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ABSTRACT
Received: User trust in artificial intelligence (Al) is shaped by a complex interaction of
12 Desember 2025 cognitive and experiential factors, yet empirical evidence regarding how
these psychological determinants jointly predict trust remains limited. This
Revised: study examines psychological predictors of user trust in Al using secondary
18 Mei 2026 data obtained from a publicly available Kaggle dataset involving 6,678

participants. Five psychological predictors cognitive load, trust history, prior
Al exposure, time pressure, and cultural factors were analyzed using
correlational and multiple regression techniques. The findings indicate that
trust history was the strongest positive predictor of user trust (f = .485, p <
.001), whereas cognitive load significantly reduced trust (B =—.151, p <.001).
Other predictors did not demonstrate statistically significant independent
effects within the present model. The regression model explained 25.7% of
the variance in trust scores, indicating moderate explanatory power within
the analyzed dataset. These findings suggest that cognitive ease and positive
prior experiences with Al may play an important role in shaping user trust.
However, the findings should be interpreted cautiously due to the use of
secondary cross-sectional data and broad variable operationalization. This
study contributes to Human Al Interaction research by clarifying the relative
contribution of selected psychological predictors of Al trust and by offering
practical implications for the design of more reliable and user-friendly Al
systems.
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Introduction

Artificial intelligence (Al) has become deeply embedded in everyday digital interactions,
Artificial intelligence (Al) has become increasingly integrated into everyday digital activities,
influencing how individuals search for information, make decisions, access services, and complete
tasks (Pham et al., 2024). As Al systems are more widely implemented in areas such as healthcare,
finance, education, customer service, and digital platforms, user trust has emerged as a critical factor
shaping the effectiveness of Human Al Interaction (Bach et al., 2024). Trust determines whether users
accept Al recommendations, rely on automated decisions, or continue using Al-supported systems
(Glikson & Woolley, 2020). Without sufficient trust, the effectiveness and adoption of Al
technologies may be significantly reduced (McGrath et al., 2025). Consequently, understanding the
factors that influence user trust has become an important concern in Al, Human—Computer Interaction
(HCI), and UX research.

Recent studies suggest that trust in Al is influenced not only by system-level characteristics such
as accuracy, transparency, or explainability, but also by psychological and experiential factors brought
by users into the interaction process (De Freitas et al., 2023). Contemporary literature identifies
several psychological determinants associated with trust formation, including cognitive load, prior
experience, trust history, time pressure, and cultural orientation (Afroogh et al., 2024; Yang et al.,
2025). Cognitive Load Theory suggests that systems requiring excessive mental effort may reduce
perceived usability and confidence (Sweller et al., 2011), whereas experiential trust theories
emphasize that repeated positive interactions strengthen users’ expectations regarding system
reliability (Mayer et al., 1995). Previous research has also shown that situational and contextual
conditions may shape how users evaluate Al systems and determine whether they feel comfortable
relying on algorithmic recommendations (Marmolejo Ramos et al., 2024).

Despite growing interest in psychological determinants of Al trust, existing empirical findings
remain fragmented. Many previous studies focus on isolated variables, such as cognitive load alone
or prior experience independently, without comparing the relative contribution of multiple
psychological predictors within a single analytical framework (Merritt et al., 2015; Zhou et al., 2019).

In addition, several studies emphasize technological determinants of trust while paying comparatively

less attention to human-side psychological mechanisms. This creates a theoretical and empirical gap

regarding which psychological factors most strongly contribute to trust formation in Al systems.
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To address this gap, the present study examines psychological predictors of user trust in Al
using secondary data from a publicly available Kaggle dataset. Specifically, the study investigates the
contribution of cognitive load, trust history, prior Al exposure, time pressure, and cultural factors in
predicting user trust in Al. Using correlational and multiple regression analyses, this study aims to
identify which psychological variables demonstrate the strongest relationship with trust within the
analyzed dataset.

This study contributes to Human Al Interaction research by integrating multiple psychological
predictors into a single analytical framework and comparing their relative predictive influence on user
trust in Al. The findings are expected to provide practical insight for researchers, designers, and

developers in creating Al systems that are more cognitively accessible, reliable, and user-centered.

Research Methods

This study employed a quantitative cross-sectional design using secondary data obtained from
the publicly available Human Al Interaction dataset published on Kaggle by Ehtesham Malik (Malik,
2025). The dataset contains data related to user interaction with Al systems, including trust calibration,
cognitive evaluation, Al familiarity, and behavioral responses during interaction with artificial
intelligence technologies. The original data were compiled from user-based Al interaction studies

involving recommender systems, conversational agents, and decision-support tools.
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Figure 1. Variables in The Research

The study focused on examining psychological predictors of user trust in Al, specifically
cognitive_load, trust_history, prior_ai_exposure, time_pressure, and cultural_factor, with
latent_trust_score serving as the dependent variable. The dataset consisted of 6,678 valid observations
obtained from participants with diverse demographic and technological backgrounds. Inclusion
criteria were limited to cases containing complete information for all predictor variables and the
dependent variable. Cases with incomplete records, duplicated entries, inconsistent coding structures,
or missing values in core variables were excluded during the preprocessing stage to ensure analytical
consistency and reliability.

Data cleaning procedures were conducted prior to statistical analysis. The cleaning process
included checking for duplicate cases, variable harmonization, consistency verification, and screening
for outliers and incomplete observations. Missing-value treatment was performed using listwise
deletion because the proportion of missing data in the selected variables was relatively low and
incomplete cases could potentially bias regression estimation. To improve comparability across

measures originating from different source studies, several continuous variables, including

cognitive_load, trust_history, and time_pressure, were normalized into a standardized 0-1 range.
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Meanwhile, prior_ai_exposure and cultural_factor were retained as ordinal coded variables ranging
from 1 to 3 based on the original dataset categorization.

The operationalization of variables was based on the conceptual definitions provided in the
dataset documentation and associated metadata. Cognitive load referred to the perceived mental effort
experienced during Al interaction and was primarily represented through task-difficulty indicators
and cognitive workload measures. Trust history represented users’ prior positive experiences with Al
or automated systems. Prior Al exposure reflected users’ familiarity and frequency of interaction with
Al technologies. Time pressure represented perceived urgency or temporal constraints during
interaction tasks, while cultural factor referred to broad demographic or cross-national categorizations
available within the dataset. The dependent variable, latent_trust_score, represented a composite trust
indicator derived from trust ratings, reliance measures, and Al acceptance evaluations contained in
the original data source.

The research instruments consisted of psychometric scales, trust questionnaires, cognitive
workload indicators, and behavioral interaction measures used in the original studies contributing to
the dataset. Although the instruments were not directly administered by the researchers, the
operational definitions and measurement consistency of the variables were carefully evaluated to
maintain conceptual alignment across observations.

Statistical analysis was conducted in several stages using descriptive and inferential techniques.
Descriptive statistics were first employed to examine data distributions, central tendencies, and
variability. Pearson correlation analysis was then conducted to identify relationships among variables.
Multiple linear regression analysis served as the primary analytical method for examining the
predictive contribution of psychological factors toward user trust in Al. Multicollinearity diagnostics
were evaluated using Variance Inflation Factor (VIF) and tolerance values to ensure the adequacy of
the regression model. Model fit was assessed using R2, adjusted R2, and regression significance
testing. To maintain methodological consistency with the reported analyses, unsupported moderation

and interaction-effect claims were removed from the revised manuscript.
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Results

The study analyzed data from 6,678 respondents. Descriptive statistics for all variables are presented

in Table 1.

Results and Discussion

Table 1. Descriptive Statistics

Variable N || Minimum | Maximum | Mean | Std. Deviation
cognitive_load 6678 | 0.0001 0.9998 || 0.496294 | 0.2865632
trust_history 6678 | 0.0002 0.9998 || 0.495147 | 0.2885635
prior_ai_exposure | 6678 1 3 1.79 0.750
time_pressure 6678 || 0.0003 0.9997 0.500416 0.2889226
cultural_factor 6678 1 3 2.01 0.823
latent_trust_score (6678 | 38.3744 | 100.0000 | 70.368138 | 9.1150396

The variables cognitive load, trust history, and time pressure were distributed within a normalized 0—

1 range. The variables prior ai exposure and cultural factor were coded within a 1-3 range. The

dependent variable, latent trust score, had a mean score of 70.37 (SD = 9.12).

Correlation Analysis

Pearson correlation analysis was conducted to examine relationships among the study variables. The

results are presented in Table 2.

Table 2. Correlations

Variable 1 2 4 5 |6
1. cognitive load 1
2. trust history .003 1
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Variable 1 2 3| 4 | 5 |6
3. prior ai exposure |.014 .002 1 N
4 time pressure  |-025* |.002 |.008 |1 N
5. cultural factor .028* |.002 .008 |-.017 |1 N
6. latent trust score |-.149%* |.484** | 009 |[013 [.006 |1 |
*p<.05 o

**p < .01

The correlation analysis showed that trust history had a significant positive correlation with latent
trust score (r = .484, p < .001). Cognitive load demonstrated a significant negative correlation with
latent trust score (r = —.149, p < .001). The variables prior ai exposure (r = .009, p = .456), time
pressure (r=.013, p=.305), and cultural factor (r =.006, p =.638) did not show statistically significant

correlations with latent trust score.

Correlations among the independent variables were generally low (r < .03), indicating minimal

association between predictors.
Multiple Regression Analysis

Multiple linear regression analysis was conducted to examine the predictive contribution of the
psychological variables toward latent trust score. The regression coefficients are presented in Table
3.

Table 3. Regression Coefficients

Predictor B |Std. Error| Beta t Sig.
(Constant) 64.611|0.444 — 145.426/0.000
Cognitive load ||-4.788(0.336 -0.151|-14.258 |0.000

Trust history 15.315(0.333 0.485 ||45.958 ||0.000

Prior ai exposure|[0.122 0.128 0.010 ||0.949 |0.343
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Predictor B ||Std. Error| Beta t Sig.

Time pressure  0.255 {/0.333 0.008 ||0.767 |0.443

Cultural factor (0.102 |0.117 0.009 |0.869 ||0.385

Dependent Variable: latent trust score

The regression results indicated that trust history significantly predicted latent trust score (B = .485, p
<.001). Cognitive load also demonstrated a statistically significant negative effect on latent trust score
(B=-.151, p <.001).

The variables prior ai exposure (p = .343), time pressure (p = .443), and cultural factor (p = .385) did
not demonstrate statistically significant effects in the regression model.

Model Summary
The regression model summary is presented in Table 4.

Table 4. Model Summary

Model R R Square Adjusted R Square Std. Error of the Estimate

1 507 0.257 0.257 7.8574332

The regression model produced an R value of .507 and an R2 value of .257, indicating that the
independent variables explained 25.7% of the variance in latent trust score. The adjusted R? remained

stable at .257. The standard error of the estimate was 7.857.
Discussion

The findings indicate that trust history emerged as the strongest predictor of user trust in Al. This
result supports previous trust formation theories suggesting that repeated positive interactions
contribute to stronger trust development over time (Mayer et al., 1995). Consistent with Human Al

Interaction literature, prior successful experiences with automated systems may strengthen users’

expectations regarding Al reliability and performance (Hancock et al., 2011). The strong contribution
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of trust history in the present study suggests that experiential familiarity plays an important role in

shaping trust toward Al systems.

Cognitive load also demonstrated a significant negative relationship with user trust. This finding
aligns with Cognitive Load Theory, which proposes that excessive mental effort may reduce user
confidence and perceived usability (Sweller et al., 2011). Users may perceive Al systems requiring
higher cognitive effort as more difficult, less intuitive, or less reliable. Similar findings have been
reported in previous Human Computer Interaction research showing that cognitive strain may reduce

trust and acceptance of automated systems (Yang et al., 2025).

In contrast, These variables did not demonstrate statistically significant independent effects within the
present regression model. However, these findings should be interpreted cautiously because their
influence may depend on contextual conditions, measurement precision, or moderating variables not
included in the current analysis. However, these nonsignificant findings should be interpreted
cautiously. The absence of significance does not necessarily indicate that these variables are
unimportant in broader Al trust contexts. Their effects may depend on measurement precision,
contextual conditions, domain-specific interactions, or moderating variables not examined in the
current study. In particular, the cultural factor variable was operationalized using broad categorical
coding, which may not adequately capture more nuanced cultural orientations relevant to Al trust

formation.

The regression model explained 25.7% of the variance in user trust, indicating moderate explanatory
power within the analyzed dataset. In behavioral and psychological research, trust is recognized as a
complex construct influenced by multiple cognitive, social, technological, and contextual factors.
Therefore, the current findings suggest that psychological variables, particularly trust history and
cognitive load, contribute meaningfully to understanding user trust in Al, although additional factors

outside the present model are also likely to influence trust formation.

Overall, the findings reinforce the importance of cognitive ease and positive user experience in Human
Al Interaction. From a practical perspective, Al systems that are reliable, understandable, and

cognitively accessible may contribute to stronger user trust over time. These findings also support the

growing emphasis on user-centered and psychologically informed Al design approaches within UX

and HCI research.
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Conclusion

This study sought to examine the psychological determinants of user trust in Al by testing a
multi-factor model using large-scale secondary data. The results demonstrate that trust in Al is shaped
primarily by two key psychological mechanisms: users’ prior trust history with Al systems and their
experienced cognitive load during interaction. Trust history emerged as the strongest predictor,
indicating that consistent, positive past interactions build a foundation for trusting future Al
technologies. Conversely, higher cognitive load significantly reduced trust, suggesting that when Al
systems feel mentally taxing or difficult to use, users perceive them as less reliable and less worthy of
confidence. These findings underscore the dual importance of cognitive ease and experiential
familiarity in the formation of trust.

Other variables, including these variables did not demonstrate statistically significant
independent effects within the present dataset and modeling framewor, did not contribute significantly
to explaining trust when considered alongside the dominant predictors. This suggests that trust in Al
is not meaningfully influenced by simple exposure, momentary situational constraints, or broad
cultural categories, but rather by deeper psychological processes tied to user experience and mental
effort. The regression model accounted for approximately 25.7% of the variance in user trust,
demonstrating substantial explanatory power for psychological factors alone in a complex socio-
technical phenomenon.

Overall, this study contributes to Human Al Interaction research by offering empirical evidence
that user trust is systematically predictable through cognitive and experiential variables. For
practitioners and designers, the findings highlight the importance of creating Al systems that reduce
cognitive burden and deliver consistent, reliable interaction histories to reinforce trust over time. For
researchers, the study offers direction for future inquiry, suggesting that nuanced emotional,
contextual, and domain-specific moderators may further enrich our understanding of trust in Al. By
emphasizing the centrality of cognitive load and experiential trust history, this research advances
theoretical clarity and practical insight into how users come to rely on Al in their daily digital

environments.
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