participants (1 prefers not to say), with ages 
ranging from 18 to 40 (M = 20.90 years, SD = 2.78). The 
majority (72.9%) of the sample were undergraduate stu-
dents, and most participants were born in Europe (70%), of 
which around one-quarter (38.3%) of the participants were 
born in the Netherlands.

3.2  Procedure & Equipment

Our experiment consisted of two parts: an eye-tracking 
session followed by a questionnaire. After reading a brief 
introduction of the study and providing informed consent, 
each participant was randomly assigned to a specific Par-
ticipation Number. This number was used to determine 
their experimental condition and to link their eye-track-
ing data with questionnaire responses. Participants were 
then asked to sit in front of a 24-inch monitor, positioned 
approximately 22 to 26 inches away from the screen. A 
5-point screen-based calibration was conducted to ensure 
accurate eye-tracking.

users manage their attention and interpret complex content. 
When poorly designed, however, they may disrupt attention 
or obscure key relationships. In short, modality may either 
amplify or decrease the influence of explanation scope on 
users’ understanding and evaluation of the system.

To examine these dynamics more closely, we pose the 
following research question:

RQ2  How does the modality of explanations (text-only 
vs. text with graphical illustrations) moderate (a) the main 
effects of explanation scope and (b) the mediation effects 
of visual attention on users’ perceived understanding of the 
RS, objective understanding of the RS, trust in the RS, and 
attitudes toward the RS?

Overall, Fig. 1 presents the conceptual model guiding this 
study, illustrating the hypothesized relationships between 
explanation scope, visual attention, modality, and user 
responses to the RS.

3  Methods

To answer the research questions and test the hypotheses, 
we conducted a pre-registered1 eye-tracking experiment 
using a 3 (scope of explanation: local vs. global vs. joint 
explanation) x 2 (modality of explanation: text-only vs. text 
& graphic illustration) between-subjects design, along with 
a control group exposed to RS without any explanation. 
The experiment was conducted between February 2023 and 

1   See anonymous OSF pre-registration link: ​h​t​t​p​​s​:​/​​/​o​s​f​​.​i​​o​/​g​​b​x​j​m​​/​?​v​​i​e​
w​​_​o​n​​l​y​=​​1​9​b​1​​9​b​​9​a​e​​7​f​c​4​​7​c​1​​a​d​7​​e​5​0​7​0​5​8​f​3​a​2​4​f.

Fig. 1  Conceptual model of the relationships between explanation 
scope, visual attention, modality, and user outcomes. Note: The model 
illustrates how explanation scope (i.e., local, global, joint) and modal-

ity (i.e., text-only vs. text + graphic) influence perceived and objective 
understanding, trust, and attitude toward the RS, with visual attention 
(fixation duration) as a mediating mechanism
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an online random name generator3; and (3) titles, genres, 
release dates, durations, and ranks were randomly created 
by the researcher.

Seven versions of the website were created, corresponding 
to the seven experimental conditions. All versions featured 
the same set of twelve movies with identical base informa-
tion. The only differences lay in the scope and modality of 
the recommendation explanations. These explanations were 
fictional but inspired by real-world recommender systems. 
Screenshots and full versions of the websites are provided 
in Supplementary Appendix B, with an example shown in 
Fig. 2.

3.3.1  Scope of Explanations

Participants in the control group received no explanations. In 
contrast, experimental groups were exposed to explanations 
with varying scopes. Two groups saw local explanations, 
which described why specific movies were recommended 
(e.g., “This movie is recommended to you because it is 82% 
similar to the movies you watched on this platform…”). Two 
other groups received global explanations, which explained 
how the recommender system works in general (e.g., “We 
applied AI algorithms that automatically compares the fea-
ture of the movies with your profile data…”). The remaining 
two groups were exposed to joint explanations, consisting of 
both local and global explanations. To ensure that potential 
differences in information load did not confound the effects 
of explanation scope, we compared the explanation texts in 
length, sentence structure, and readability (see Supplemen-
tary Appendix B). The stimuli were highly comparable in 
complexity, with only the joint explanations being longer 
due to their combined content.

3   Via ​h​t​t​p​s​:​​​/​​/​w​w​​w​.​b​​e​h​i​​n​d​t​​h​e​n​a​​m​​e​​.​c​​o​m​/​r​a​n​d​o​m​/.

Participants were instructed to complete a decision-
making task on a mock movie recommendation website tai-
lored to their assigned condition. Their task was to choose 
a movie for their friend, Joe, using his active account. They 
were told that although they had no knowledge of Joe’s 
preferences, he had been using the website—powered by 
a recommender system—for some time. During this task, 
their eye movements were recorded using a Tobii Pro eye-
tracker at a sampling rate of 60 Hz. Further details on the 
experimental procedure and technical setup are provided in 
Supplementary Appendix G.

Following the experiment was a questionnaire consisting 
of three sections. First, we asked participants about the task 
they had completed. The second section included measures 
of the outcome variables and manipulation check items. In 
the final section, we gathered data on participants’ privacy 
concerns, AI-related skills, and demographic information, 
including age, gender, education level, and country of birth. 
At the end of the survey, a debriefing letter was presented, 
informing participants about the true purpose of the study 
and disclosing the fictional nature of the movie website.

3.3  Stimuli Material

For this study, we developed a mock movie recommenda-
tion website titled Best Movie for You, containing twelve 
fictional movie recommendations. Each movie included 
basic information—poster, title, genre, release date, dura-
tion, cast, and rating—along with an explanation of why it 
was recommended. The stimuli were fabricated as follows: 
(1) movie posters were AI-generated2 based on thematic 
prompts (e.g., “couple in love” for romance films); (2) 
names of directors, writers, and actors were created using 

2   Via https://www.dall-efree.com/.

Fig. 2  An example of Stimulus 
(Joint explanation with visualiza-
tion). Note. Example of the mock 
movie-recommendation interface 
(Best Movie for You) used in 
the experiment. For full versions 
of the stimuli across all seven 
conditions, see Supplementary 
Appendix B
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all final website versions are provided in Supplementary 
Appendix B.

3.4  Measures

See Supplementary Appendix A for the full scales for all 
measurements.

3.4.1  Mediator: Visual Attention

Participants’ visual attention to the explanation elements on 
the website was recorded using a Tobii eye tracker. Fixation 
duration (in seconds) was measured for a set of predefined 
Areas of Interest (AOIs), which varied by experimental con-
dition. Specifically, each AOI corresponded to the specific 
location of the explanation on the webpage—whether local, 
global, or joint explanations—and included both textual and 
graphical elements where applicable (see Table 1 below for 
a breakdown of AOIs and average fixation durations).

Fixation duration was computed as the total time a partic-
ipant’s gaze remained within the AOIs during the task. On 
average, across experimental conditions, participants spent 
49.05 s viewing the explanation content (SD = 39.61), with 
durations ranging from 1.92 to 244.02 s. Given the large 
variability in viewing times, fixation duration was stan-
dardized using z-scores for use in the subsequent analyses. 
Note that the control group did not receive any explanation 
and therefore had no relevant Areas of Interest (AOIs) for 
visual attention; as such, participants in the control group 
were excluded from mediation analyses involving visual 
attention.

3.4.2  Dependent Variables

Understandability of the RS  Participants’ understandability 
of the RS was measured by users perceived and objective 
understanding of the explanations. Perceived understanding 

3.3.2  Modality

Within each explanation scope, modality varied. One group 
per scope received text-only explanations, while the other 
received text with graphics. For global explanations, graph-
ics included a flowchart illustrating the RS’s decision logic. 
For local explanations, visuals depicted the numeric rea-
soning behind the recommendations. This resulted in three 
experimental groups with text-only explanations and three 
with combined text-and-graphic explanations.

3.3.3  Pre-Testing the Stimuli Materials

To evaluate the clarity and effectiveness of the stimulus 
materials, we conducted an online pre-test with 62 under-
graduate students. Participants were randomly assigned to 
one of four groups, each viewing a different version of the 
movie website featuring variations in explanation scope 
(i.e., local vs. joint) and modality (i.e., text-only or text 
with illustrations). The pre-test aimed to assess participants’ 
recognition of the experimental manipulations, the compre-
hensibility of the explanations and figures, and the overall 
clarity of the website content.

Results indicated that 38.7% of participants struggled 
to recognize the type of explanation they had received and 
to understand the intended purpose of the explanations and 
visual elements. Based on this feedback, we refined the 
wording of the explanations and improved the accompa-
nying graphics to enhance clarity. This refinement focused 
on standardizing clarity and readability across explanation 
types rather than optimizing their perceived helpfulness, 
ensuring that the pre-test did not bias subsequent compari-
sons with the control condition. Additionally, we revised the 
experimental design for the main study by incorporating a 
control group and two additional experimental groups fea-
turing global explanations (text-only and text with illustra-
tions). Detailed results of the pre-test and screenshots of 

Global explanation Local explanation Total visual atten-
tion on explanation 
content (Accumu-
lated duration)

Text Illustrations Text Illustrations

Group 1 (Local + Text) N\A N\A 41.93 
(26.07)

N\A 41.93 (26.07)

Group 2 
(Local + Illustrations)

N\A N\A 43.56 
(26.90)

12.70 (6.29) 56.26 (30.48)

Group 3 (Global + Text) 36.58 (34.09) N\A N\A N\A 36.58 (34.09)
Group 4 
(Global + Illustrations)

43.42 (24.55) 8.67 (11.49) N\A N\A 52.09 (30.86)

Group 5 (Joint + Text) 44.20 (21.72) N\A 28.89 
(19.20)

N\A 73.09 (32.66)

Group 6 
(Joint + Illustration)

32.85 (28.29) 5.41 (6.97) 33.28 
(18.18)

10.35 (7.76) 81.89 (45.65)

Group 7 (no explanation) N\A N\A N\A N\A N\A

Table 1  Mean fixation duration 
on explanation components by 
group (in seconds)
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(7). Sample items included: “I recognize when a website 
or app uses AI to adjust the content to me”. An average 
score across the six items was computed to indicate partici-
pants’ self-reported AI skills (Cronbach’s α = 0.78; M = 4.47, 
SD = 1.10).

3.5  Analytical Strategy

3.5.1  MANOVA

To test H1 and H2, a multivariate analysis of variance 
(MANOVA) was conducted to examine the effects of expla-
nation presence and scope on four dependent variables: per-
ceived understanding, objective understanding, trust, and 
attitudes toward the RS.

3.5.2  SEM

To address RQ1 and RQ2, which concern the mediating 
role of visual attention and the moderating role of modal-
ity, a single moderated mediation model was estimated 
using structural equation modeling (SEM) in the lavaan 
package in R (Rosseel, 2012). The model included two 
dummy-coded variables for explanation scope (with joint 
explanation as the reference group4), a continuous medi-
ator, visual attention (i.e., standardized fixation duration 
on explanations), and four outcome variables. Modality 
(text-only vs. text with graphics) was modeled as a cat-
egorical moderator using a multi-group SEM approach 
(Kline, 2023). This allowed for the estimation of group-
specific path coefficients to test both the indirect effects 
of explanation scope on outcomes via visual attention 
(RQ1) and whether these effects differed by modality 
(RQ2).

All paths from explanation scope to the mediator, and 
from the mediator to the outcomes, were estimated simulta-
neously, with residual covariances freely estimated among 
the outcome variables. Model estimation employed maxi-
mum likelihood with 5,000 bootstrapped samples to obtain 
robust standard errors and confidence intervals. Model fit 
was evaluated using conventional criteria: a non-significant 
chi-square test, RMSEA < 0.05, SRMR < 0.08, and CFI/
TLI > 0.95 (Bentler & Bonett, 1980; Kline, 2018). To for-
mally test whether path coefficients differed across modal-
ity groups, Wald chi-square tests were conducted following 
SEM estimation. These tests evaluated moderation effects 
on specific direct and indirect pathways specified in the 
model.

4   A Wald test was added afterwards to compare local vs. global 
explanations.

was measured using four items adapted from Choi et al. 
(2014), such as “I understand how this recommender sys-
tem works”. Responses were collected on a 7-point Likert 
scale ranging from 1 (Completely disagree) to 7 (Com-
pletely agree). The four items were averaged to form a com-
posite perceived understanding score (Cronbach’s α = 0.83; 
M = 4.96, SD = 1.31).
Objective understanding was measured using seven factual 
statements about how the RS operates (e.g., “This recom-
mender system makes recommendations automatically”). 
The items were inspired by prior work on algorithmic trans-
parency and user comprehension (Eiband et al., 2019; Kizil-
cec, 2016). Participants were asked to judge each statement 
as Correct (1), Incorrect (0), or I don’t know (2). For scoring 
purposes, only factually correct responses were coded as 
1; both incorrect and “I don’t know” responses were coded 
as 0. A sum score was calculated to represent each partici-
pant’s objective understanding of the RS, ranging from 0 to 
7 (M = 5.41, SD = 1.39).

Trust in the RS  Trust in the RS was measured using four 
items on a 7-point semantic differential scale. Participants 
were asked to evaluate the recommender system on pairs 
of opposing adjectives, such as ‘Not trustworthy’ (1) or 
‘Trustworthy’ (7). The scale was adapted from Pu, Chen 
& Hu (2011) and Schepman and Rodway (2020). An aver-
age score across the four items was computed to represent 
participants’ trust in the RS (Cronbach’s α = 0.86; M = 4.72, 
SD = 1.05).

Attitudes toward the RS  Attitudes toward the RS were 
measured using three 7-point semantic differential items: 
Bad - Good, Not enjoyable - Enjoyable, and Not pleas-
ant - Pleasant. Participants were asked to rate their over-
all impression of the RS on each dimension. This approach 
follows the semantic differential method commonly used to 
assess affective responses to technology systems (Verhagen 
et al., 2015). An average score was calculated across the 
three items to represent participants’ attitudes toward the 
system (Cronbach’s α = 0.86; M = 4.93, SD = 1.16).

3.4.3  Control Variables

Privacy Concern  Privacy concern (M = 4.65, SD = 1.52) was 
measured with a single item: “In general, to what extent are 
you concerned about your privacy when you are online?” 
Participants responded on a 7-point scale ranging from “Not 
concerned” (1) to “Very concerned” (7).

AI Skills  AI skills were measured using six items adapted 
from Vries et al. (2025), rated on a 7-point Likert scale 
ranging from “Strongly disagree” (1) to “Strongly agree” 
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N = 277) = 41.40, p <.001. Among those exposed to text-and-
graphic explanations, 79.2% correctly identified the visu-
alized modality. In contrast, only 47.1% of participants in 
text-only conditions correctly recognized that no graphics 
were used. This indicates that the manipulation of modal-
ity was generally effective, particularly for the visualized 
conditions.

4.2.4  Overall Recognition

As an additional check, participants were asked to select the 
screenshot that captured the website they had viewed. The 
vast majority (85.20%) selected the correct version corre-
sponding to their assigned condition, and a chi-square test 
confirmed significant variation across conditions, χ²(36, 
N = 277) = 1165.43, p <.001, further supporting the success 
of the experimental manipulations.

4.3  Hypothesis Tests

To test our hypotheses about the effect of explanation scope 
on outcome variables, a multivariate analysis of variance 
(MANOVA) was conducted with explanation scope (i.e., no 
vs. local vs. global vs. joint) as the independent variable and 
four dependent variables: perceived understanding, objec-
tive understanding, trust, and attitudes toward the RS. The 
four outcome variables were moderately intercorrelated, 
with correlations ranging from r =.34 to r =.61, supporting 
the use of MANOVA.

MANOVA revealed a significant multivariate effect 
of explanation scope on four outcome variables, Pillai’s 
Trace5 = 0.153, F(4, 272) = 12.24, p <.001. Follow-up uni-
variate analyses6 indicated significant effects of explana-
tion scope on participants’ perceived understanding (F(3, 
122.88) = 15.43, p <.001, η² = 0.15), objective understand-
ing (F(3, 118.37) = 4.89, p =.003, η² = 0.06), trust (F(3, 
120.78) = 6.25, p <.001, η² = 0.06) and attitudes (F(3, 
122.16) = 3.58, p =.016, η² = 0.04) toward the RS.

Follow-up Games–Howell post hoc7 tests revealed a 
consistent trend across four outcome variables, with mean 
scores generally increasing in the following order: no 

5   Assumption checks revealed violations of multivariate normality 
(HZ = 2.79, p <.001) and homogeneity of covariance matrices (Box’s 
M: χ²(30) = 78.23, p <.001). Pillai’s trace was used as it is more robust 
to such violations.
6   Prior to ANOVAs, Shapiro–Wilk tests indicated violations of nor-
mality for several groups, and Levene’s tests revealed unequal vari-
ances for some outcome variables. See Supplementary Appendix D for 
the detailed assumption check results. Accordingly, Welch’s ANOVA 
and Games–Howell post hoc tests were used where appropriate to 
ensure robust results.
7   Applied due to non-normality and unequal variances for certain 
variables. See Supplementary Appendix D.

4  Results

4.1  Randomization Check

To assess the success of random assignments, we con-
ducted chi-square tests and ANOVAs across the seven 
experimental groups. Results indicated no significant group 
differences in gender distribution (χ2 (6, N = 277) = 2.42, 
p =.877), age (F (6, 270) = 0.74, p =.616), education level 
(χ2 (12, N = 277) = 14.05, p =.297), privacy concern (F 
(6, 270) = 1.19, p =.313), or self-reported AI skills (F (6, 
270) = 0.30, p =.935), indicating successful randomization.

4.2  Manipulation Check

To evaluate the effectiveness of our experimental manipula-
tions, participants completed three manipulation check ques-
tions assessing participants’ recognition of (1) the presence of 
explanations, (2) the scope of the explanations (i.e., local, global, 
or joint explanations), and (3) the modality of the explanations 
(i.e., text-only vs. text with graphics). The exact questions and 
answer categories are provided in Supplementary Appendix C.

4.2.1  Presence of Explanations

A chi-square test revealed a significant difference between 
experimental and control groups regarding participants’ 
recognition of whether explanations were present on the 
website, χ²(1, N = 277) = 134.14, p <.001. Notably, 17.6% 
of participants in experimental conditions failed to recog-
nize the presence of explanations, whereas all participants 
in the control group correctly indicated that no explanations 
were provided. These results suggest that the manipulation 
regarding explanation presence was largely successful.

4.2.2  Scope of Explanations

Among the experimental groups, participants’ recognition 
of the explanation scope (i.e., local, global, or joint) also 
differed significantly by condition, χ²(12, N = 277) = 111.20, 
p <.001. Specifically, 88.1% of participants exposed to 
global explanations correctly identified the explanation 
type, compared to 47.5% in the local explanation conditions 
and 53.1% in the joint explanation conditions. These results 
indicate that while recognition of global explanations was 
high, local and joint explanation manipulations were some-
what less salient.

4.2.3  Modality of Explanations

A significant difference was also observed in participants’ 
ability to recognize the modality of the explanations, χ²(6, 
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Overall, the results show that joint explanations con-
sistently led to better outcomes across all four dependent 
variables when compared to no explanations condition. 
However, the effects of global and local explanations did 
not significantly differ from the no explanation condition, 
nor from each other, regarding user objective understanding, 
trust, and attitudes toward the RS. Therefore, although the 
observed trends align with our hypotheses—namely, that no 
explanations condition perform worst (H1) and joint expla-
nations perform best (H2) —only the differences between 
joint and no explanation condition were consistently signifi-
cant. Thus, H1 and H2 are only partially supported. Figure 3 
below illustrates the trends and the differences.

Robustness check for scoring of objective understand-
ing  Since “I don’t know” responses may indicate lack of 
confidence rather than misunderstanding, we re-analyzed 
objective understanding using alternative scoring schemes. 
Specifically, we assigned partial (0.5) or full (1.0) credit to “I 
don’t know” answers to test the stability of results. The pattern 
of differences across explanation scopes remained unchanged, 
F(2, 153) = 3.96, p =.021, with higher understanding for joint 
explanations than for local explanations (see Supplementary 
Appendix E2). These findings confirm that the main effects 
are robust to alternative scoring choices.

4.4  Research Questions

The just-identified mediation model addressing RQ1 did not 
yield global fit indices (χ² = 0, df = 0), which is acceptable 
given the model’s purpose of decomposing total effects into 
direct and indirect components. The moderated mediation 
model addressing RQ2 extended the same structure using a 
multi-group SEM. It demonstrated acceptable fit: χ²(4) = 5.31, 
p =.257, CFI = 0.995, TLI = 0.951, RMSEA = 0.052, and 
SRMR = 0.019. The model explained between 1.3% and 
21.7% of the variance in outcome variables, with generally 
higher explained variance in the text-only condition. See 
Supplementary Appendix F for detailed subgroup results. To 
ensure robustness, models were estimated using robust maxi-
mum likelihood (MLR) with 5,000 bootstrapped samples, 
which reduces sensitivity to non-normality and small devia-
tions from linearity. We assumed linear relationships among 
variables, consistent with SEM practice, and verified that 
residual correlations and multicollinearity remained within 
acceptable bounds. All mediation paths were theory-driven, 
minimizing the likelihood of omitted confounders.

4.4.1  RQ1: Visual Attention

The SEM results revealed indirect effects of explanations scope 
on both perceived understanding (βjoint vs. global = 0.07, SE = 0.08, 

explanation, global explanation, local explanation, and joint 
explanation condition. see Table 2 below for the overview 
of condition means.

Regarding the perceived understanding of the RS, par-
ticipants exposed to no explanations (M = 3.94, SD = 1.34) 
scored significantly lower than those in all other condi-
tions. Mdif global vs. no = 0.76, p =.018, 95% CI [0.24, 1.30]; 
Mdif local vs. no = 1.19, p <.001, 95% CI [0.71, 1.69]; Mdif 
joint vs. no = 1.57, p <.001, 95% CI [1.09, 2.03]. H1a is sup-
ported. Furthermore, participants exposed to joint expla-
nations (M = 5.51, SD = 1.03) reported significantly higher 
perceived understanding than those exposed to global 
explanations (M = 4.70, SD = 1.40), Mdif joint vs. global = 0.80, 
p <.001, 95% CI [0.43, 1.19]. H2a is partly supported. For 
objective understanding, participants exposed to no expla-
nations (M = 4.76, SD = 1.85) scored significantly lower than 
those exposed to joint explanations (M = 5.80, SD = 1.02). 
Mdif joint vs. no = 1.04, p =.013, 95% CI [0.43, 1.68]. Both 
H1b and H2b are partly supported.

Similar patterns were observed for trust and attitudes 
toward the RS. Participants exposed to joint explanations 
(M = 5.02, SD = 0.75) reported significantly higher trust than 
those with no explanation (M = 4.19, SD = 1.15), Mdif = 0.83, 
p =.001, 95% CI [0.44, 1.22]. Similarly, participants in the 
joint condition (M = 5.22, SD = 1.01) also scored higher in 
attitudes toward the RS than those exposed to no explana-
tions (M = 4.46, SD = 1.36), Mdif = 0.75, p =.022, 95% CI 
[0.28, 1.23]. These results offer partial support for H1c, 
H1d, H2c, and H2d.

For robustness, all pairwise comparisons were adjusted 
for multiple testing using the false discovery rate (FDR) 
procedure (Benjamini & Hochberg, 1995). After correction, 
the effects of joint explanations on perceived understand-
ing, objective understanding, and trust remained statistically 
significant (all pFDR < 0.05). Several additional contrasts, 
such as global vs. no explanation and joint vs. local were 
marginally significant (0.05 < pFDR < 0.10) but directionally 
consistent with the main pattern. The overall trend of the 
results thus remained robust, confirming that the key find-
ings are not driven by multiple-comparison inflation.

Table 2  Descriptive statistics and comparisons of user responses
Dependent 
variable

No 
explanation

Global 
explanation

Local 
explanation

Joint 
explanation

Perceived 
Under-
standing

3.94 (1.34)a 4.7 (1.40)b 5.13 
(1.13)bc

5.51 
(1.03)c

Objective 
Under-
standing

4.76 (1.85)a 5.29 
(1.50)ab

5.43 
(1.24)ab

5.80 
(1.02)b

Trust in RS 4.19 (1.15)a 4.64 
(1.19)ab

4.76 
(1.02)ab

5.02 
(0.75)b

Attitudes 
toward RS

4.46 (1.36)a 4.88 
(1.09)ab

4.9 (1.21)ab 5.22 
(1.01)b
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global or local explanations for all outcomes, the media-
tion model after accounting for visual attention showed that 
joint explanations had significant overall positive effects.

Specifically, compared to global and local explanations, 
joint explanations significantly improved perceived under-
standing (βjoint vs. global = 0.31, SE = 0.19, z = 4.14, p <.001; 
βjoint vs. local = 0.14, SE = 0.17, z = 2.51, p =.029) and objec-
tive understanding (βjoint vs. global = 0.19, SE = 0.20, z = 2.518, 
p =.012; βjoint vs. local = 0.14, SE = 0.18, z = 2.12, p =.034). Fur-
ther, joint explanation had a significant total effect on trust 
(βjoint vs. global = 0.18, SE = 0.16, z = 2.40, p =.017) and atti-
tude toward the RS (βjoint vs. global = 0.14, SE = 0.17, z = 2.04, 
p =.041) when compared to global explanations, but not to 
local explanations. See Table 3 below for a summary of sig-
nificant direct and indirect effects.

Overall, we found that visual attention fully mediated the 
effect of joint explanations on users’ objective understand-
ing of the recommender system, compared to both local and 
global explanations. For perceived understanding, visual 
attention partially mediated the effect of joint explanations 
compared to global explanations, and fully mediated the 
effect compared to local explanations. Figure 4 below visu-
alizes the mediation results. See Supplementary Appendix F 
for detailed results.

z = 2.43, p =.015; βjoint vs. local = 0.06, SE = 0.07, z = 2.30, 
p =.021) and objective understanding (βjoint vs. global = 0.07, 
SE = 0.09, z = 2.19, p =.029; βjoint vs. local = 0.06, SE = 0.07, 
z = 2.23, p =.026) via visual attention were significant. The 
SEM revealed a mediation pathway that joint explana-
tions (M = 77.44, SD = 39.61) gained significantly more 
visual attention than global (M = 44.34, SD = 33.23) or local 
(M = 49.09, SD = 29.09) explanations (βjoint vs. global = 0.42, 
SE = 0.14, z = 5.75, p <.001; βjoint vs. local = 0.36, SE = 0.14, 
z = 5.19, p <.001), which in turn, predicated better objective 
understanding of the RS (β = 0.17, SE = 0.09, z = 2.53, p =.011) 
and perceived understanding of the RS (β = 0.17, SE = 0.10, 
z = 2.30, p =.022). However, no significant indirect effects or 
mediation paths were found for trust or attitude. Furthermore, 
a Wald test comparing local and global explanations across 
indirect effects and mediation paths on all outcome variables 
revealed no statistically significant differences.

Moreover, consistent with the MANOVA results, the 
SEM results revealed direct effect of joint explanation on 
user perceived understanding (βjoint vs. global = 0.23, SE = 0.20, 
z = 3.11, p =.002) and trust (βjoint vs. global = 0.15, SE = 0.16, 
z = 1.96, p =.050), compared to global explanation. In terms 
of total effects, although the MANOVA did not reveal sig-
nificant differences between joint explanations and either 

Fig. 3  Mean scores of outcome variables across explanation conditions. Note:* indicate statistically significant pairwise differences (*p<.05, **p 
<.01, ***p <.001)
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between explanation scope and user outcomes. The multi-
group structural equation model and Wald chi-square tests 
revealed that modality significantly moderated the direct effect 
of explanation scope on objective understanding (χ²(2) = 7.72, 

4.4.2  RQ2: Explanation Modality

To examine RQ2, we tested whether explanation modality (i.e., 
text-only vs. text with illustrations) moderated the relationship 

Table 3  Summary of direct, indirect, and total effects of explanation scope on user outcomes
Outcome variable Comparison group Type of effect β SE z p 95%CI
Perceived Understanding Joint vs. Global Direct 0.23 0.20 3.11 0.002 [−0.16, 0.62]

Indirect 0.07 0.08 2.43 0.015 [−0.09, 0.23]
Total 0.31 0.19 4.14 0.000 [−0.06, 0.68]

Joint vs. Local Indirect 0.06 0.07 2.30 0.021 [−0.08, 0.20]
Total 0.14 0.17 2.18 0.029 [−0.19, 0.47]

Objective Understanding Joint vs. Global Indirect 0.07 0.09 2.19 0.029 [−0.11, 0.25]
Total 0.19 0.20 2.51 0.012 [−0.20, 0.58]

Joint vs. Local Indirect 0.06 0.07 2.23 0.026 [−0.08, 0.20]
Total 0.14 0.18 2.12 0.034 [−0.21, 0.49]

Trust in the RS Joint vs. Global Direct 0.15 0.16 1.96 0.050 [−0.16, 0.46]
Total 0.18 0.16 2.39 0.017 [−0.13, 0.49]

Attitude toward the RS Joint vs. Global Total 0.14 0.17 2.04 0.041 [−0.19, 0.47]

Fig. 4  Structural equation model testing the effect of explanation 
scope on user outcomes. Note. Solid arrows indicate significant paths 
(p ≤.05); dashed arrows indicate non-significant paths. Standardized 
coefficients (β) are shown only for significant effects. Double-headed 
curved arrows depict residual correlations (r) between outcome vari-

ables. The chi-square value reflects a Wald test of joint parameter sig-
nificance; non-significant results (p >.05) are omitted. Asterisks denote 
significance: p ≤.05 = *, p <.01 = **, p <.001 = ***, no asterisk = p 
=.050
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Finally, the results showed that modality did not signifi-
cantly moderate the effect of explanation scope on visual 
attention, indicating that the pattern of visual attention influ-
enced by explanation scope remained consistent regardless 
of the modality format. The overall mediation and modera-
tion results are summarized in Fig. 6.

4.4.3  Robust Tests

To verify the stability of the main results, two additional 
analyses were conducted (see Appendices F3–F4 for details). 
An exploratory mediation model including fixation count, 
AOI diversity, and AOI balance confirmed that fixation 
duration was the only meaningful mediator linking expla-
nation scope to users’ perceived and objective understand-
ing, whereas none of the additional gaze measures mediated 
any relationship between explanation scope and the four 
user outcomes. A second analysis examined whether modal-
ity affected attention allocation and found that graphics 
increased the overall amount of visual attention but did not 
enhance its distribution or predictive value for any outcome. 
Together, these results indicate that explanation effects on 
users’ understanding of the system depend primarily on sus-
tained visual engagement, whereas affective evaluations are 
shaped by processes beyond visual attention.

p =.021), trust (χ²(2) = 6.68, p =.035), and attitude (χ²(2) = 9.10, 
p =.011) toward the RS, but not on perceived understanding of 
the RS. Figure 5 below visualizes these interactions.

Specifically, when explanations were text-only, joint 
explanations significantly outperformed global explana-
tions in terms of participants’ perceived understanding 
(βjoint vs. global = 0.33, SE = 0.29, z = 3.10, p =.002), objective 
understanding of the RS (βjoint vs. global = 0.28, SE = 0.31, 
z = 2.54, p =.011), and trust in the RS (βjoint vs. global = 0.34, 
SE = 0.23, z = 3.04, p =.002). Joint explanations also led 
to more positive attitudes toward the RS than both global 
(βjoint vs. global = 0.34, SE = 0.25, z = 3.16, p =.002) and local 
explanations (βjoint vs. local = 0.19, SE = 0.22, z = 1.96, p =.050). 
Additionally, Wald tests comparing text-only global and 
local explanations showed that local explanations resulted 
in higher perceived understanding (χ²(1) = 4.02, p =.045), 
objective understanding (χ²(1) = 4.50, p =.034), and trust 
(χ²(1) = 4.14, p =.042) in the RS than global explanations.

However, these effects were not observed when text 
explanations were accompanied by graphic illustrations. 
Moreover, although not statistically significant, the trend 
suggested that global explanations led to slightly more trust 
and positive attitudes toward the RS than joint and local 
explanations. Table 4 below presents the means and stan-
dard deviations for each condition.

Fig. 5  Interaction between explanation scopes and modality on user outcomes
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duration on explanation content) and moderated by modal-
ity (i.e., text-only vs. text with graphical illustrations).

We found that joint explanations outperformed no-
explanation conditions across all measured outcomes. 
Users who received joint explanations demonstrated 
greater perceived and objective understanding of the RS 
and expressed more trust and favorable attitudes. How-
ever, when directly compared with local and global 
explanations, joint explanations did not consistently yield 
superior results across all outcomes, highlighting the 
importance of examining the mechanisms through which 
explanations affect users.

By introducing eye-tracking technology, we found that 
joint explanations attracted significantly more visual atten-
tion than either local or global explanations alone. This 
increased attention, in turn, led to better perceived under-
standing and objective understanding of the RS. These find-
ings align with Cognitive Load Theory (Sweller, 1988), 
which suggests that complex content demands greater cog-
nitive resources, and the Eye–Mind Hypothesis (Just & Car-
penter, 1980), which posits a close link between gaze and 
cognitive processing. This mediation pattern helps explain 
why joint explanations did not consistently outperform 
simpler formats: attention serves as a critical intermediary 
shaping users’ understanding of the RS.

Interestingly, while visual attention mediated the effect of 
explanation scope on cognitive outcomes, it did not medi-
ate affective outcomes such as trust and attitudes toward 

5  Discussion

5.1  Conclusion

This study examined how the scope of explanation (i.e., 
local, global, joint) influences users’ perceived understand-
ing, objective understanding, trust, and attitudes toward 
a recommender system (RS). It also examined how these 
effects are mediated by visual attention (i.e., fixation 

Table 4  Descriptive statistics by explanation scope and modality
Global 
explanation

Local 
explanation

Joint 
explanation

Text-only
Perceived 
Understanding

4.33 (1.44)a 4.93 (1.05)b 5.42 (1.13)b

Objective 
Understanding

4.90 (1.71)a 5.58 (1.01)b 5.88 (0.98)b

Trust in the RS 4.35 (1.25)a 4.84 (0.82)b 5.12 (0.63)b

Attitudes toward 
the RS

4.59 (1.16)a 4.93 (1.04)ab 5.41 (0.87)b

Text with 
illustrations
Perceived 
Understanding

5.08 (1.27)a 5.34 (1.19)a 5.59 (0.94)a

Objective 
Understanding

5.69 (1.13)a 5.28 (1.43)a 5.73 (1.06)a

Trust in the RS 4.94 (1.06)a 4.69 (1.19)a 4.92 (0.86)a

Attitudes toward 
the RS

5.17 (0.88)a 4.88 (1.37)a 5.03 (1.12)a

Fig. 6  Structural equation models by modality condition: Text-only vs. 
Text with graphic illustrations. Note. Solid arrows indicate significant 
paths (p ≤.05); dashed arrows indicate non-significant paths. Standard-
ized coefficients (β) are shown only for significant effects. Double-
headed curved arrows depict residual correlations (r) between outcome 

variables. The chi-square value reflects a Wald test of joint parameter 
significance; non-significant results (p >.05) are omitted. Asterisks 
denote significance: p ≤.05 = *, p <.01 = **, p <.001 = ***, no asterisk 
= p =.050
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2011; Petty & Cacioppo, 1986) and suggests that under-
standing depends on deliberate, attention-intensive pro-
cessing (System 2), whereas trust and attitudes may arise 
through heuristic pathways (System 1) that are less tightly 
coupled with gaze behavior.

Third, the study challenges assumptions within Multi-
media Learning Theory (Mayer, 2005) by showing that the 
addition of graphical elements does not uniformly enhance 
user outcomes. Instead, the effectiveness of visual modality 
appears contingent on alignment with explanation complex-
ity and user needs. Robust tests revealed that while visuals 
increased the overall amount of attention devoted to expla-
nations, they also dispersed gaze across elements, consistent 
with the split-attention effect described in cognitive load 
theory (Sweller, 1988, 2011). In graphic conditions, expla-
nation scope systematically shifted the balance between 
textual and visual focus, yet this balance did not predict 
objective understanding, suggesting a misalignment rather 
than a general benefit of visuals. Poorly integrated visuals 
may introduce extraneous cognitive load (Mayer & Moreno, 
2003), underscoring the need for careful design of multi-
modal explanations rather than assuming additive benefits. 
Future work could explore adaptive explanation interfaces 
that tailor modality to users’ cognitive preferences.

Finally, by combining eye-tracking data with structural 
equation modeling, the study offers a methodological con-
tribution to XAI research. This approach not only identifies 
what users attend to, but also quantifies how attention allo-
cation translates into cognitive and evaluative outcomes. 
As such, it provides a blueprint for future human-centric 
investigations into explanation effectiveness, emphasizing 
the active role of users in engaging with and interpreting 
algorithmic systems.

5.3  Practical Implications

This study offers several insights for the development of 
human-centric AI systems. First, explanation scope matters. 
Designers should consider implementing joint explanations 
that offer both local (instance-level) and global (system-
level) insights. Such formats support more complete mental 
models and result in better user comprehension and trust. 
Layered or expandable explanation formats may provide a 
scalable solution that supports different user needs without 
overwhelming cognitive resources.

Second, modality should be context sensitive. The inclu-
sion of visuals did not universally enhance effectiveness 
and may even reduce clarity when poorly aligned with text. 
This underscores the need for modality–content alignment. 
Designers might enable user toggles between text-only and 
multimodal formats, or dynamically adapt modality based 
on user engagement patterns or cognitive profiles.

the RS. However, the strong correlations observed between 
understanding and evaluation measures suggest these con-
structs may still be functionally interrelated. Future stud-
ies could explore a possible cognitive-to-affective pathway, 
wherein enhanced understanding promotes trust and accep-
tance, a proposition supported by sequential appraisal and 
trust theories (e.g., Lee & See, 2004). Such work would 
further clarify the interplay between cognitive and affective 
mechanisms in explainable AI.

While explanation scope clearly shaped cognitive out-
comes, the role of modality was more complicated. Accord-
ing to Multimedia Learning Theory (Mayer, 2005), combining 
text and pictures typically enhances understanding by engag-
ing dual processing channels. However, in this study, visual 
enhancements to explanations did not consistently improve 
outcomes. In fact, when interacting with explanation scope, 
illustrated explanations sometimes reduced the effectiveness 
of joint explanations, particularly in terms of objective under-
standing, trust, and attitudes, compared to their text-only coun-
terparts. This may be due to extraneous cognitive load, visual 
clutter, or poor alignment between textual and graphical ele-
ments. From a human-centered design perspective, this chal-
lenges the assumption that more is better. Future research could 
explore how explanation designs might become more adaptive 
and user-driven, allowing users to adjust the level and modality 
of explanation to their own cognitive preferences and needs.

5.2  Theoretical Implications

This study contributes to theory in explainable AI in several 
ways. First, it advances conceptual understanding of expla-
nation scope by systematically comparing local, global, and 
joint explanations. In doing so, it extends work on mental 
model theory (Kulesza et al., 2015; Rutjes et al., 2019) by 
demonstrating how different explanation formats shape 
users’ cognitive representations of a recommender system 
(RS). Joint explanations, which integrate instance-level and 
system-level reasoning, appear particularly effective in sup-
porting comprehensive user understanding.

Second, it introduces visual attention as a core mecha-
nism linking explanation design to user comprehension, 
thereby empirically validating the assumptions of Cognitive 
Load Theory (Sweller, 1988) and the Eye–Mind Hypoth-
esis (Just & Carpenter, 1980) in the context of explainable 
RS. The observed dissociation between attention-mediated 
understanding and non-mediated trust or attitudes suggests 
that user outcomes may follow distinct cognitive and affec-
tive pathways. The robust tests of mediation via fixation 
duration across multiple models strengthen this interpreta-
tion and underscore the cognitive rather than affective role 
of visual attention in explainable recommender systems. 
This pattern resonates with dual-process theory (Kahneman, 
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engagement. It cannot capture deeper cognitive or emo-
tional processing, such as reflective thinking or emotional 
resonance. Furthermore, a substantial variance in fixation 
durations was observed, potentially due to inconsistent 
interpretations of the time limit or task instructions. Future 
studies should incorporate complementary methods, such 
as verbal protocols, physiological measures, or behavioral 
logging, to gain a fuller picture of user engagement. Stan-
dardizing time-on-task procedures or integrating attentional 
prompts may also improve comparability across studies.

Third, the current study delivered explanations as static, 
system-defined outputs, without opportunities for user 
interaction or adaptation. Moreover, the manipulation check 
showed that while most participants correctly identified the 
explanation type, some confusion occurred between local 
and joint explanations. This likely reflects conceptual over-
lap between these formats, as both combine item-specific 
cues. Future research could improve clarity by adopting 
more distinct or interactive designs such as layered explana-
tions that sequentially present global and local information 
(Ehsan et al., 2021) to ensure clearer differentiation between 
explanation scopes. One promising direction is the integra-
tion of human-in-the-loop (HITL, Rothrock & Narayanan, 
2011) frameworks, where users play an active role in shap-
ing explanation content and relevance. Although not imple-
mented in the current study, such systems could enhance 
transparency, promote agency, and support the evolving 
needs of users over time.

Additionally, a critical avenue for future work lies in 
exploring how individual user characteristics moderate the 
effects of explanation design. Preliminary evidence suggests 
that differences in AI competence and digital literacy may 
influence how users attend to and interpret explanations 
(e.g., Ahn et al.,2025). Future work should consider struc-
tural and cognitive disparities in AI literacy, as emphasized 
in recent research on AI-related vulnerabilities (Wang et al., 
2024) and examine whether tailoring explanation scope or 
modality to different competence levels improves compre-
hension and trust. Such personalized adaptation aligns with 
the broader movement toward inclusive and user-adaptive 
XAI.

Beyond these methodological considerations, this study 
points toward a broader vision for human-centered explain-
ability. As AI systems continue to shape everyday decision-
making, explanations have the potential to foster digital 
competence and promote more meaningful user engage-
ment with AI technologies. Future work can explore how 
explanations may empower users, rather than merely inform 
them, by accounting for their cognitive needs, individual 
differences, and capacity for interaction. Advancing toward 
such adaptive and participatory systems will require moving 
beyond static, one-size-fits-all designs toward longitudinal, 

Third, attention cannot be assumed. Even high-quality 
explanations are ineffective if users do not engage with 
them. Systems should incorporate attentional cues, progres-
sive disclosure, or interface features that invite exploration 
without overwhelming the user. Evaluation frameworks 
must go beyond explanation availability to assess actual 
user engagement.

Finally, these findings support a shift toward human-in-
the-loop explanation systems. Effective explainability is not 
about showing more but about offering the right explanation 
at the right moment, in the right way. Future systems should 
empower users to query, adjust, or co-create explanations 
based on their current goals and understanding, promoting 
trust, transparency, and cognitive alignment.

5.4  Limitations and Future Research

Despite its contributions, this study has several limitations 
that open important directions for future research. First, the 
experiment was conducted in a controlled laboratory envi-
ronment using a simulated movie recommender system. 
While this design ensured high internal validity, it may 
reduce ecological realism compared to commercial systems 
where explanations appear dynamically and users interact 
voluntarily. The mock interface with fabricated posters may 
have altered participants’ motivation, cognitive load, and 
trust calibration (Skulmowski & Rey, 2020). Further, the 
joint explanations were slightly longer than single-scope 
versions, potentially introducing minor differences in infor-
mation load. Future research could extend these findings 
to more naturalistic and high-stakes environments (e.g., 
healthcare, finance), and to longitudinal contexts where 
users repeatedly interact with adaptive systems, thereby 
combining experimental control with ecological realism.

Moreover, the sample was composed primarily of young, 
highly educated female participants from Western Europe, 
which may constrain the external validity of the findings. 
Prior research shows that age, digital literacy, and cultural 
context can influence how users perceive algorithmic trans-
parency and trust (Dang & Li, 2025; Wardatzky et al., 2024). 
Younger, digitally proficient users tend to exhibit greater 
familiarity with recommender systems (e.g., Van Deursen 
& Van Dijk, 2019), which can shape both understanding and 
perception of AI. Cross-cultural research further suggests 
that trust and perceived transparency vary with cultural con-
text and technology norms (e.g., Dang & Li, 2025). Accord-
ingly, future studies should examine whether explanation 
effects hold among more demographically and culturally 
diverse user groups, and in applied environments where AI 
competence and trust baselines differ.

Second, although eye-tracking enabled precise measure-
ment of visual attention, it offers only a partial view of user 
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