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Abstract

This study synthesises the fragmented literature on transparency in artificial intelligence
(AI) to examine its relationship with consumer judgments, trust, and behavioural
intentions. Drawing on a three-level mixed-effects meta-analysis of 304 effect sizes from 82
empirical articles, the study estimates the overall association between Al transparency and
consumer outcomes while examining transparency predictors, outcome domains, and
contextual boundary conditions. The findings indicate that Al transparency is positively
associated with consumer judgments and behavioural outcomes. Notably, simple
disclosure labels are statistically as effective as more complex explainability mechanisms,
suggesting that greater explanatory complexity does not necessarily yield stronger
consumer responses. Transparency also exhibits stronger associations with perceived
system characteristics and trust than with behavioural intentions, while these associations
become weaker under more demanding contextual and interface conditions. These findings
extend the transparency literature by suggesting that Al transparency may function not
only as a mechanism for communicating technical information but also as a heuristic signal
of organisational openness. From a practical perspective, simple transparency disclosures
can provide an effective foundation for building consumer trust, whereas higher-stakes Al
applications may benefit from combining disclosure with human oversight and contextual
explanations to encourage favourable consumer responses.

Keywords: Al transparency, Al disclosure, consumer trust, explainability, meta-analysis, EU Al
Act.

1. Introduction
Artificial Intelligence (Al) use is no longer veiled behind the drapes of technical systems. Day by day, they
are prominently being visible across daily consumer-touchpoints, that includes product
recommendations, Al powered chatbots, Al-powered ads, and personalised contents.

Thus, it is no longer enough for businesses to ensure Al is functional; Their task at hand is to ensure that
consumers understand and trust how these Al operates.

The marketing literature shows that Al disclosure can potentially impact consumer attitudes, trust, and
behavioural intentions significantly, which underscores the growing importance of transparency in the
age of generative Al, where consumers, advertisers, and regulators are all demanding the disclosure of Al-
generated content (Grigsby et al., 2025; Baek et al., 2026; Zhang and Hur, 2025).

Concurrently, research on Al and consumer behaviour has rapidly proliferated, yet its findings remain
fragmented across contexts, transparency mechanisms, and consumer outcomes.
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Consumer reactions to Al have always been varied. Early studies on algorithm aversion indicated that
people were less likely to use algorithms if they observed errors, even when the performance of these
algorithms were evidently more accurate than their human counterparts (Dietvorst et al., 2015).

Subsequent studies documented its opposite phenomenon, termed as algorithm appreciation,
demonstrating that, in some contexts, consumers prefer algorithmic judgements over human ones (Logg
etal, 2019).

Likewise, a study on the use of Al in the medical field found that consumers are not much willing to accept
Al for identity-relevant, personal, and emotionally charged tasks, as they believe human judgment is
better at capturing the unique and context-specific aspects of service delivery (Longoni et al., 2019).

In sum, these results indicate that consumers are judging Al not only by its actual performance.
Perceptions of meaning, legitimacy and humanity also influence their judgments. An equally crucial cue
that influences these perceptions is Al transparency.

In this review, Al transparency is referred broadly to the information consumers receive about how Al
systems operate, make decisions, or generate outputs, encompassing disclosure, explainability, and
related informational signals (Rai, 2020; Shin, 2021).

As a result, transparency has become one of the centrepieces in Al research today. Recent research has
demonstrated that explainability can reduce epistemic uncertainty, as users can connect the Al's output to
interpretable causes, which increases the user trust and acceptance of Al recommendations.

Similarly, for Al-powered services, the manner in which the explanations are conveyed, including their
level of detail and the extent to which the users can control that information, can crucially impact the trust
and acceptance (Nizette et al., 2025).

Thus, the scope of Al transparency goes beyond just merely informing about the use of Al, to also
including how it is disclosed and communicated, and whether that disclosure information helps to
decrease uncertainty or increase consumer concern.

However, new research evidence also indicates that transparency can have potentially adverse downsides
too (Yu & Li, 2022).

Recent findings have shown that Al disclosure does not always increase consumer trust. Disclosing the
use of Al, can actually lead to a loss of trust, as it undermines the perceived legitimacy and
trustworthiness of the Al user (Schilke and Reimann, 2025).

Similarly, in prosocial advertising, disclosure has been associated with lower ad attitudes, trust, and
donation intentions when advertisements lack credibility (Baek et al,, 2026). Al disclosure in service
advertising can lead to a decline in consumer trust and positive attitudes, especially when combined with
non-verifiable cues (Grigsby et al., 2025). Recommendation systems also highlight that consumer
reactions vary by the type of product being recommended (Mazzu et al., 2025).

The results contradict the conventional notion that transparency is always good, implying that
transparency can be interpreted as trust in some situations, and scepticism in others. Furthermore,
previous research has operationalised disclosure, explainability, and transparency in different ways and
investigated a range of outcomes, such as trust, credibility, attitudes, authenticity, and behavioural
intentions, that warrant a quantitative synthesis.

To overcome this fragmentation, our meta-analysis combines 304 effect sizes from 199 independent
studies in 82 empirical papers.
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Existing reviews examine only parts of this literature. Atf and Lewis (2025) conducted a meta-analysis of
90 studies on explainability and trust, with a similar correlation to our estimate (r = 0.194-0.204), but
they examined only a single predictor and outcome and provided limited publication bias checks.

Zehnle et al. (2025) compiled a list of 440 related effects from 76,142 participants regarding Al resistance,
with transparency playing a minor role. Gelbrich et al. (2026) analysed 327 papers reporting 943 effects
of Al relative to human agents, yet considered transparency a secondary characteristic. Balaskas (2026)
similarly reviewed nine FinTech studies, but their scope was restricted to robo-advisors.

In our meta-analysis, we overcome three inter-related limitations. First, disclosure, explainability,
trustworthiness, human-like cues, and performance signals are all compared within a single analytical
framework.

Second, it reveals that transparency is most strongly correlated with perceived system characteristics and
less with attitudes, behavioural intentions, and task performance.

Third, it uses a three-level meta-analytic model to distinguish within-study and between-study
heterogeneity, includes tests of moderators across system, user, cultural, and task contexts, and provides
comprehensive publication-bias corrections.

These developments collectively offer a holistic quantitative analysis of the impact of Al transparency on
consumer judgments, various forms of transparency, consumer outcomes, and contextual circumstances.

Three research questions guide the synthesis.

RQ1: What is the overall effect of Al transparency on consumer judgments and behavior across studies?
RQ2: Do the effects differ across transparency forms (disclosure, explainability, trustworthiness
signalling) and across outcome types (trust, credibility, attitude, authenticity, behavioral intention)?

RQ3: Which categories of boundary conditions—spanning system and interface features, individual and
cultural differences, and context and task characteristics (including Al task type, product type, explanation
richness, consumer control, and consumer Al aversion)—moderate the direction and magnitude of
transparency effects?

2. Methods

2.1. Terminology

Based on recent conceptual research (Jia et al, 2026; Wang, 2026; Haresamudram et al,, 2023), Al
transparency is defined as the visibility or even understandability by consumers of the presence, role,
nature or reasoning behind the use of Al in a firm.

It contains Al disclosure (e.g. content labels or chatbot identity revelation) (Wu et al,, 2025; Le et al., 2026;
Schilke and Reimann, 2025; Cheng et al, 2022), explainability (intelligible reasons; Hou et al., 2024;
Sullivan and Weger, 2025; Ebrahimi et al., 2026), and trustworthiness or anthropomorphic design cues
(Chengetal,, 2022; Kim et al., 2022).

This review focuses on consumer-facing Al transparency as the predictor of consumer judgments and
behaviours.

2.2. Search strategy

We followed PRISMA guidelines (Page et al., 2021) and searched Web of Science, Scopus, and EBSCO
Business Source. The Boolean string used was combined ("Al transparency” OR "Al disclosure” OR
"explainable AI" OR "XAI" OR "algorithmic transparency” OR "Al-generated disclosure") AND ("trust" OR
"consumer” OR "attitude" OR "purchase intention” OR "behavioural intention" OR "adoption" OR
"credibility™).
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The search was limited to peer-reviewed English articles and conference papers, with no lower year limit,
and work up to early 2026 (in-press papers with DOIs).

[ Identification of studies via databases and registers J
e\
Records removed before screening:
c
.g Records identified from*: o Duplicate records removed (n = 12)
© TR
8 Databases (n = 659) L 5| ® Records ma}rked as ineligible
s Realesi=t) by automation tools (n = 8)
§ CYISIESA= e Records removed for other
k) reasons (n = 5)
I
)
Records screened »| Records excluded**
(n=1634) (n=509)
Reports sought for retrieval »| Reports not retrieved
g’ (n=125) (n=0)
c
[
e v
3 Reports excluded (n = 43):
Reports assessed for eligibility ® Not empirical / purely conceptual or
2 ——p theoretical papers (n = 14)
(n=125) e No measurable Al transparency,
disclosure or explainability construct
(n=10)
e Consumer behavior or trust not
measured as outcome (n = 8)
o |nsufficient statistical data for meta-
— v analysis (e.g., no effect sizes, no
(o) correlations reported) (n = 6)
o Studies included in review e Wrong population / non-consumer
_dui (n=82) context (e.g., only developer or
= ; : expert samples) (n = 3)
e Reports of included studies e Duplicate publication / same dataset
= (n=82) reported elsewhere (n = 2)
—/

[Figure 1. PRISMA flow diagram of the study identification, screening, eligibility, and inclusion
process. Source: Author]
2.3. Eligibility criteria
Studies were included if they investigated the relationships between Al transparency predictors (such as
disclosure, explainability, trustworthiness, or anthropomorphism cues) and performance signals (such as
accuracy and error rates) and/or consumer judgments or behaviors, and provided sufficient statistical
information to enable the calculation of an effect size.

Studies were excluded if they lacked consumer-related outcomes, adequate statistical information,
quantitative data, or reported only model-fit indices or technical XAl metrics.

Only individual-level consumer outcomes were retained. Methodological quality was coded based on
research design, data type, and sample type, following the PRISMA 2020 guidelines.

2.4. Additional data sources
The reference lists of eligible articles and recent reviews on trust and disclosure in Al were screened, and
supplementary searches were conducted in Google Scholar.

To alleviate the file-drawer problem (Rosenthal, 1979), in-press manuscripts were sought that had been
preassigned a DOI. Working papers without peer review or assigned DOIs were excluded.
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2.5. Data extraction

From each study, we abstracted the author, year, sample size, country, design, type of Al, transparency
predictor, and consumer outcome. Duplicate analyses were excluded, and multiple relevant associations
were analysed as separate effect sizes, in line with standard meta-analytic practice (Field and Gillett,
2010). Effects were indicated by the predictor type, the outcome type, and the moderator category, as
described in Figure 2. Coding reliability was evaluated with an independent rater by coding 20% of
effects, with high levels of agreement found (Cohen's k = 0.83-0.88), with disagreements resolved through
consensus.

PREDICTORS OUTCOMES MODERATORS
1. Trustworthiness & 1. Attitude & 1. Individual &
Anthropomorphism Trust Outcomes Cultural Differences
2. Explainability (XAI) 2. Behavioral Intentions 2. System &
& Usage Interface Features
3. Al Disclosure & 3. Perceived System 3. Context & Task
Transparency Characteristics Characteristics
4. Performance, Capability 4. Task Performance & .
& Other Cognitive Outcomes 4sMethodglogical.iGther

[Figure 2. Conceptual framework: four predictor categories mapping onto four outcome
categories, with five moderator categories as boundary conditions. Source: Author]

2.6. Data preparation and effect-size harmonization

All statistics were standardized to Pearson’s correlation coefficient (r), consistent with standard practice
and supported by the metafor framework, which uses Fisher’s z-transformed correlations for meta-
analysis (Viechtbauer, 2010). After cleaning, the dataset contained 304 effect sizes from 199 independent
studies across 82 papers.

2.6.1. Hierarchical conversion to a common effect size
Direct correlations were retained as reported. For t-statistics, conversion used:

r = sign(t) x \/(tZ / (t2 + df))

with df typically N - 2 for bivariate tests, and the sign of t carried into r. For F-statistics with one
numerator df:

r = sign(F) x +/(F / (F + df2))

Because F is unsigned, the sign was assigned from the reported direction. For standardized regression
coefficients (), the Peterson and Brown (2005) approximation was applied:

r=0.983+0.05 for=0

r=0.983-0.05 forf<0

For p-values, the signed inferential statistic was reconstructed using the reported direction before
conversion to r, because two-sided p-values do not contain sign information.

Of the 304 retained effects, roughly two-fifths derived from direct correlations, with the remainder
reconstructed via the paths above, and the share derived from standardized betas held under one-sixth.
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A sensitivity analysis restricted to the direct-r subset yielded a pooled estimate within 0.01 of the full-
sample value, indicating the -to-r approximation did not materially alter the synthesis.

2.6.2. Fisher’s z transformation and standard error
Each correlation was transformed to Fisher’s z:
z=YxIn((1+r)/(1-1))
with standard error and sampling variance:
SEz=1/+/(N-3)
vz=1/(N-3)

Fisher’s transformation stabilizes variance and approximates normality, and is implemented in metafor as
ZCOR. Rows lacking sufficient information were treated as non-informative and removed rather than
imputed, keeping the analytic file auditable.

2.7. Meta-analytic procedures

All syntheses ran in R (R Core Team, 2023) using the metafor package (Viechtbauer, 2010). Effect sizes
entered on the Fisher-z scale with inverse-variance weighting via rma(). A random-effects framework was
used, reflecting the view that included studies are not estimating one fixed true effect but draw from a
superpopulation of varying true effects (Hedges, 1992; Field and Gillett, 2010).

Because many papers contributed several effect sizes, a single-level model would understate uncertainty.
The primary analysis therefore used a three-level mixed-effects model partitioning variance into three
sources (Cheung, 2014; Assink and Wibbelink, 2016; Konstantopoulos, 2011): Level 1 sampling variance
(V =SE2), Level 2 within-study variance, and Level 3 between-study variance.

The model was estimated by maximum likelihood (L-BFGS-B). A DerSimonian and Laird (1986) single-
level estimator was fitted as a convergent robustness check, and rma.mv() confirmed the variance
decomposition.

Heterogeneity was assessed with Cochran’s Q and 12 (Higgins et al.,, 2003):
12 = max(0, (Q - df) / Q) x 100%

12 values near 25%, 50%, and 75% indicate low, moderate, and substantial heterogeneity. In the three-
level model, the total true heterogeneity was further decomposed into within-study and between-study
shares:

12(Level 2) = 122 / (122 + 123 + V)

12(Level 3) =123 / (122 + 123 + V)

where 122 and 123 are within- and between-study variance components and V is the typical sampling
variance. Subgroup moderator analyses examined variation by predictor type, outcome target, and
analytical context, with between-subgroup differences tested via the omnibus Qm.

Publication bias was assessed by multi-method triangulation: Egger’s regression, a weighted regression
variant, Begg and Mazumdar rank correlation, Peters’ test, Duval and Tweedie trim-and-fill, and
Rosenthal’s fail-safe N. Leave-one-out sensitivity analyses at both study and effect levels verified
robustness to any single observation.

3. Results

3.1. Overview of included studies

The final dataset included 304 effect sizes from 199 distinct studies in 82 empirical papers (Figure 1),
including chatbots, Al-generated and curated ads, virtual influencers, recommender systems, autonomous
purchase agents, generative Al assistants, and explainable decision-support tools in East Asia, North
America, Europe, and, more recently, South Asia and the Middle East.
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The effects were mostly positive, with some negative effects limited to mind-attribution and workload
(Wienrich et al.,, 2022).

Some anthropomorphism manipulations (Bayer et al, 2022), and identity-relevance and human-
substitution contexts (Kim et al., 2022). Representative studies are listed in Table 1.
Table 1. Characteristics of representative studies contributing to the meta-analysis.
Study Region Al context Transp.a rency Primary
predictor outcome
Schilke and : Al Disclosure and Attitude and
Reimann (2025) USA Al use disclosure Transparency Trust
Wu et al. (2025) USA Social media ad Al Disclosure and BehaV}oral
label Transparency Intentions
Le et al. (2026) Multi ALgmg@m Al Disclosure and  Attitude and
advertising Transparency Trust
Cheng et al. China Service chatbot  Trustworthiness and Attitude and
(2022) identity Anthrop. Trust
Kim (2026) USA Al fashion model = Al Disclosure and BehaV}oral
ad Transparency Intentions
Wang (2026) Multi Autonomous retail Al Disclosure and Beha\qoral
agent Transparency Intentions
: : Live-stream Trustworthiness and Attitude and
Liang (2026) China recommender Anthrop. Trust
: : Explainability =~ Behavioral
Ngo (2025) Vietnam Al adoption (XAI) Intentions
Sullivan and USA XAI decision Explainability Task
Weger (2025) support (XAI) Performance
Ebrahimi et al. Multi Chain-of-thought Explainability =~ Behavioral
(2026) chatbot (XAI) Intentions
Jia et al. (2026) China Ecmmxmmﬂ Al Disclosure and  Attitude and
service Transparency Trust
Hou et al. Multi Anthropomorphic Explainability P;;Csile\sd
(2024) XAl (XAI) Char.
Khan and Saudi Arabia Al decision Performance, Pgrcsile‘;reld
Shehawy (2025) integrity Capability é’har
Kim et al. . Trustworthiness and Behavioral
(2022) USA Al service agent Anthrop. Intentions
: Perceived Explainability  Attitude and
Sun et al. (2025) Multi understanding (XAI Trust
Note. Representative subset of the 82 contributing papers. Multi denotes a multi-country sample.
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3.2. Overall meta-analysis

The forest plot in Figure 3 displays the overall meta-analysis. The primary estimate came from the three-
level mixed-effects model, which accounts for nested effects within studies. On the Fisher-z scale the
pooled effect was z = 0.2074 (SE = 0.0080, 95% CI [0.1918, 0.2231], Z = 25.87, p < .001), back-
transforming to r = 0.2045 (95% CI [0.1895, 0.2194]).

The single-level DerSimonian and Laird (1986) estimator produced a closely convergent value (r = 0.200,
95% CI [0.187, 0.214], T2 = 0.008, 12 = 74.98%, H2 = 3.997), confirming that the pooled effect is robust to
model specification.

Table 2 reports overall results and heterogeneity from both specifications. The 95% prediction interval
spanned roughly [0.02, 0.38] on the correlation scale, reflecting wide dispersion of true effects.

By Cohen’s (1988) benchmarks, r = 0.20 is small to moderate but substantively meaningful: it sits almost
exactly on the average effect reported across a century of social psychology (r = 0.21; Richard et al., 2003).

Replicated across 82 papers and hundreds of thousands of participants, this is a real signal rather than
noise: it is not dramatic enough to convert indifferent browsers into buyers, but it is consistent enough to
act as a dependable building block of trust.

Table 2. Overall meta-analytic results and heterogeneity statistics.

Three-level mixed-effects Single-level random-

Parameter model effects model
Pooled Fisher’s z 0.2074 0.203
SE(z) 0.0080 0.007
Z or t statistic 7 =25.87 t(303) =29.46
p value <.001 <.001
Back-transformed r 0.205 0.200
95% Clonr [0.189, 0.219] [0.187,0.214]
95% prediction interval on r [0.00, 0.38] [0.022, 0.378]
1> (Level 2, within-study) 0.0048 n/a
1* (Level 3, between-study) 0.0059 n/a
1> (total true variance) 0.0107 0.008
T (total) 0.103 0.090
Q statistic Q(303)=1370.71 Q(303)=1211.08
Q p value <.001 <.001
I? (Level 2, within-study) 35.90% n/a
I? (Level 3, between-study) 43.76% n/a
Total I? 79.66% 74.98%
H? n/a 3.997
Estimation method ML (L-BFGS-B) Der&mqn ian and
Laird
Effect sizes (k) 304 304
Studies / Papers 199/ 82 n/a

Note. Three-level model is the primary specification. The single-level model is reported as a robustness
check. Both estimators yield substantively convergent pooled correlations.
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[Figure 3. Forest plot of the overall random-effects meta-analysis across all 304 effect sizes,
showing study-level effect sizes and the pooled summary estimate. Source: Author]

3.3. Heterogeneity and variance decomposition

Variability across the 304 effects was substantial (Q(303) = 1370.71, p < .001). The three-level model
attributed 79.66% of observed variance to true heterogeneity, and showed where it resides. As Table 3
reports and Figure 4 illustrates, the total true variance 12 = 0.0107 split nearly evenly: differences across
distinct studies (Level 3) accounted for 43.76% (123 = 0.0059); differences among effects within studies
(Level 2) accounted for 35.90% (t22 = 0.0048).

The impact of transparency, therefore, varies not only across studies but also across the specific
judgments measured within a study. This is supported by the large prediction interval, which ranges from
near zero to approximately 0.38 on the correlation scale; it does not matter where in this interval a
particular deployment is positioned, but instead depends on design, audience, and outcome.

Such heterogeneity is also theoretically expected: as Field and Gillett (2010, p. 670) note, “the effect sizes
should be heterogeneous because they come from populations with varying average effect sizes” — under
the random-effects framework, studies are drawn from a superpopulation of populations with differing
average effect sizes, so effect-size heterogeneity is an inherent feature of the model rather than a
deficiency of the literature (Field and Gillett, 2010).

This pattern supports the use of the three-level model rather than a standard random-effects model,
which would have combined these two separate sources of variation (Assink and Wibbelink, 2016), and is
the reason for conducting the subgroup analyses that follow.

Table 3. Variance components and heterogeneity decomposition from the three-level mixed-
effects model.

Variance estimate

(™)

Variance component Proportion of variance (I?)

Level 2 (within-study) 0.0048 35.90%
Level 3 (between-study) 0.0059 43.76%
Total true heterogeneity 0.0107 79.66%
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Note. Level 1 sampling variance V = SE?. Estimated by ML (L-BFGS-B). Q(303) = 1370.71, p <.001.

Proportion of Total Variance (/> components) Decomposition of True Heterogeneity
0.007

Between-Study Heterogeneity
(Level 3)

0.0059

0.006 -

0,
43.99% 0.005 4 0.0048

Sampling Variance 0.004

(Level 1) 20.23%

0.003 4

Variance Estimate (T?)

0.002 1

0.001

Within-Study Heterogeneity
(Level 2)

0.000 -
Within-study Between-study
(Level 2) (Level 3)

[Figure 4. Decomposition of total true heterogeneity into within-study (Level 2) and between-
study (Level 3) variance components. Source: Author]

3.4. Subgroup and moderator analyses

To address RQ2 and RQ3, we estimated the pooled effect within subgroups defined by predictor type,
outcome type, and moderator category. Table 4 reports the effect-size count, pooled correlation, 95% CI,
95% prediction interval, T4, and I? for each subgroup, with the omnibus between-subgroup test.

3.4.1. Predictor type

Differences across the four predictor types were not significant (Qm(3) = 2.93, p =.403). The pooled effect
was highest for Al Disclosure and Transparency (r = 0.218, 95% CI [0.192, 0.245]) and lowest for
Explainability (r = 0.188, 95% CI [0.159, 0.217]), but confidence intervals overlapped and the difference
did not exceed chance. At the level of the whole literature, a simple statement that Al is present produces
effects statistically indistinguishable from a rich technical explanation.

The act of being transparent appears to matter more than the depth of transparency, because consumers
register that a firm chose to reveal Al rather than studying the technical content of the revelation (Liu,
2021; Le et al, 2026).

3.4.2. Outcome type

Differences across outcomes were significant (Qm(3) = 8.64, p = .034). The effect was strongest for
Perceived System Characteristics (r = 0.218, 95% CI [0.194, 0.243]) and Attitude and Trust Outcomes (r =
0.214, 95% CI [0.187, 0.242]), weaker for Behavioral Intentions and Usage (r = 0.179, 95% CI [0.156,
0.202]), and weakest for Task Performance and Cognitive Outcomes (r = 0.176, 95% CI [0.142, 0.210]).

This gradient runs from perception to attitude to intention to behaviour, with the signal being strongest at
the top and decreasing towards behaviour, reflecting the attitude-behaviour gap (Ajzen, 1991).

This is evident through the autonomous retail evidence: Transparency is a strong correlate of cognitive
trust, whereas perceived risk is a strong deterrent against the final act of delegating a purchase to Al
(Wang, 2026).

3.4.3. Moderator category

Differences across moderator categories were significant (Qm(4) = 10.92, p = .027). The effect was
greatest in the No Moderator or Direct subgroup (r = 0.209, 95% PI [0.035, 0.382] and consistently
reduced when boundary conditions were added: System and Interface Features (r = 0.159), Individual and
Cultural Differences (r = 0.158), Context and Task Characteristics (r = 0.160).
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The Methodological or Other subgroup produced a higher but unstable estimate (r = 0.256) based on only
five effects with high heterogeneity (12 = 88.30%).

The general pattern shows a drop of about 24% from 0.209 (direct estimations) to 0.159 (with cognitive
load). We view this as evidence of cognitive load because when users struggle to navigate through an
interface, when tasks are unfamiliar, or when they have culturally specific concerns, some of their
attention is diverted from the task to the transparency cue, and the trust-related associations of
transparency are attenuated.
Table 4. Subgroup and moderator analyses of the association between Al transparency-related
predictors and consumer outcomes.
Subgroup k r 95% CI 95% PI T2 I> |Between-group
(%) test
Panel A. Predictor type Qu(3)=2.93,p
=.403
Al Disclosure and 81 | 0.21 [0.192, [0.023, 0.00 | 76.69
Transparency 8 0.245] 0.414] 9
Performance, Capability 108 | 0.19 [0.176, [0.035, 0.00 | 72.83
and Other 8 0.220] 0.361] 7
Trustworthiness and 53 | 0.19 [0.158, [-0.021, 0.01 | 78.06
Anthropomorphism 1 0.224] 0.403] 1
Explainability (XAI) 62 | 0.18 [0.159, [0.011, 0.00 | 72.94
8 0.217] 0.365] 8
Panel B. Outcome type Qu(3)=8.64,p
=.034
Perceived System 83 | 0.21 [0.194, [0.044, 0.00 | 76.55
Characteristics 8 0.243] 0.393] 8
Attitude and Trust 95 | 0.21 [0.187, [0.00,0.429] | 0.01 | 78.47
Outcomes 4 0.242] 1
Behavioral Intentions and | 88 | 0.17 [0.156, [0.014, 0.00 | 71.41
Usage 9 0.202] 0.344] 7
Task Performance and 38 | 0.17 [0.142, [0.037, 0.00 | 59.37
Cognitive Outcomes 6 0.210] 0.315] 4
Panel C. Moderator category Qn(4)=10.92,p
=.027
No Moderator / Direct 245 | 0.20 [0.194, [0.035, 0.00 | 73.08
9 0.224] 0.382] 8
Methodological / Other 5 1025 [0.070, [—0.180, 0.02 | 88.30
6 0.442] 0.692] 0
Context and Task 14 | 0.16 [0.082, [-0.105, 0.01 | 81.24
Characteristics 0 0.238] 0.425] 4
System and Interface 20 | 0.15 [0.116, [-0.017, 0.00 | 75.89
Features 9 0.201] 0.335] 7
Individual and Cultural 20 | 0.15 [0.112, [-0.018, 0.00 | 73.90
Differences 8 0.203] 0.333] 7
Note. k = effect sizes; r = pooled correlation; CI = confidence interval; PI = prediction interval; % =
variance component; I? = heterogeneity proportion; Q,, = omnibus test. Estimates back-transformed from
Fisher-z.
3.5. Publication bias
The publication-bias diagnostics are shown in Figures 5A and 5B. Visual examination of the original funnel

plot (Figure 5A) indicated asymmetry, and the trim-and-fill analysis (Figure 5B) imputed 37 possible
missing studies to the left side of the distribution.
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A multi-method triangulation in Table 5 converged on the same conclusion. Egger’s regression was
significant (z = 2.619, p =.009, limit p = 0.158, 95% CI [0.125, 0.192]).

The weighted regression variant was marginal (t = 1.769, df = 302, p =.078), and the Begg and Mazumdar
rank correlation was significant (t = 0.106, p = .007). Duval and Tweedie trim-and-fill estimated 37
imputed effects, and after imputation the adjusted estimate remained positive and significant (r = 0.177,
95% CI[0.163, 0.190], p <.001), with a CI overlapping the primary analysis.

The Rosenthal fail-safe N required 451,246 null studies to negate significance; because this method
assumes missing studies have an effect of exactly zero it should be treated as a liberal bound, and the
trim-and-fill estimate accordingly provides the more conservative substantive anchor.

The bias-corrected r = 0.177 is conservatively interpreted as the purified effect, after accounting for small-
sample inflation and selective reporting. Al transparency does not exist as a magic lever, but it is a solid
structural basis and has a hygienic function in the digital consumer relationship.

Funnel Plot
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[Figure 5. Publication-bias diagnostics. (A) Funnel plot of the 304 effect sizes. (B) Trim-and-fill
funnel plot showing the adjusted distribution after imputing 37 potentially missing studies.
Fisher's z effect sizes are plotted against their standard errors. Source: Author]
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Table 5. Multi-method publication-bias diagnostic triangulation.
Limit / adjusted 95% CI on Conclusion

Diagnostic test Statistic df p value estimate estimate
Egger’s regression _ _ [0.125, Significant
test z=2.619 n/a .009 p=0.158 0.192] asymmetry
Weighted _ _ [0.126, Marginal
regression test t=1.760 | 302 078 n=0.164 0.201] asymmetry
Begg and _ Significant
Mazumdar rank test 0.106 | n/a 007 n/a wa asymmetry
Trim-and-fill 37 [0.163,  Adjusted effect
(Duval and . nfa  <.001 r=0.177 S Ju e
Tweedie) imputed 0.190] remains positive
Rosenthal fail-safe wa wa w/a 451,246 nulls wa F 1le—dra\?v§r threat
N negligible

Note. Tests conducted on the Fisher-z metric; adjusted r values on the correlation scale. Convergence of
three significant or marginal tests with substantial trim-and-fill adjustment and very large fail-safe N
indicates mild bias whose correction does not alter the substantive conclusion.

3.6. Sensitivity and influence analyses

Leave-one-out analyses at both study and effect levels are reported in Table 6 and illustrated in Figures 6
and 7. Removing each study in turn, the pooled estimate ranged narrowly from r = 0.1995 to r = 0.2071,
with no single study shifting it by more than Ar = 0.0047.

The largest shifts came from Sullivan and Weger (2025; Ar = -0.0047), Bayer et al. (2022; Ar = +0.0029),
Dang and Li (2026; Ar = +0.0023), Wortel et al. (2024; Ar = -0.0019), and Chiu (2025; Ar = +0.0018).
Removing one effect at a time, the estimate varied even more tightly between r = 0.2033 and r = 0.2053,
with maximum single-effect shifts under Ar = 0.0011.

Figures 6 and 7 confirm that the overall conclusion does not depend on any single study or observation,
and that the corridor of stability around r = 0.20 is reassuringly narrow.

Leave-one-study-out sensitivity analysis

0.206 {

0.205 {

0.204 1

0.203 {

Pooled effect (r)

0.202

0.201 4

0.200

0.199 4

g
H

Study removed (sorted by pooled r)

[Figure 6. Leave-one-study-out sensitivity plot showing the recalculated pooled estimate as each
study is removed. Source: Author]
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Leave-one-effect-out sensitivity analysis

Pooled effect (r)

Study removed (sorted by pooled r)

[Figure 7. Leave-one-effect-out sensitivity plot showing the recalculated pooled estimate as each
effect size is removed. Source: Author]

Table 6. Comprehensive sensitivity and influence diagnostics.

Diagnostic Result
Panel A. Overall stability
Full random-effects pooled r 0.2042, 95% CI [0.1902, 0.2181]
Leave-one-study-out range of pooled r 0.1995 t0 0.2071
Maximum absolute change in pooled r (study level) Ar = 0.0047
Leave-one-effect-out range of pooled r 0.2033 to 0.2053
Maximum absolute change in pooled r (effect level) Ar=0.0011
Panel B. Top 5 influential studies by |Ar|
Sullivan and Weger (2025) Ar =—0.0047; pooled r becomes 0.1995
Bayer et al. (2022) Ar =+0.0029; pooled r becomes 0.2071
Dang and Li (2026) Ar =+0.0023; pooled r becomes 0.2065
Wortel et al. (2024) Ar =-0.0019; pooled r becomes 0.2023
Chiu (2025) Ar =+0.0018; pooled r becomes 0.2060
Panel C. Top 5 influential effects by |Ar|
Bayer et al. (2022): effect 231 Ar=+0.0010
Wienrich et al., (2022f1;/£1tn2d(;?ttrlbutlon Rejection: Ar = +0.0010
Kim et al. (2022) Study 1: effect 81 Ar=+0.0010
Wienrich et al., (2022) Workload: effect 208 Ar=+0.0010
Wang et al. (2024): effect 294 Ar =-0.0009

Note. Panel A pooled r (0.2042) is the sensitivity-baseline reduced random-effects estimate. Ar is the
change in pooled r when the named study or effect is removed. Stability corridor across all leave-one-out
resamplings is approximately r € [0.20, 0.21].

3.7. Robustness summary across analytic specifications

Table 7 collects convergent estimates produced under different analytic choices. Across the three-level
model, the single-level DerSimonian and Laird estimator, the trim-and-fill bias-adjusted estimate, the
leave-one-out resamplings at both levels, and a restriction to the direct-r subset, the pooled correlation
oscillates within a corridor of roughly r € [0.177, 0.207].
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The lower bound (r = 0.177) is the bias-corrected floor; the upper (r = 0.207) is the within-study leave-
one-out maximum. The substantive conclusion is invariant: Al transparency is positively and reliably
associated with consumer judgments and behavior at a small-to-moderate magnitude by Cohen’s
benchmarks.

Table 7. Comprehensive robustness summary across analytic specifications.
Specification Pooled r 95% CI Notes
Three-level mixed-effects
(primary)

Single-level random-effects (DL) 0.200 [0.187,0.214] k= 304; DerSimonian and Laird estimator

Trim-and-fill adjusted (Duval and

Tweedie)

Sensitivity-baseline pooled r 0204  [0.190,0218] Reduced Spe”ﬁca“ggt“sed for leave-one-
Leave-one-study-out minimum 0.1995 n/a Sullivan and Weger (2025) removed
Leave-one-study-out maximum 0.2071 n/a Bayer et al. (2022) removed
Leave-one-effect-out minimum 0.2033 n/a Single observation removed
Leave-one-effect-out maximum 0.2053 n/a Single observation removed
Direct-r subset only (sensitivity) ~0.20 n/a Within 0.01 of full-sample value

Egger’s regression limit estimate 0.158 [0.125, 0.192] Asymmetry-adjusted lower bound

Note. Values on the Pearson r scale, back-transformed from Fisher’s z. The robustness corridor of r €
[0.18, 0.21] confirms the qualitative conclusion is invariant to model specification, bias correction, and
sample restriction.

4. Discussion

4.1. Key findings

Our findings show a clear positive correlation between Al transparency-related factors and consumer
judgments and behaviour (r = 0.205). The three-level estimate (r = 0.200) was very similar to the single-
level estimate, suggesting that the result is not sensitive to the modelling of statistical dependency. The
finding was also rather robust, with little change after publication-bias adjustment (r = 0.177).

Variance decomposition revealed that the true heterogeneity was split between between-study
differences (43.76%) and within-study differences (35.90%), indicating that there is variation in
transparency effects across studies and specific outcomes. The prediction interval (roughly 0 to 0.38) also
suggests that the effect of transparency is context and audience dependent.

These negative effects were not widespread, but rather focused on rejection, workload and some
anthropomorphic conditions. Therefore, the answer to RQ1 is that the visibility of Al is generally
associated with more positive consumer outcomes, but the strength of the impact is dependent on the
situation.

One notable finding is related to RQ2. There was no significant difference in the effects of the four
predictor types, and thus, simple disclosure, explainability mechanisms, trustworthiness cues, and
performance signals generated statistically similar effects.

Strikingly, in contrast to often-held viewpoints in explainable Al research that providing detailed
explanations is superior to simple disclosures, consumers seem mainly interested in the mere presence of
a transparency mechanism.

Transparency is a heuristic cue of openness, not a way to evaluate technical aspects. This would align with
Liu's (2021) notion of placebic transparency and Le et al. (2026), who discovered that perceptions of
process credibility largely mediate disclosure effects.
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At the outcome level, there were significant differences. The effects were strongest for perceived system
characteristics and weaker for attitudes and behavioural intentions, and weakest for task performance.
The pattern is similar to the attitude-behaviour gap (Ajzen, 1991) and research on multi-stage trust
formation (Wang, 2026; Liang, 2026; Sun et al,, 2025).

Where there is transparency, perceptions and attitudes are reliably improved, but this does not always
translate into action without at least some other safeguards, such as risk reduction and human oversight.
Moderator analysis was used to answer RQ3. The effect was significantly reduced with the addition of the
contextual, individual or interface boundary conditions (from 0.209 to 0.159).

One possible explanation is that increasing contextual and interface complexity elevates cognitive load,
reducing consumers' reliance on transparency cues. This explanation is consistent with Ngo's (2025)
inverted-U model of transparency and trust, and with Chen and Ahmed's (2026) study results, which
show that poorly structured transparency is associated with information overload.

Finally, Schilke and Reimann (2025) found that disclosing Al use can reduce trust by undermining
perceived legitimacy, seemingly contradicting our positive overall estimate.

Their impact, however, relates to individuals disclosing their use of personal Al, while our positive results
primarily relate to transparency at the brand and system levels. The same term, 'disclosure,’ can thus
refer to two different psychological processes, a distinction that needs to be tested empirically in the
future.

4.2. Limitations and future research directions
It is important for us to acknowledge the several limitations of this study.

First, the meta-analysis estimates associations, not causal effects, because it combines correlational and
experimental evidence. And hence, one promising avenue is to investigate the effects of transparency
through future experimental and longitudinal studies to determine whether transparency effects are
maintained or change over time (Le et al.,, 2026).

Secondly, the majority of studies used self-report instruments, which are subject to social desirability bias
and may suffer from the intention-behaviour gap, which implies that more robust evidence would come
from behavioural trace data, such as clicks, completions, and repeat-use records.

Third, although there is coverage of East Asia, North America, and Europe, much of the Global South
remains underrepresented. This highlights the need for studies that address the unique dynamics of these
cultures and people. Fourth, there is significant heterogeneity in Al transparency, ranging from simple
labels to complex explainability interfaces (I = 79.66%).

Finally, moderator analyses were done with broad categories rather than continuous measures.
Explanation richness, consumer control, and Al aversion are among the factors that should be directly
studied in future meta-regressions. Despite this, the Al transparency aspect of the consumer-Al
relationship seems to be a solid, modest and well-regulated element of the interactions (Le et al.,, 2026).

5. Theoretical Contributions

This study makes four theoretical contributions to the Al transparency literature. First, it advances
understanding of the psychological mechanism through which Al transparency shapes consumer
responses.

Existing research generally assumes that greater transparency improves consumer evaluations because
richer information enables better understanding of Al systems. However, our findings suggest a different
mechanism.

RESTITUTION LAW REVIEW MARENEX PRESS

https://restitutionlawreview.co.uk

1077


https://restitutionlawreview.co.uk/

Volume 34, No. 2 [2026] RLR ISSN: 1351-170X

The absence of statistically significant differences between simple disclosure labels and detailed
explainability suggests that consumers may not systematically evaluate the informational content of
transparency.

Drawing on the Heuristic Systematic Model (Chaiken, 1980), the Elaboration Likelihood Model (Petty and
Cacioppo, 1986), signalling theory (Spence, 1973), and cue utilisation theory (Olson and Jacoby, 1972), we
argue that consumers primarily interpret transparency as a heuristic cue signalling organisational
openness, accountability, and trustworthiness rather than as detailed technical information.

This extends prior conceptualisations of Al transparency and is consistent with Liu's (2021) notion of
placebic transparency, suggesting that the perception of openness often outweighs the informational
richness of the explanation.

Second, our findings identify the stage at which transparency exerts its greatest influence. Transparency
exhibits its strongest association with perceived system characteristics and trust, followed by
progressively weaker associations with behavioural intentions and task performance.

This pattern suggests that transparency primarily shapes early cognitive evaluations before consumers
increasingly integrate other considerations, including perceived risk, convenience, economic value, and
habit, into behavioural decisions. Transparency should therefore be viewed as a foundational trust
building mechanism that shapes early consumer judgments rather than as a direct driver of behavioural
outcomes.

Third, our results demonstrate that transparency is contingent rather than universally beneficial. Its
influence weakens under more demanding contextual, individual, and interface conditions, indicating that
transparency is one of several cues consumers integrate when evaluating Al systems. This identifies
important theoretical boundary conditions that explain when transparency is likely to be amplified or
attenuated.

Finally, our findings introduce the concept of diminishing informational returns in Al transparency. The
absence of meaningful differences between simple disclosure and detailed explainability suggests that
additional explanatory detail does not necessarily produce proportionally greater consumer trust.

Instead, consumers appear to derive sufficient reassurance from relatively simple disclosure cues,
indicating that transparency is effective because it signals organisational openness, accountability, and
responsible Al governance rather than because it provides increasingly detailed technical information.

Taken together, these contributions reconceptualise Al transparency as a contingent psychological cue
that primarily shapes early consumer judgments through heuristic cue processing rather than through
increasingly detailed information provision.

6. Practical Implications

While these underlying primary studies are cross-sectional, the overall robustness of the relationship
across 82 studies provides actionable heuristics for practitioners. The synthesis is about when brands
become visible to consumers via Al, and this has implications in everyday disclosure moments, whether it
be a label, an opening line, a campaign acknowledgement, or a verified badge.

6.1. Disclosure labels on social media posts

The most common form of Al transparency is a label indicating that content was generated or curated by
Al The type of predictor does not make a significant difference in the effect, so the label itself carries the
psychological weight.

But direction is determined by what the label suggests the Al did.
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In the study conducted by Wu et al. (2025), they discovered that labelling a post as chosen by the Al for
the consumer led to higher word-of-mouth intent as it aligned with the machine heuristic of objective
optimisation.

In contrast, brand attitude was negatively affected when it was attributed to Al (M = 4.80 vs 5.38). Brands
should therefore focus on the functional aspects of Al, emphasising data-based curation language instead
of highlighting machine authorship, in accordance with the EU AI Act.

6.2. Al-powered virtual influencers

Disclosure is particularly important in the context of virtual and Al influencers, because consumers
develop relationships with the persona itself. As shown by Kim (2026), advertising scepticism is higher in
ads that include Al models (M = 4.18) than in ads that include human models (M = 3.34), which is
associated with significantly lower brand advocacy, word-of-mouth, and purchase intention.

Our outcome analysis suggests that the primary harm lies in attitudes and authenticity, not in immediate
transactions, which is why this is a long-term brand-equity risk.Brands, hence, need to align disclosure
with social responsibility signals and human oversight.

6.3. Chatbots and identity disclosure

Disclosing the bot's machine identity is when consumers decide to trust advice or reveal information.
Cheng et al. (2022) demonstrate that this reveal enhances friendliness-trust but reduces empathy-trust, as
empathy is a human-coded quality that is revealed as simulated. If the chatbot begins warmly and reveals
that it is an Al, the user may lose trust, but if it reveals its Al identity first and focuses on accuracy, it will
better cater to the user's expectations.

The results of this study also align with those of Khusuma et al. (2025), who found that although warmth
is a crucial element of trust, it is not sufficient on its own.

6.4. Proactive versus reactive framing
Le et al. (2026) demonstrate that there are different effects when the transparency signals a firm's values
and when it is perceived as simply required (proactive versus reactive framing).

Proactive framing encourages benevolent motive inferences, whereas reactive framing raises scepticism
and makes disclosure quality more significant. Pairing disclosure with EU Al Act compliance signalling is
associated with higher perceived credibility of the creation process. Table 8 synthesises these dimensions
into a practitioner decision matrix for Al transparency design.

Table 8. A practitioner decision matrix for Al transparency design, derived from the meta-analytic

findings.
Dimension Lower-stakes / simpler contexts Higher-stakes / complex contexts
Disclosure depth Simple v151ble lab.el is sufﬁment; heuristic Layered. transparency with process
signalling dominates detail and human oversight

Curation or optimization framing fits the machin¢ Creative or relational framing needs

Functional frami . . .
unctional framing heuristic authenticity and oversight cues

Process-level transparency suffices for novice = Decision-logic transparency suits

User expertise . .
users experts; avoid overload for novices

Reactive framing demands high
disclosure quality and verification
badges

Proactive, values-based framing builds a trust

Compliance framing buffer

Associated effect near lower bound,
around r = 0.16, potentially due to
cognitive load

Note. Matrix translates the pooled and subgroup estimates into design guidance. The effect-size range
reflects the observed oscillation between roughly 0.158 and 0.218 across subgroups.

Associated effect near upper bound, around r =

Associated effect 0.21
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7. Conclusions

The meta-analysis results indicate a consistent positive association between Al transparency and
consumer judgments and behaviours. While further experimental and longitudinal studies are needed to
establish causal directionality and move beyond cross-sectional surveys, the evidence underscores that
transparency is a robust correlate of consumer trust rather than an optional add-on.

The observed effect is small but very consistent, and also resistant to the exclusion of any single study or
effect. Transparency is not a panacea, because its effects are diluted when the task is complex or the
interface is unfamiliar. But when used along with manned control, contextual explanations, and credible
compliance signalling, it is associated with higher trust.

With disclosure requirements growing worldwide, especially under Article 50 of the EU Al Act,
transparency could be a key factor in restoring trust structures crucial for sustainable human-Al
consumer relations.
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