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ABSTRACT

Artificial intelligence (Al)-based recommender systems increasingly provide
explanations for product recommendations in e-commerce. Although such
explanations can reduce algorithmic opacity and strengthen consumer trust,
they can also make data collection, profiling, and personalization practices
more salient. This study develops and tests a calibrated explanation-detail
transparency model in which recommendation explanations serve as both
competence signals and privacy-risk signals. We conducted a one-factor,
three-level, between-subjects scenario experiment with 472 valid responses
retained from 623 submissions. Participants were randomly assigned to low-,
medium-, or high-detail explanation conditions for the same product scenario.
The data were analyzed using regression, PROCESS serial mediation analysis,
covariance-based structural equation modeling, alternative-model
comparisons, robustness checks, and statistical power sensitivity analysis.
Higher-detail explanation conditions were associated with greater perceived
algorithm understandability and platform trust, providing evidence consistent
with a positive trust-benefit mechanism. They were also associated with
greater perceived data intrusiveness and information privacy concern,
providing evidence consistent with a negative privacy-cost mechanism.
Purchase intention exhibited an asymmetric concave pattern across the three
discrete conditions and was highest in the medium-detail condition. These
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findings support calibrated, layered, and privacy-sensitive explanation design
in Al recommendation interfaces.
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1. INTRODUCTION

Al-based recommender systems are embedded in many e-commerce
platforms. They reduce search costs, organize large product assortments, and
transform consumer data into product recommendations that facilitate online
product evaluation. As platforms increasingly provide user-facing
explanations for these recommendations, transparency becomes more than a
technical property of the underlying algorithm. This study examines
transparency as explanation-detail transparency: an interface cue through
which consumers interpret recommendation relevance, platform competence,
data use, privacy risk, and purchase intentions [1, 2].

Prior research on recommender systems and explanation interfaces shows that
explanations can improve users' understanding of recommendation logic,
perceived system competence, trust, and acceptance [3-6]. Subsequent
research on explainable Al (XAI) and consumer Al has emphasized
interpretability, understandability, trust calibration, and user experience in
algorithmic interfaces [7-13]. These issues are directly relevant to e-
commerce, as recent IJECS studies have examined recommender-system
applications and trust mechanisms in online and social commerce settings [14,
15]. A concise explanation can help consumers understand a product's
relevance and reduce uncertainty during evaluation. However, the same
explanation may reveal that the platform has collected, inferred, or integrated
multiple types of behavioral data. Recommendation explanations therefore
function as ambivalent design cues: they may signal algorithmic competence
while simultaneously heightening the salience of personalization-related
privacy risks, data intrusiveness, and privacy concern [16-28].

Two gaps remain in the e-commerce literature. First, transparency is often
modeled as a linear antecedent of trust, acceptance, or decision quality,
whereas fewer studies examine whether explanation-detail transparency can
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simultaneously activate privacy concern and reduce purchase intention.
Second, platform designers rarely choose between complete opacity and full
disclosure. Instead, they must calibrate how much explanatory detail is useful
during product evaluation and when additional detail becomes intrusive. This
study addresses these gaps by proposing that a medium level of explanation-
detail transparency may outperform both minimal and highly detailed
explanations.

This study addresses three research questions. First, does explanation-detail
transparency increase purchase intention through a trust-benefit path
involving perceived algorithm understandability and platform trust? Second,
does it reduce purchase intention through a privacy-cost path involving
perceived data intrusiveness and information privacy concern? Third, does
purchase intention exhibit a discrete concave pattern across low, medium, and
high levels of recommendation-explanation detail?

This study makes four contributions to e-commerce research. First, it links Al
recommendation-explanation design to consumer purchase intention through
a dual-path model that integrates trust formation and privacy concern. Second,
it distinguishes perceived algorithm understandability from platform trust and
shows how interface-level explanation cues contribute to trust formation in
recommender systems. Third, it differentiates perceived data intrusiveness
from information privacy concern, thereby clarifying how privacy costs
emerge when personalization cues become explicit. Fourth, it provides
experimental evidence for calibrated explanation-detail transparency as a
design principle for online retailing and Al-based personalization. By
engaging directly with IJECS research on recommender systems, web-retailer
trust, privacy concern, and social-commerce trust [14, 15, 29, 30], this study
extends that literature by examining how explanation detail simultaneously
shapes trust and privacy responses to Al-enabled product recommendations.

2. LITERATURE REVIEW AND HYPOTHESES

2.1. Explanation-Detail Transparency in Al
Recommendation Interfaces
Explanation-detail transparency is defined as the degree of detail and

specificity with which a recommendation interface communicates why a
product is recommended and what information supports that recommendation.
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In explainable recommender systems, explanations can facilitate user
understanding, persuasion, trust calibration, and decision quality [3-10, 14].
In consumer-facing e-commerce, transparency is not treated as an abstract
technical property or as disclosure of algorithmic code. Consumers generally
do not observe the algorithm itself; instead, they evaluate the text, cues, and
interface elements used to explain the recommendation.

This study conceptualizes explanation-detail transparency as a three-level
design factor. A low-detail explanation provides only a basic
recommendation statement. A medium-detail explanation provides a concise
rationale based on behavior and preferences. A high-detail explanation
describes data types, preferences, interactions, and usage scenarios in greater
detail. This operationalization reflects a realistic e-commerce design dilemma:
additional detail may clarify recommendation logic, but it may also make data
tracking more salient. Accordingly, the manipulation represents
recommendation-explanation detail, or explanation-detail calibration, in an
interface context rather than a purely technical manipulation of algorithmic
transparency. This framing is also consistent with IJECS research on
recommender-system applications and consumer responses in e-commerce
[14].

2.2. Trust-Benefit Path: Perceived Algorithm
Understandability and Platform Trust

Perceived algorithm understandability reflects the extent to which users
regard recommendation logic as comprehensible and interpretable. When an
explanation clarifies the relationships among user behavior, preferences, and
product attributes, it can reduce perceived algorithmic opacity and enable
consumers to infer that the system is competent [5, 6, 9-13]. Greater
explanation-detail transparency should therefore enhance perceived
algorithm understandability.

Platform trust refers to consumers' belief that an e-commerce platform is
competent, reliable, and capable of supporting confidence in transactions [31-
33]. Trust is particularly important in digital commerce because consumers
rely on platform-provided information but cannot fully inspect the matching
logic underlying personalized recommendations. 1JECS research on
unfamiliar web retailers and social commerce likewise identifies trust as a
central mechanism in e-commerce behavior [15, 29]. When consumers
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understand why a recommendation has been generated, they are more likely
to perceive the platform as competent and trustworthy. Trust, in turn, reduces
uncertainty and supports purchase intention in online shopping contexts [31-
41]. Accordingly, this study proposes a sequential trust-benefit path in which
explanation-detail ~ transparency  increases  perceived  algorithm
understandability, which strengthens platform trust and, in turn, increases
purchase intention.

H1. Explanation-detail transparency positively affects perceived
algorithm understandability.

H2. Perceived algorithm understandability is positively associated
with platform trust.

H3. Platform trust is positively associated with purchase intention.

H4. Explanation-detail transparency has a positive sequential
indirect association with purchase intention through perceived
algorithm understandability and platform trust.

2.3. Privacy-Cost Path: Perceived Data Intrusiveness
and Information Privacy Concern

Information privacy research indicates that consumers respond not only to
whether data are collected but also to how data collection is framed, justified,
disclosed, and made visible in service interactions [16-18, 25]. Perceived data
intrusiveness refers to the immediate, interface-specific perception that a
platform’'s data-collection, inference, or personalization practices have
crossed a psychologically acceptable boundary. This construct is adapted
from research on advertising intrusiveness and psychological reactance for
the Al recommendation context [26, 27]. Even when data use is technically
legitimate, highly detailed explanations can make consumers more aware that
the platform has monitored browsing, interaction, and preference signals.

Information privacy concern is a broader evaluative judgment about whether
personal information is collected excessively, used without sufficient user
control, or disclosed in ways that consumers cannot anticipate [16-18].
Perceived data intrusiveness should therefore increase information privacy
concern. In turn, privacy concern may reduce purchase intention because
consumers may avoid platforms that appear to collect or infer excessive
information [19-24, 28]. This argument is also consistent with recent IJECS
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evidence that privacy concern shapes consumer behavior in e-commerce
contexts [30]. Although perceived data intrusiveness and information privacy
concern are related, they are conceptually distinct. Data intrusiveness is a
proximal perception that the displayed recommendation is over-personalized,
overly revealing, or boundary-crossing. Information privacy concern is a
broader assessment of information collection, control, secondary use, and
potential misuse. The model therefore treats the two constructs as sequential
components of the privacy-cost path.

HS. Explanation-detail transparency positively affects perceived
data intrusiveness.

H6. Perceived data intrusiveness is positively associated with
information privacy concern.

H7. Information privacy concern is negatively associated with
purchase intention.

HS8. Explanation-detail transparency has a negative sequential
indirect association with purchase intention through perceived
data intrusiveness and information privacy concern.

2.4. Calibrated Explanation-Detail Transparency and the
Discrete Concave Condition Pattern

The two paths imply that explanation-detail transparency can produce
countervailing effects. Low detail provides insufficient information to
support understanding and trust. Medium detail provides enough information
to make the recommendation logic intelligible without making data tracking
overly salient. High detail may further increase understandability, but it can
also intensify perceived data intrusiveness and privacy concern. Together,
these effects suggest that purchase intention should be highest under medium
explanation-detail transparency.

The concave-pattern argument is consistent with trust calibration: effective
explanations should provide enough information to support appropriate
reliance without introducing unnecessary risk salience or cognitive burden [9-
13, 37]. Because the experiment includes three discrete levels of explanation
detail, the empirical test is interpreted as evidence of a concave pattern across
the manipulated conditions rather than proof of a fully continuous inverted-U
relationship. The pattern is tested by coding explanation-detail transparency
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as -1, 0, and 1 and entering a squared term. A significant negative quadratic
coefficient indicates that expected purchase intention is higher in the medium-
detail condition than in the low- and high-detail conditions.

H9. Explanation-detail transparency produces a discrete concave
pattern in purchase intention across low-, medium-, and high-
detail conditions, such that purchase intention is highest under
medium explanation-detail transparency.

Figure 1 summarizes the proposed trust-benefit and privacy-cost paths and
the hypothesized discrete concave pattern in the direct condition effect.

Figure 1. Conceptual model.

Trust-benefit path

Perceived algorithm
understandability P‘ﬁtftzgp)trust
(PAU)

Discrete concave direct condition pattern
(medium detail expected to be highest)

Purchase

Explanation-detail

transparency » intention
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intrusiveness 1 concern
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perceived explanation-
detail transparency
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3. RESEARCH METHOD

3.1. Design and Experimental Stimuli

A one-factor, three-level, between-subjects online experiment was conducted.
The independent variable was the level of explanation-detail transparency in
an Al product-recommendation explanation: low, medium, or high. All
participants evaluated the same e-commerce product scenario involving
wireless Bluetooth earphones priced at CNY 199 and rated 4.7 out of 5. The
recommendation explanation was the only interface element that varied
across conditions. Table 1 presents the manipulation texts. The complete
Chinese and English versions of the low-, medium-, and high-detail
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experimental stimuli, together with their manipulated explanation-detail
features, are provided in Supplementary File S1.

The manipulation reflects a practical interface-design choice. Moving from
low to high detail increases both the amount and specificity of explanatory
information, including behavioral, preference, interaction, and scenario cues.
This feature is theoretically central to the privacy-cost mechanism because
privacy concern is expected to arise as data-use cues become more explicit.
The manipulation is therefore treated as calibrated explanation-detail
transparency rather than as a purely technical manipulation of algorithmic
transparency [9-13, 26-28].

Table 1. Experimental manipulation of recommendation explanation-detail
transparency.

Recommendation explanation displayed to

Condition participants

Transparency logic

Minimal explanation; no

Low detail This product is recommended for you. explicit data-use or
preference rationale.

. i Based on your recent relevant platform Concise data-use and
Medium detail  pehavior and product preferences, this product preference rationale.
is recommended for you.

Based on the audio products you recently

viewed, your attention to long battery life and

high-definition sound quality, and your Detailed behavioral,
High detail interactions on similar product pages, the preference, interaction,

system determines that these earphones match  and scenario rationale.

your commuting, exercise, and study

scenarios; therefore, it recommends this

product to you.

3.2. Sample, Screening, and Randomization Checks

The raw survey-platform export contained 623 submissions. A prespecified
screening procedure retained only eligible, high-quality responses.
Respondents were required to provide consent, be at least 18 years old, report
recent online shopping or browsing experience, pass the attention check,
correctly recall the product and price information, exceed the minimum
completion-time threshold, and submit complete responses without straight-
lining. The final analytic sample comprised 472 valid responses: 157 in the
low-detail condition, 158 in the medium-detail condition, and 157 in the high-
detail condition. Screening was completed before hypothesis testing and was
not modified to improve the results.
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Randomization balance was assessed in the retained sample. Most
demographic, shopping-experience, and control variables did not differ
significantly across the three explanation-detail transparency conditions. The
only significant baseline difference concerned prior purchases made because
of platform recommendations (p = .005). To reduce the likelihood that this
imbalance affected the substantive conclusions, the robustness analyses
controlled for product attractiveness, price fairness, page design, product
involvement, online shopping experience, recommendation-use frequency,
and prior purchase due to a platform recommendation. The core conclusions
remained unchanged after these controls were included.

Table 2. Sample screening and data-quality procedure.

Step

Screening stage

Rule

N before
screening

Excluded n

Retained N

Raw survey
submissions

Consent check

Age eligibility

Recent online-
shopping/browsing
experience

Attention check

Product recall

Price recall

Completion time

Original
survey-
platform
export
Excluded
non-
consenting
respondents
Excluded
respondents
below 18
years old
Excluded
respondents
without
recent
experience
Excluded
failed
attention-
check
responses
Excluded
incorrect
product recall
Excluded
incorrect
price recall
Excluded
completion
time <180
seconds

623

623

611

593

569

549

541

531

12

18

24

20

10

31

623

611

593

569

549

541

531

500
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N before

screening Excludedn Retained N

Step Screening stage Rule

Excluded
incomplete or
key-missing
cases
Excluded
straight-

10 Response quality lining/zero- 480 8 472
variance
cases
Included in
SPSS,

Final analytic PROCESS,

sample AMOS, and
SmartPLS
analyses

9 Completeness 500 20 480

11 472 0 472

Table 3. Participant profile of the valid sample (N = 472).

Variable Category n %

Gender Female 244 51.7

Gender Male 215 45.6

Gender Prefer not to disclose 8 1.7

Gender Other 5 1.1

Age 18-24 155 328

Age 25-34 187 39.6

Age 35-44 85 18.0

Age 45-54 34 7.2

Age 55 or above 11 2.3

Education High school or below 45 9.5

Education Junior college 99 21.0

Education Bachelor's degree 217 46.0

Education Master's degree 98 20.8
. Doctoral degree or

Education above 13 2.8

Monthly disposable CNY 3,000 or below 83 176

income

Monthly disposable CNY 3,001-6,000 137 29.0

income

Monthly disposable CNY 6001-9,000 119 252

income

Monthly disposable

income CNY 9,001-12,000 67 14.2

Monthly disposable

income CNY 12,001 or above 42 8.9

Monthly disposable .

income Prefer not to disclose 24 51

Average online

shopping frequency Almost every day 51 10.8

Average online Several times per 136 288

shopping frequency week

Average online Once per week 108 229

shopping frequency
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Variable Category n %
Average online Several times per
shopping frequency month 133 282
Average online Once per month or

> 44 9.3
shopping frequency less
Recommendation-use
frequency Often 109 231
Recommendation-use Sometimes 297 481
frequency
Recommendation-use
frequency Rarely 88 18.6
Recommendation-use Almost never a1 8.7
frequency
Recommendation-use
frequency Not sure 7 15
Purchased due to
platform Yes 269 57.0
recommendation
Purchased due to
platform No 132 28.0
recommendation
Purchased due to
platform Not sure 71 15.0
recommendation

Table 4. Randomization balance checks across explanation-detail
transparency conditions.

Variable Test statistic p Assessment

Gender ?=9256,df=6 .160 Balanced

Age ¥=5112,df=8 746 Balanced
Education ¥=4.018,df=8 .856 Balanced

Occupation ¥=9.131,df =12  .692 Balanced
Monthly disposable _ _

income ¥?=5.740,df =10 .837 Balanced

Average online ”_ _

shopping frequency *=9.332,df=8 315 Balanced

fecomme”da“on'“se ©=10404,df=8 238 Balanced
requency

Purchased due to .

_ _ Imbalanced; included
platform ¥ =14.771,df=4 .00 in robustness checks
recommendation
Product attractiveness 56:90.100’ df=2, .905 Balanced
Price fairness 56:90'060’ df =2, 941 Balanced
Page design 56:90'074, df =2, .929 Balanced
Product involvement F=0.104,df =2, 902 Balanced

469
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3.3. Measures

All focal constructs were measured using 7-point Likert-type scales ranging
from 1 =strongly disagree to 7 = strongly agree. The items were adapted from
established scales and prior research on explanation transparency,
recommender-system evaluation, e-commerce trust, privacy concern,
perceived data intrusiveness, purchase intention, and consumer evaluation.
The manipulation-check and perceived-algorithm-understandability items
drew on research on transparency and explanation interfaces [5, 6, 9, 13, 42].
Platform-trust items were adapted from e-commerce trust measures [31-33],
and perceived-data-intrusiveness items were adapted from measures of
advertising intrusiveness and psychological reactance [26, 27]. Information-
privacy-concern items drew on established privacy-concern scales [16, 17].
Purchase-intention and control-variable items were adapted from validated
measures of e-commerce behavior, online purchase intention, consumer value,
price fairness, website quality, and product involvement [33, 36-48]. The
questionnaire was administered in Chinese, and the finalized Chinese
questionnaire was treated as the source version for international reporting. An
English version was then prepared, and the Chinese and English texts were
compared item by item to verify construct meaning, item referents, response
anchors, and terminology. For transparency and content-validity assessment,
the complete bilingual wording of the experimental stimuli, manipulation-
check items, focal construct measures, and four multi-item control measures
is provided in Supplementary File S1. The supplement also reports the source
references, contextual adaptations, item-retention status, and analytical role
of every disclosed item. All items for the five focal structural constructs were
retained; no focal structural measurement items were deleted. The structural
model includes perceived algorithm understandability, platform trust,
perceived data intrusiveness, information privacy concern, and purchase
intention. Perceived explanation-detail transparency served only as the
manipulation check and was not included in the structural model.

Information privacy concern was modeled as a first-order construct with six
items, and purchase intention was specified as the final behavioral outcome.
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Table 5. Construct and variable mapping.

Code Construct Role Operationalization
EXPLAIN  Explanation-detail Experimental factor ~ Low detail =-1, medium
transparency detail = 0, high detail = 1
Squared explanation- ~ Discrete concave
EXPLAINZ =8 P direct effect EXPLAIN x EXPLAIN
Perceived ) ) . . . .
MC explanation-detail Manipulation check ~ Four items; not included in
transparency SEM
Perceived algorithm ~ Trust-benefit :
PAU understandagility mediator 1 Four items
pT Trust-benefit o
Platform trust mediator 2 Six items
PDI Perceived data Privacy-cost .
intrusiveness mediator 1 Four items
i i Privacy-cost
PC ::r(l)frfcrg;gtlon privacy mediat)é)r 2 Six items; first-order construct
PI . . Dependent variable  Four items; final focal
Purchase intention p outcome
Product attractiveness, price
fairness, page design, product
involvement, online shoppin
Controls CA, PF, PD, INV, Robustness checks pping

experience variables

experience, recommendation-
use frequency, and prior
purchase due to a platform
recommendation

3.4. Analytic Strategy

Analyses were conducted using SPSS 26, PROCESS 4.2, AMOS 29,
SmartPLS 4.1.0.9, and G*Power 3.1.9.7. SPSS was used for data screening,
descriptive statistics, randomization checks, reliability analysis, manipulation
checks, correlations, hierarchical regression, and robustness analyses.
PROCESS 4.2 Model 6, with 5,000 bootstrap samples and HC3 robust
standard errors, was used to test the two theoretically specified serial-
mediation paths [49, 50]. AMOS was used for confirmatory factor analysis
(CFA), common-method-bias diagnostics, structural equation modeling
(SEM), alternative-model comparisons, and supplementary path-level
bootstrap diagnostics, following established guidance on SEM and
measurement validity [51-56]. SmartPLS was used to obtain supplementary
heterotrait-monotrait ratio (HTMT) evidence of discriminant validity,
particularly for perceived data intrusiveness and information privacy concern
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[57]. G*Power was used to conduct a sensitivity analysis for the three-group
design [58, 59].

The discrete concave pattern was tested by coding explanation-detail
transparency as -1, 0, and 1 and entering the squared term. A significant
negative coefficient for EXPLAIN2 indicates that expected purchase
intention is higher in the medium-detail condition than in the low- and high-
detail conditions. Because the independent variable has three ordered
experimental levels and the direct relationship is nonlinear, supplementary
mediation analyses included EXPLAINZ2 and the control variables. The core
serial-mediation conclusions remained unchanged. The experimental
manipulation supports causal inference regarding the effect of the
explanation-detail condition. However, because the mediators and outcome
were measured in the same questionnaire wave, the sequential mediation
results are interpreted as theory-driven evidence consistent with the proposed
trust-benefit and privacy-cost mechanisms rather than as definitive proof of
temporally ordered psychological processes.

3.5. Ethics, Consent, and Data Protection

Under the institutional requirements applicable at the time of data collection,
formal ethics review was not required for this anonymous, low-risk,
noninterventional, scenario-based online survey of adult participants. The
study did not involve clinical procedures, vulnerable groups, real purchases,
financial transactions, access to participants' actual browsing histories, or the
collection of identifiable personal information. Before participation, all
respondents received an informed-consent statement explaining the academic
purpose of the study, voluntary participation, anonymity, aggregate reporting,
and their right to withdraw without penalty. Survey-platform operational
metadata were used solely for data-quality screening and were removed from
the de-identified analytic dataset.

Eligibility was limited to adults with recent online shopping or browsing
experience. All results are reported in aggregate.



Zhang Danfeng and Siva Kumar Ramasamy 69

4. RESULTS

4.1. Manipulation Check

The manipulation check confirmed that participants perceived the three
recommendation explanations as intended. Perceived explanation-detail
transparency increased monotonically across the low-, medium-, and high-
detail conditions. The groups were nearly equal in size, with 157, 158, and
157 valid respondents, respectively.

Table 6. Manipulation check for perceived explanation-detail transparency.
EXPLAIN SDorp

Group/test code N Statistic or mean value Assessment
Low detail -1 157  2.748 0.776 a
Medium detail 0 158 4.877 0.798 b
High detail 1 157 5.854 0.709 c
_ - <.001, 12 Manipulation
ANOVA 472 F(2,469)=681.516 I; o n successful
Homogeneity
Levene test - 472 F=0.724 p=.485 of variance
supported
. All pairwise
Tukey HSD - 472 oW <Medium < all p < .001 differences
High p<. A
significant

4.2. Reliability, Validity, and Common Method Bias

All multi-item measures demonstrated acceptable to excellent reliability
under conventional measurement-quality criteria [52, 55, 56]. The five-factor
CFA measurement model fit the data well, and all standardized loadings for
the five structural-model constructs were acceptable. Composite reliability
and average variance extracted met conventional thresholds [51, 52, 55]. The
highest HTMT value was .764 for perceived data intrusiveness and
information privacy concern, which was below the conservative threshold
of .85 [57]. The two constructs were therefore related but empirically
distinguishable.

Common method bias was assessed using Harman's single-factor test and a
comparison with a single-factor CFA model [53]. The first unrotated factor
explained 37.111% of the variance and did not dominate the factor solution.
The single-factor CFA model also fit the data substantially worse than the
theoretical five-factor model. Together, these diagnostics indicate that
common method bias is unlikely to account for the principal findings.
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Table 7. Reliability and convergent validity.
CFA loading Cronbach's

Construct  Items range a CR AVE Rating

MC 4 -- 979 -- -- Manipulation check only
PAU 4 0.924-0.935 .961 .961 .861 Excellent

PT 6 0.842-0.869 .943 .943 735 Excellent

PDI 4 0.932-0.944 967 .967 .880 Excellent

PC 6 0.853-0.892 .949 .950 .758 Excellent

PI 4 0.787-0.814 876 .876 .639 Good

Note. For MC, corrected item-total correlations ranged from .946 to .949. MC was used only as the
manipulation check and was not included in the CFA. CFAfit: chi-square/df = 1.099, GFI = .957, AGFI
=.946, NFI = .977, IFI = 998, TLI = .998, CFI = .998, RMR = .039, and RMSEA = .014. CR =
composite reliability; AVE = average variance extracted.

Table 8. Common method bias and discriminant-validity diagnostics.

Diagnostic Key result Criterion Assessment
KMO = .946;
Harman single-factor ~ Bartlett x*(276) = No single factor No single factor
test 11444.053, p <.001;  should dominate dominated
first unrotated factor
=37.111%
Theoretical five- x*/df=1.099; CFI Good fit Supported
factor CFA =.998; RMSEA measurement model
=.014
, x*/df =27.634; CFI , Substantially worse
Single-factor CFA = 411: RMSEA Poor fit than five-factor model
=.238
HTMT discriminant  Highest HTMT PDI and PC are
validity i for pDLpC | Delow 85 distinguishable

4.3. Descriptive Statistics and Correlations

Table 9 presents descriptive statistics and correlations for the core model
variables. The correlation pattern was broadly consistent with the proposed
dual-path model: explanation-detail transparency was positively associated
with perceived algorithm understandability and perceived data intrusiveness;
platform trust was positively associated with purchase intention; and

information privacy concern was negatively associated with purchase
intention.
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Table 9. Descriptive statistics and correlations.
No. Variable M SD 1 2 3 4 5 6 7

1 EXPLAIN 0.000 0816 1

2 EXPLAIN2  0.665 0.472 .000 1

3 PAU 4635 1193  .659** -277** 1

4 PT 4659 1.017  .231** -454** 532** 1]

5 PDI 4086 1.284 .719** 072 463** 078 1

6 pC 4055 1.233 .580** .041 .335%* 042 7327 1

7 Pl 4646 1.076  .162**  -432** .390**  .549**  -020 -153** 1

Note. EXPLAIN was coded -1 = low detail, 0 = medium detail, 1 = high detail. EXPLAIN? is the
squared term. ** p < .01.

4.4. Discrete Concave Direct Pattern of Explanation-
Detail Transparency

Hierarchical regression supported the hypothesized concave pattern across
the three discrete explanation-detail transparency conditions. After the
control variables were entered, the linear term was positive and significant,
whereas the squared term was negative and significant. The squared term
added substantial explanatory power, and variance inflation factor (VIF)
values were close to 1, indicating that multicollinearity was not a concern. As
shown in Figure 2, the observed group means exhibited an asymmetric
concave pattern: purchase intention was highest in the medium-detail
condition (M = 5.301), lower in the high-detail condition (M = 4.530), and
lowest in the low-detail condition (M = 4.104). Because the manipulation
includes three ordered experimental levels, this result is interpreted as a
discrete concave condition pattern rather than as an unrestricted continuous
nonlinear curve.
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Figure 2. Purchase intention means across explanation-detail transparency
conditions.
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Table 10. Hierarchical regression test of the discrete concave direct pattern.

Model Variables Key coefficient  Incremental Conclusion
entered or model fit model fit
CA,PF,PD,  R2=.118; F(a467)=15618, ~ Coseline controls
M1 controls INV adjusted R2 0 < .001 significant as a
=.110 block
M2 linear .
explanation- QQ%L AIN B=.209, B AR = 025 Lln_ezflr trend
detail term =.159, p <.001 positive
: B=-962,p= .
M3 quadratic ~ Add SA22 t=- AR?=178; final ~ Concave pattern
term EXPLAIN2 11.050, p R2= 321 supported
<.001
VIF values No evidence of
i i i approximatel i problematic
Diagnostics Final model 1F;)rl)3urbin- y multicollincarity

Watson = 2.002

or autocorrelation

4.5. Serial-Mediation Results

The PROCESS 4.2 Model 6 results were consistent with both theoretically
specified serial-mediation mechanisms [49, 50]. Along the trust-benefit path,
higher explanation-detail conditions were associated with greater perceived
algorithm understandability; perceived algorithm understandability was
positively associated with platform trust, which was positively associated
with purchase intention. The estimated full sequential indirect effect of
explanation-detail transparency on purchase intention through perceived
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algorithm understandability and platform trust was positive and significant.
These associations are interpreted as evidence consistent with the proposed
mechanism rather than as proof of a temporally ordered causal sequence.

Along the privacy-cost path, higher explanation-detail conditions were
associated with greater perceived data intrusiveness; perceived data
intrusiveness was positively associated with information privacy concern,
which was negatively associated with purchase intention. The estimated full
sequential indirect effect of explanation-detail transparency on purchase
intention through perceived data intrusiveness and information privacy
concern was negative and significant. These associations are likewise
interpreted as mechanism-consistent evidence. Because EXPLAIN2 captured
the nonlinear direct component, the robustness models included EXPLAIN2
and the control variables; the key chain estimates remained significant and in
the expected directions.

Table 11. PROCESS serial-mediation results.

Significance or

Mechanism Path Estimate Cl Conclusion
Trust-benefit EXPLAIN — _
chain PAU B =.9603 p <.001 Supported
;:‘;is:be”ef” PAU — PT B = 5349 b <.001 Supported
Ir:‘;isrt]'be”ef't PT — PI B =.4604 p < .001 Supported
Indirect effect
Trust-benefit ﬁﬁLﬁIETi = 2365; 95% Cl Subnorted
chain o1 BootSE [.1765, .3048] PP
= 0326
Privacy-cost EXPLAIN — _
chain PDI B =1.1322 p <.001 Supported
(I;zgﬁcy-cost PDI — PC B =.6165 p <.001 Supported
Cpr:gﬁcy'co“ PC — PI B =-.2919 b <.001 Supported
Indirect effect
Privacy-cost gglP Eﬂ}é T =-2038; 95% CI[-2910, g
chain i BOOtSE -1259] PP
= 0424

Note. PROCESS 4.2 Model 6 used 5,000 bootstrap samples, 95% confidence intervals, HC3 robust
standard errors, and control variables [49, 50]. Estimates are unstandardized. Supplementary models
that included EXPLAIN? yielded the same substantive mediation conclusions.
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4.6. SEM, Bootstrap Diagnostics, and Alternative
Models

The AMOS structural model demonstrated acceptable-to-good fit and
supported all core structural paths. The model explained 44.7% of the
variance in perceived algorithm understandability, 30.6% in platform trust,
53.8% in perceived data intrusiveness, 58.5% in information privacy concern,
and 41.3% in purchase intention. Although the RMR was comparatively high,
the remaining fit indices consistently indicated acceptable-to-good model fit
under conventional SEM guidelines [54, 55]. The RMR was therefore
interpreted cautiously rather than used as the sole basis for rejecting the model.

Table 12. SEM model fit and structural paths.
Result type/path Estimate Interpretation
2 =482.130; df =292; y2/df =
1.651; GFI =.929; AGFI = .914;
Model fit NFI =.961; IFI =.984; TLI Overall acceptable-to-good fit
=.982; CFl =.984; RMR = .119;
RMSEA =.037; AIC =600.130

EXPLAIN — PAU B =.668;p <.001

Trust-benefit path start

supported

PAU — PT B =.553;p<.001 g’ur;;t;)tzgeflt path middle
PT — PI B=.471;p<.001 ;FJBSE:thgeflt outcome path
EXPLAIN > PDI  B=.733;p< .00l privacy:Costpath st
PDI — PC B=.765;p <.001 SPJB:)egcr);égost path middle
PC — PI B =-.356; p < .001 EJ;)\;&:;:r)g((:jost outcome path
EXPLAIN — PI B =.278;p <.001 Egrsr:ggﬁgrﬂear direct
EXPLAIN2 — PI B =-.266; p < .001 gjopnp%ar\gddlrect component
R2 PAU = .447; PT = .306; PDI Moderate-to-strong

=.538; PC = .585; Pl = 413 explanatory power

The AMOS bootstrap diagnostics provided supplementary path-level
evidence for both theoretically specified mechanisms. Across 5,000 bias-
corrected bootstrap samples, the confidence interval for each of the six
component paths excluded zero: EXPLAIN — PAU, PAU — PT, PT — PI,
EXPLAIN — PDI, PDI — PC, and PC — PI. These results are interpreted as
path-level robustness evidence. The complete sequential indirect effects were
tested primarily using PROCESS 4.2 Model 6, which provides dedicated
bootstrap confidence intervals for each complete serial indirect effect.
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Table 13. AMOS bootstrap path-level diagnostics.

Path B BC 95% ClI p Interpretation
EXPLAIN — 668 [.617, .713] 001 Trust-benefit start
PAU supported

PAU — PT 553 [.475, 617] 001 Trust-benefit

middle supported
Trust-benefit

PT — PI 471 [.377, .559] <.001 outcome
supported

EXPLAIN — 733 [691| 770] <.001 PriVacy'COSt start

PDI supported

PDI — PC 765 [.725, .800] <.001 Privacy-cost

middle supported

Privacy-cost
PC — PI -.356 ['451, '260] <.001 outcome

supported
Note. AMOS estimates are standardized and are based on 5,000 bias-corrected bootstrap samples. This

table reports confidence intervals for the component paths from the supplementary AMOS analysis. The
PROCESS 4.2 Model 6 results in Table 11 provide the primary tests of the complete sequential indirect
effects of EXPLAIN on PI.

Alternative-model comparisons were conducted to determine whether the
retained theoretical model offered mechanism-level explanatory value
beyond simpler specifications. The models were not treated as
interchangeable tests of the same question. The direct-effect-only model
included the same experimental condition variables and purchase-intention
outcome and showed excellent global fit; however, it omitted the latent trust-
benefit and privacy-cost constructs and therefore summarized only condition
mean differences. It could not address the study's central mechanism
questions. The trust-only and privacy-only models each included a single
mediator chain and therefore omitted the competing mechanism central to the
personalization-paradox and trust-calibration logic. The reverse-path
alternative fit the data substantially worse than the theoretical model,
reducing concern that the proposed directionality was arbitrary. Accordingly,
the theoretical model was retained on the basis of its purpose, construct
coverage, directionality, and supported mechanism evidence rather than
global fit statistics alone. Because the specifications differ in their observed-
variable sets, latent structures, and degrees of freedom, they are neither nested
nor directly comparable on a like-for-like basis. Their fit indices are therefore
interpreted in relation to each model's theoretical purpose rather than used for
mechanical ranking.
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Table 14. Alternative model comparison.

:\/Iode Specification x3/df CFI RMSEA Interpretation

Theoretical main model: trust- . . .
M1  benefit + privacy-cost + concave ~ 1.651  .984  .037 Retained as final theoretical

direct effect mechanism model

Direct effects only: EXPLAIN and Parsimonious support for
M2 EXPLAINZ — PI 1204 998 .02l direct effects, but no

mechanism evidence

M3 Trust-benefit path only 2450 977 055 Acceptable fit, but omits the
privacy-cost mechanism

M4 Privacy-cost path only 1.232 997  .022 Good fit, but omits the trust-
benefit mechanism

M5  Reverse-path alternative model ~ 3.511  .939  .073 Weaker fit; does not replace
theoretical model

4.7. Robustness Checks and Statistical Power

Robustness checks addressed randomization imbalance, potential control-
variable confounding, nonlinear specification, and discriminant validity. To
maintain readability, the hypothesis tests in Sections 4.4-4.6 are presented as
the primary analyses, whereas the additional regression, PROCESS 4.2,
AMOS-control, AMOS path-level bootstrap, SmartPLS HTMT, and
G*Power results are treated as supplementary robustness evidence. The
concave direct pattern remained significant after product attractiveness, price
fairness, page design, and product involvement were entered as controls. The
PROCESS 4.2 mediation results remained stable when the nonlinear term and
the same controls were included; an extended check additionally controlled
for online shopping experience, recommendation-use frequency, and prior
purchase due to a platform recommendation. AMOS models that included
controls preserved the direction and significance of the core structural paths,
and the supplementary AMOS bootstrap diagnostics showed that all six
component-path confidence intervals excluded zero. The SmartPLS analysis
showed that all HTMT values were below .85, with the highest value
observed for PDI and PC (.764) [57]. The sensitivity analysis followed
established guidance on statistical power [58, 59].
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Table 15. Robustness and power summary.

Check Key result

Conclusion

o EXPLAIN — PI: B= 213, p=.162, p < .001;
Regression with controls gxp1 AIN2 — PI: B = -.958 B=-421p

<.001

PROCESS trust path
with controls

PROCESS privacy path
with controls and
EXPLAIN2

Extended controls,
including prior
recommendation-driven
purchase

HTMT discriminant
validity < .85
G*Power sensitivity
analysis

EXPLAIN — PAU — PT — PI: effect=.237,
95% CI[.178, .302]

EXPLAIN — PDI — PC — PI: effect = -.207,
95% CI [-.282, -.134]; EXPLAIN2 — PI. B=
-.936, p<.001

EXPLAIN2 — PI: p =-.424, p <.001, trust-
benefit chain effect =.2345, 95% CI

[.1720, .3025]; privacy-cost chain effect =
-.2074, 95% CI [-.2935, -.1276]

Highest HTMT =.764 for PDI-PC; all values

N=472, 0=
detectable f = .143

.05, power = .80, three groups;

Concave direct effect remained
robust

Trust-benefit chain remained
robust

Privacy-cost chain and
nonlinear term remained robust

Core conclusions remained
robust after controlling for
prior purchase due to a
platform recommendation

Discriminant validity supported

The sample was adequate to
detect small group differences

4.8. Hypothesis Summary

Table 16. Hypothesis-testing summary.

Is—i|sypothe Expected effect Main evidence Conclusion
H1 EXPLAIN — PAU (+) SEM B =.668; PROCESS B =.9603 Supported
H2 PAU — PT (+) SEM B =.553; PROCESS B =.5349 Supported
H3 PT —-PI(+) SEM B =.471; PROCESS B =.4604 Supported
EXPLAIN — PAU — PT PROCESS effect =.2365; 95% Cl
H4 SPI(H) [.1765, .3048] Supported
H5 EXPLAIN — PDI (+) SEM =.733; PROCESS B =1.1322 Supported
H6 PDI — PC (+) SEM B =.765; PROCESS B =.6165 Supported
H7 PC — PI(-) SEM f =-.356; PROCESS B = -.2919 Supported
H8 EXPLAIN — PDI — PC PROCESS effect = -.2038; 95% Cl Supported
—PI() [-.2910, -.1259] PP
H9 gloncave direct effect on Regression = -.422; SEM B = -.266 Supported
ﬁtuappleme AMOS path-level Six component-path BC 95% Cls Path-level robustness
anarlil/sis bootstrap excluded zero supported

Note. AMOS bootstrap path-level results are supplementary robustness evidence. Complete trust-
benefit and privacy-cost serial indirect effects are evaluated primarily with PROCESS 4.2 Model 6.
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5. DISCUSSION

The findings indicate that explanation-detail transparency in Al
recommendation interfaces has both benefits and costs for e-commerce
system design. On the benefit side, greater explanation detail was associated
with higher perceived algorithm understandability and platform trust, and the
trust-path estimates were consistent with stronger purchase intention. On the
cost side, greater detail made data use more visible and was associated with
higher perceived data intrusiveness and information privacy concern, while
privacy concern was negatively associated with purchase intention. Taken
together, the results are consistent with the interpretation that
recommendation explanations operate as both competence signals and
privacy-risk signals, which helps account for why the most detailed interface
Is not necessarily the most effective in terms of purchase intention.

The concave condition pattern has a central implication for interface design.
The medium-detail condition showed the highest purchase intention. This
pattern is consistent with the interpretation that medium detail provided
sufficient rationale for consumers to understand the recommendation without
overemphasizing the breadth of data tracking. The pattern was asymmetric:
the high-detail condition still outperformed the low-detail condition but
performed worse than the medium-detail condition. The managerial
implication is therefore not that transparency should be avoided, but that
explanation detail should be calibrated.

The study also clarifies the distinction between perceived data intrusiveness
and information privacy concern. Their correlation and HTMT value indicate
that the constructs are related, whereas the discriminant-validity results show
that they are empirically distinct. This finding is consistent with the proposed
privacy-cost sequence: a highly detailed explanation may make data use feel
intrusive, and that perception was associated with broader privacy concern
and lower purchase intention.

From an e-commerce management perspective, Al recommendation
explanations should be designed as calibrated rather than maximal disclosure.
Platforms should make the reasons for a recommendation visible, concrete,
and easy for consumers to understand, while avoiding excessive lists of
behavioral traces or highly granular inferred scenarios in the default interface.
Additional information can be made available through expandable "Why am
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I seeing this?' links, privacy dashboards, layered notices, data-control options,
and user-adjustable explanation-depth settings. Such a layered design can
preserve the trust benefits of transparency while mitigating its privacy costs.

6. THEORETICAL CONTRIBUTIONS

First, this study extends research on explainable recommender systems by
showing that recommendation explanations are not merely cognitive aids that
make algorithmic matching easier to understand. They also serve as privacy-
risk signals by revealing how consumers interpret a platform's use of personal
data. This dual-signal logic helps reconcile research that emphasizes the
benefits of transparency with privacy research that highlights the costs of
personalization.

Second, the study contributes to e-commerce trust research by identifying
perceived algorithm understandability as an antecedent of platform trust in Al
recommendation contexts. Trust is therefore shaped not only by platform
reputation, vendor safeguards, transaction security, or sanctions but also by
the intelligibility of algorithmic product matching in the recommendation
interface.

Third, the study contributes to research on privacy and the personalization
paradox by distinguishing perceived data intrusiveness from information
privacy concern. This distinction clarifies how privacy costs may unfold.
Consumers may first perceive an explanation as revealing excessive detail
about data use, after which this sense of intrusiveness may develop into
broader concern about information collection and control.

Fourth, the study advances a calibrated explanation-detail transparency
perspective for e-commerce theory and system design. Rather than treating
transparency as a unidirectional benefit or a simple disclosure obligation, the
study identifies a discrete concave design logic in this experimental context.
Here, the medium-detail condition was associated with the highest purchase
intention, suggesting that moderate explanation detail may offer a favorable
balance between trust benefits and privacy costs.

7. PRACTICAL IMPLICATIONS

For e-commerce managers, the results suggest that recommendation
explanations should be concise, relevant, and easy to understand. An effective
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default explanation should answer a consumer's basic question, 'Why is this
product recommended to me?" without implying that the platform has
developed an exhaustive profile of the consumer.

Platforms should avoid default explanations that enumerate excessive
behavioral records, inferred preferences, or life scenarios. Such wording may
increase transparency in a literal sense while simultaneously triggering
perceptions of data intrusiveness. A layered design is preferable: platforms
can display a medium-detail explanation by default, provide an expandable
'Why am | seeing this?' explanation for users who want more information,
link the explanation to a privacy dashboard, offer data-control options such
as enabling or disabling specific signals, and allow users to adjust explanation
depth.

Al governance teams should evaluate recommendation explanations using
both trust and privacy metrics. A/B tests that measure only click-through or
conversion outcomes may overlook privacy concern and longer-term trust
calibration. Interface reviews should therefore assess whether an explanation
functions as a competence signal without becoming a privacy-risk signal. The
measures used in this study, which draw on validated scales of e-commerce
trust, privacy concern, intrusiveness, purchase intention, and website
evaluation [16, 17, 26, 27, 31-48], provide a useful diagnostic set for
determining whether explanations are informative without being intrusive.

8. LIMITATIONS AND FUTURE RESEARCH

This study has several limitations. First, it used a scenario-based experiment
involving a single product category and price point. The evidence should
therefore be interpreted within this product, scenario, and cultural and
platform context. Future research should examine whether the calibrated
explanation-detail pattern holds for high-involvement products, services,
financial recommendations, health-related recommendations, and other
privacy-sensitive services. Second, the dependent variable was purchase
intention rather than actual purchase behavior. Although purchase intention
is appropriate for a scenario experiment, the findings should not be
generalized to actual conversion effects. Future studies could combine
experimental manipulations with clickstream data, add-to-cart behavior,
subscription renewal, actual purchases, conversion outcomes, or field A/B
tests.
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Third, the sample comprised online consumers with recent shopping or
browsing experience in a specific cultural and platform context. Cross-
cultural research could examine whether privacy sensitivity, trust formation,
and preferences for explanation detail vary across markets. Fourth, the study
used three discrete levels of explanation detail. Future research could examine
richer formats, including visual explanations, counterfactual explanations,
natural-language explanations generated by large language models, and user-
controlled layered explanations.

Fifth, the manipulation represents realistic explanation-detail calibration
rather than a pure manipulation of technical transparency. The high-detail
condition necessarily made behavioral and preference cues more explicit.
Although this feature is central to the privacy-cost mechanism, it may also
have introduced perceptions of data salience or creepiness. Future studies
should manipulate explanation amount, data-type specificity, personalization
depth, and tone independently to identify which design features most strongly
activate privacy concern.

Sixth, because the mediators and outcome were measured in the same
questionnaire wave, the sequential mediation paths should be interpreted as
theory-driven mechanism tests rather than as definitive evidence of
temporally ordered psychological processes. Longitudinal or multistage
experimental designs could strengthen causal inference regarding the
progression from understandability to trust and from data intrusiveness to
privacy concern and purchase intention.

Finally, although formal ethics review was not required under the institutional
requirements applicable at the time of data collection, future studies should
prospectively document the applicable ethics-review or exemption status and
report it clearly.

9. CONCLUSIONS

This study indicates that explanation-detail transparency in Al
recommendations is associated with both trust benefits and privacy costs in
e-commerce. Greater explanation detail was associated with higher perceived
algorithm understandability and platform trust, and the trust-path estimates
were consistent with stronger purchase intention. At the same time, greater
detail was associated with higher perceived data intrusiveness and
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information privacy concern, while privacy concern was negatively
associated with purchase intention. The coexistence of these mechanism-
consistent patterns helps account for the asymmetric discrete concave
condition pattern observed in the experiment: the medium-detail condition
produced the most favorable purchase intention. The findings support
calibrated explanation-detail transparency as a design principle for human-
centered Al recommendation systems. E-commerce platforms should not
equate transparency with maximum disclosure; instead, they should provide
explanations that are understandable, relevant, and sensitive to privacy
concerns.

10. DECLARATIONS
10.1. Funding

This research received no external funding.
10.2. Institutional Review Board Statement

Under the institutional requirements applicable at the time of data collection,
formal ethics review was not required for this anonymous, low-risk,
noninterventional, scenario-based online survey of adult participants. The
study did not involve clinical procedures, vulnerable groups, real purchases,
financial transactions, access to participants' actual browsing histories, or the
collection of identifiable personal information. Informed consent was
obtained before participation, and the procedure incorporated voluntary
participation, anonymity, aggregate reporting, and data minimization.

10.3. Informed Consent Statement

Informed consent was obtained from all participants before they began the
questionnaire. Participants were informed of the study's academic purpose,
the anonymous and aggregate use of their responses, the voluntary nature of
participation, and their right to withdraw without penalty.

10.4. Data Availability Statement

The de-identified analytic dataset and study materials may be made available
as supplementary materials or obtained from the authors upon reasonable
request. Raw survey-platform exports are not publicly available because they
may contain operational metadata that are unnecessary for replication.



Zhang Danfeng and Siva Kumar Ramasamy 83

10.5. Conflicts of Interest

The authors declare no conflicts of interest.

11. REFERENCES

[1] T. Davenport, A. Guha, D. Grewal, and T. Bressgott, "How artificial
intelligence will change the future of marketing," Journal of the Academy of
Marketing Science, vol. 48, no. 1, pp. 24-42, 2020, doi: 10.1007/s11747-019-
00696-0.

[2] M.-H. Huang and R. T. Rust, "A strategic framework for artificial
intelligence in marketing," Journal of the Academy of Marketing Science, vol.
49, no. 1, pp. 30-50, 2021, doi: 10.1007/s11747-020-00749-9.

[3] J. L. Herlocker, J. A. Konstan, and J. Riedl, "Explaining collaborative
filtering recommendations," in Proceedings of the 2000 ACM Conference on
Computer Supported Cooperative Work, Philadelphia, PA, USA, 2000, pp.
241-250, doi: 10.1145/358916.358995.

[4] H. Cramer, V. Evers, S. Ramlal, M. van Someren, L. Rutledge, N. Stash,
L. Aroyo, and B. Wielinga, "The effects of transparency on trust in and
acceptance of a content-based art recommender," User Modeling and User-
Adapted Interaction, vol. 18, no. 5, pp. 455-496, 2008, doi: 10.1007/s11257-
008-9051-3.

[5] P. Pu and L. Chen, "Trust building with explanation interfaces," in
Proceedings of the 11th International Conference on Intelligent User
Interfaces, Sydney, Australia, 2006, pp- 93-100, doi:
10.1145/1111449.1111475.

[6] P. Pu, L. Chen, and R. Hu, "A user-centric evaluation framework for
recommender systems," in Proceedings of the Fifth ACM Conference on
Recommender Systems, Chicago, IL, USA, 2011, pp. 157-164, doi:
10.1145/2043932.2043962.

[7] I. Nunes and D. Jannach, "A systematic review and taxonomy of
explanations in decision support and recommender systems," User Modeling
and User-Adapted Interaction, vol. 27, no. 3, pp. 393-444, 2017, doi:
10.1007/s11257-017-9195-0.



84 International Journal of Electronic Commerce Studies

[8]Y. Zhang and X. Chen, "Explainable recommendation: A survey and new
perspectives,”" Foundations and Trends in Information Retrieval, vol. 14, no.
1, pp. 1-101, 2020, doi: 10.1561/1500000066.

[9] R. F. Kizilcec, "How much information? Effects of transparency on trust
in an algorithmic interface," in Proceedings of the 2016 CHI Conference on
Human Factors in Computing Systems, San Jose, CA, USA, 2016, pp. 2390-
2395, doi: 10.1145/2858036.2858402.

[10] A. Rai, "Explainable Al: From black box to glass box," Journal of the
Academy of Marketing Science, vol. 48, no. 1, pp. 137-141, 2020, doi:
10.1007/s11747-019-00710-5.

[11] A. Barredo Arrieta, N. Diaz-Rodriguez, J. Del Ser, A. Bennetot, S. Tabik,
A. Barbado, S. Garcia, S. Gil-Lopez, D. Molina, R. Benjamins, R. Chatila,
and F. Herrera, "Explainable artificial intelligence (XAI): Concepts,
taxonomies, opportunities and challenges toward responsible AL"
Information Fusion, vol. 58, pp- 82-115, 2020, doi:
10.1016/j.inffus.2019.12.012.

[12] D. Shin, "The effects of explainability and causability on perception,
trust, and acceptance: Implications for explainable AL" International Journal
of Human-Computer Studies, vol. 146, Article 102551, 2021, doi:
10.1016/j.ijhcs.2020.102551.

[13] L.-V. Herm, K. Heinrich, J. Wanner, and C. Janiesch, "Stop ordering
machine learning algorithms by their explainability! A user-centered
investigation of performance and explainability," International Journal of
Information Management, vol. 69, Article 102538, 2023, doi:
10.1016/j.ijinfomgt.2022.102538.

[14] S. K. Addagarla and A. Amalanathan, "A survey on comprehensive
trends in recommendation systems & applications," International Journal of
Electronic Commerce Studies, vol. 10, no. 1, pp. 65-88, 2019, doi:
10.7903/ijecs.1705.

[15] M. N. P. Ma'ady and S. A. K. Wardhani, "Analysis of trust mechanism in
social commerce: A systematic literature review," International Journal of
Electronic Commerce Studies, vol. 13, no. 2, pp. 197-221, 2022, doi:
10.7903/ijecs.2015.



Zhang Danfeng and Siva Kumar Ramasamy 85

[16] H. J. Smith, S. J. Milberg, and S. J. Burke, "Information privacy:
Measuring individuals' concerns about organizational practices," MIS
Quarterly, vol. 20, no. 2, pp. 167-196, 1996, doi: 10.2307/249477.

[17] N. K. Malhotra, S. S. Kim, and J. Agarwal, "Internet users' information
privacy concerns (IUIPC): The construct, the scale, and a causal model,"
Information Systems Research, vol. 15, no. 4, pp. 336-355, 2004, doi:
10.1287/isre.1040.0032.

[18] M. J. Culnan and P. K. Armstrong, "Information privacy concerns,
procedural fairness, and impersonal trust: An empirical investigation,"
Organization Science, vol. 10, no. 1, pp. 104-115, 1999, doi:
10.1287/orsc.10.1.104.

[19] N. F. Awad and M. S. Krishnan, "The personalization privacy paradox:
An empirical evaluation of information transparency and the willingness to
be profiled online for personalization," MIS Quarterly, vol. 30, no. 1, pp. 13-
28, 20006, doi: 10.2307/25148715.

[20] E. Aguirre, D. Mahr, D. Grewal, K. de Ruyter, and M. Wetzels,
"Unraveling the personalization paradox: The effect of information collection
and trust-building strategies on online advertisement effectiveness," Journal
of Retailing, vol. 91, no. 1, pp. 34-49, 2015, doi: 10.1016/j.jretai.2014.09.005.

[21] A. Bleier and M. Eisenbeiss, "Personalized online advertising
effectiveness: The interplay of what, when, and where," Marketing Science,
vol. 34, no. 5, pp. 669-688, 2015, doi: 10.1287/mksc.2015.0930.

[22] T. B. White, D. L. Zahay, H. Thorbjornsen, and S. Shavitt, "Getting too
personal: Reactance to highly personalized email solicitations," Marketing
Letters, vol. 19, no. 1, pp. 39-50, 2008, doi: 10.1007/s11002-007-9027-9.

[23] K. D. Martin and P. E. Murphy, "The role of data privacy in marketing,"
Journal of the Academy of Marketing Science, vol. 45, no. 2, pp. 135-155,
2017, doi: 10.1007/s11747-016-0495-4.

[24] K. D. Martin, A. Borah, and R. W. Palmatier, "Data privacy: Effects on
customer and firm performance," Journal of Marketing, vol. 81, no. 1, pp. 36-
58,2017, doi: 10.1509/jm.15.0497.



86 International Journal of Electronic Commerce Studies

[25] S. Petronio, Boundaries of Privacy: Dialectics of Disclosure. Albany, NY,
USA: State University of New York Press, 2002.

[26] H. Li, S. M. Edwards, and J.-H. Lee, "Measuring the intrusiveness of
advertisements: Scale development and validation," Journal of Advertising,
vol. 31, no. 2, pp. 37-47, 2002, doi: 10.1080/00913367.2002.10673665.

[27]S. M. Edwards, H. Li, and J.-H. Lee, "Forced exposure and psychological
reactance: Antecedents and consequences of the perceived intrusiveness of
pop-up ads," Journal of Advertising, vol. 31, no. 3, pp. 83-95, 2002, doi:
10.1080/00913367.2002.10673678.

[28] T. Kim, K. Barasz, and L. K. John, "Why am I seeing this ad? The effect
of ad transparency on ad effectiveness," Journal of Consumer Research, vol.
45, no. 5, pp. 906-932, 2019, doi: 10.1093/jcr/ucy039.

[29] C.-B. Wong and K. M. Nor, "The influence of perceived effective
sanctions on customer's initial trusting beliefs and initial trusting intention
towards unfamiliar web retailers," International Journal of Electronic
Commerce Studies, vol. 13, no. 4, pp. 15-38, 2022, doi: 10.7903/ijecs.2057.

[30] L. Jumen, H. Rizal, and A. R. Krishnan, "Examining consumer behavior
and brand awareness through expectancy theory: The moderating effect of
privacy concerns," International Journal of Electronic Commerce Studies, vol.
16, no. 2, pp. 1-24, 2025, doi: 10.7903/ijecs.2268.

[31] D. H. McKnight, V. Choudhury, and C. Kacmar, "Developing and
validating trust measures for e-commerce: An integrative typology,"
Information Systems Research, vol. 13, no. 3, pp. 334-359, 2002, doi:
10.1287/isre.13.3.334.81.

[32] D. Gefen, E. Karahanna, and D. W. Straub, "Trust and TAM in online
shopping: An integrated model," MIS Quarterly, vol. 27, no. 1, pp. 51-90,
2003, doi: 10.2307/30036519.

[33] P. A. Pavlou, "Consumer acceptance of electronic commerce: Integrating
trust and risk with the technology acceptance model," International Journal of
Electronic Commerce, vol. 7, no. 3, pp. 101-134, 2003, doi:
10.1080/10864415.2003.11044275.



Zhang Danfeng and Siva Kumar Ramasamy 87

[34] D.J. Kim, D. L. Ferrin, and H. R. Rao, "A trust-based consumer decision-
making model in electronic commerce: The role of trust, perceived risk, and

their antecedents," Decision Support Systems, vol. 44, no. 2, pp. 544-564,
2008, doi: 10.1016/j.dss.2007.07.001.

[35] V. Venkatesh, J. Y. L. Thong, and X. Xu, "Consumer acceptance and use
of information technology: Extending the unified theory of acceptance and
use of technology," MIS Quarterly, vol. 36, no. 1, pp. 157-178, 2012, doi:
10.2307/41410412.

[36] E. T. Loiacono, R. T. Watson, and D. L. Goodhue, "WebQual: An
instrument for consumer evaluation of web sites," International Journal of
Electronic Commerce, vol. 11, no. 3, pp. 51-87, 2007, doi: 10.2753/JEC1086-
4415110302.

[37] J. C. Sweeney and G. N. Soutar, "Consumer perceived value: The

development of a multiple item scale," Journal of Retailing, vol. 77, no. 2, pp.
203-220, 2001, doi: 10.1016/S0022-4359(01)00041-0.

[38] T. A. Wani and S. W. Alj, "Determinants of online purchase intentions: A
study of Indian buyers," Amity Journal of Management Research, vol. 1, no.
1, pp. 94-109, 2016.

[39] C. K. Dewi, Z. Mohaidin, and M. A. Murshid, "Determinants of online
purchase intention: A PLS-SEM approach: Evidence from Indonesia,"
Journal of Asia Business Studies, vol. 14, no. 3, pp. 281-306, 2020, doi:
10.1108/JABS-03-2019-0086.

[40] A. Xu, W. Li, Z. Chen, S. Zeng, L. A. Carlos, and Y. Zhu, "A study of
young Chinese intentions to purchase online paid knowledge: An extended

technological acceptance model," Frontiers in Psychology, vol. 12, Article
695600, 2021, doi: 10.3389/fpsyg.2021.695600.

[41] S. Puntoni, R. W. Reczek, M. Giesler, and S. Botti, "Consumers and
artificial intelligence: An experiential perspective," Journal of Marketing, vol.
85,no. 1, pp. 131-151, 2021, doi: 10.1177/0022242920953847.

[42] A. K. Schnackenberg and E. C. Tomlinson, "Organizational transparency:
A new perspective on managing trust in organization-stakeholder
relationships," Journal of Management, vol. 42, no. 7, pp. 1784-1810, 2016,
doi: 10.1177/0149206314525202.



88 International Journal of Electronic Commerce Studies

[43] W. B. Dodds, K. B. Monroe, and D. Grewal, "Effects of price, brand, and
store information on buyers' product evaluations," Journal of Marketing
Research,  vol. 28, no. 3,  pp. 307-319, 1991, doi:
10.1177/002224379102800305.

[44] L. Xia, K. B. Monroe, and J. L. Cox, "The price is unfair! A conceptual
framework of price fairness perceptions," Journal of Marketing, vol. 68, no.
4, pp. 1-15, 2004, doi: 10.1509/jmkg.68.4.1.42733.

[45] M. C. Campbell, "Perceptions of price unfairness: Antecedents and
consequences," Journal of Marketing Research, vol. 36, no. 2, pp. 187-199,
1999, doi: 10.1177/002224379903600204.

[46] J. L. Zaichkowsky, "Measuring the involvement construct," Journal of
Consumer Research, vol. 12, no. 3, pp. 341-352, 1985, doi: 10.1086/208520.

[47] J. L. Zaichkowsky, "The personal involvement inventory: Reduction,
revision, and application to advertising," Journal of Advertising, vol. 23, no.
4, pp. 59-70, 1994, doi: 10.1080/00913367.1994.10673459.

[48] H. Celik, "Customer online shopping anxiety within the Unified Theory
of Acceptance and Use Technology (UTAUT) framework," Asia Pacific
Journal of Marketing and Logistics, vol. 28, no. 2, pp. 278-307, 2016, doi:
10.1108/APJML-05-2015-0077.

[49] A. F. Hayes, Introduction to Mediation, Moderation, and Conditional
Process Analysis: A Regression-Based Approach, 3rd ed. New York, NY,
USA: Guilford Press, 2022.

[50] K. J. Preacher and A. F. Hayes, "Asymptotic and resampling strategies
for assessing and comparing indirect effects in multiple mediator models,"
Behavior Research Methods, vol. 40, no. 3, pp. 879-891, 2008, doi:
10.3758/BRM.40.3.879.

[51] J. C. Anderson and D. W. Gerbing, "Structural equation modeling in
practice: A review and recommended two-step approach," Psychological
Bulletin, vol. 103, no. 3, pp. 411-423, 1988, doi: 10.1037/0033-
2909.103.3.411.



Zhang Danfeng and Siva Kumar Ramasamy 89

[52] C. Fornell and D. F. Larcker, "Evaluating structural equation models with

unobservable variables and measurement error,” Journal of Marketing
Research, vol. 18, no. 1, pp. 39-50, 1981, doi: 10.1177/002224378101800104.

[53] P. M. Podsakoff, S. B. MacKenzie, J.-Y. Lee, and N. P. Podsakoff,
"Common method biases in behavioral research: A critical review of the
literature and recommended remedies," Journal of Applied Psychology, vol.
88, no. 5, pp. 879-903, 2003, doi: 10.1037/0021-9010.88.5.879.

[54] L. Hu and P. M. Bentler, "Cutoff criteria for fit indexes in covariance
structure analysis: Conventional criteria versus new alternatives," Structural
Equation Modeling, vol. 6, no. 1, pp. 1-55, 1999, doi:
10.1080/10705519909540118.

[55] J. F. Hair, W. C. Black, J. B. Babin, and R. E. Anderson, Multivariate
Data Analysis, 8th ed. Andover, UK: Cengage Learning, 2019.

[56] J. C. Nunnally and I. H. Bernstein, Psychometric Theory, 3rd ed. New
York, NY, USA: McGraw-Hill, 1994.

[57]J. Henseler, C. M. Ringle, and M. Sarstedt, "A new criterion for assessing
discriminant validity in variance-based structural equation modeling,"
Journal of the Academy of Marketing Science, vol. 43, no. 1, pp. 115-135,
2015, doi: 10.1007/s11747-014-0403-8.

[58] F. Faul, E. Erdfelder, A. Buchner, and A.-G. Lang, "Statistical power
analyses using G*Power 3.1: Tests for correlation and regression analyses,"
Behavior Research Methods, vol. 41, no. 4, pp. 1149-1160, 2009, doi:
10.3758/BRM.41.4.1149.

[59] J. Cohen, Statistical Power Analysis for the Behavioral Sciences, 2nd ed.
Hillsdale, NJ, USA: Lawrence Erlbaum Associates, 1988.



90 International Journal of Electronic Commerce Studies

AUTHORS' BIOGRAPHIES

Zhang Danfeng is a full-time PhD candidate at the Faculty of Business,
Accounting, Finance, Law & Humanity, MAHSA University, Malaysia. Her
research interests include electronic commerce, artificial intelligence, digital
twin technology, blockchain, supply chain management, and logistics.

Dr. Siva Kumar Ramasamy holds a Doctor of Business Administration
(DBA) and a Master of Business Administration (MBA) from Universiti
Utara Malaysia and a Bachelor of Management (Technology) from
Universiti Teknologi Malaysia. He has more than 25 years of professional
experience across diverse industries, including manufacturing, healthcare
support services, life insurance, and education. He currently serves as a
Senior Lecturer and APEL.Q MBA Programme Coordinator at the Faculty
of Business, Accounting, Finance, Law and Humanity (FOBAFLH),
MAHSA University. His research interests include Technology
Management and Human Capital Management, with broader interests in
management, leadership, and business-related research. He is also a member
of the Malaysian Institute of Management (MIM).



