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Abstract

E-commerce platforms increasingly rely on recommendation systems whose internal logic
is often opaque, making explanation design important for consumer evaluation. Drawing
on procedural justice theory, this study examines whether process-based explanations
function as procedural justice cues in e-commerce recommendations and how they relate to
algorithmic trust and continuance intention. In a between-subjects online experiment with
394 Chinese consumers (197 per condition), participants received either an outcome-based
recommendation or a process-disclosure package that disclosed data inputs and reasoning
and therefore bundled procedural content with greater specificity and informational rich-
ness. Relative to outcome-based explanations, this package increased perceived procedural
justice and was associated with higher trust in the algorithm and greater continuance
intention. Perceived procedural justice and trust formed a theoretically ordered indirect
pathway, but this ordering should be read as theory-grounded rather than causally estab-
lished because the mediators and outcome were measured contemporaneously. Exploratory
moderation analyses suggested that responsiveness to process-based explanations reflected
broader self-reported digital interpretive capacity rather than algorithm-specific literacy
alone. Robustness checks further indicated that the procedural justice pathway was not
eliminated by explanation clarity, cognitive load, scenario realism, product attractiveness,
or privacy intrusiveness. The findings position process-disclosure packages as practical
transparency tools while cautioning that their benefits depend on consumers’ interpretive
capacity and processing costs.

Keywords: algorithmic recommendation; process-based explanation; procedural justice;
algorithmic trust; perceived algorithm literacy; continuance intention; human—Al interaction

1. Introduction

E-commerce platforms increasingly rely on algorithmic recommendations to reduce
search costs and personalize product discovery. These systems help consumers navigate
dense online marketplaces [1,2] and increasingly mediate consumer relationships with
firms [3]. Yet they also create a legitimacy problem: consumers respond not only to what is
recommended but also to how it was produced—whether the platform used appropriate
information and applied a recognizable procedure [4,5]. When recommendation procedures
appear arbitrary or opaque, repeated reliance becomes harder to sustain.

Existing research on algorithmic transparency in digital commerce has examined
explanations as mechanisms that reduce opacity [2,6], bundled explainable artificial in-
telligence (XAI) stimuli affecting satisfaction and trust [7], and artificial intelligence (AI)
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literacy as an antecedent of consumer responses to Al-generated content [8,9]. These
streams establish that transparency matters, but they often operationalize explainability
as a broad system perception, a bundled feature set, or an individual capability. Less is
known about how a specific explanation format functions as a procedural justice cue in
e-commerce recommendations.

This distinction matters because explanation is not a single design choice. A platform
may merely present a recommended item without explaining why it was selected. Alter-
natively, it may disclose the behavioral cues, product attributes, or decision rules used to
generate the recommendation [2,5]. These formats invite different evaluative processes.
An outcome-based explanation keeps attention on the recommended result, whereas a
process-based explanation reveals part of the procedure that generated that result. The lat-
ter may allow consumers to judge whether the recommendation process appears consistent,
relatively unbiased, and based on accurate information, all of which are central criteria
in procedural justice theory [10-12]. Thus, the theoretical question is not simply whether
transparency is beneficial, but whether explanation format provides consumers with the
procedural information needed to evaluate algorithmic fairness.

To address this question, this study draws on procedural justice theory. Procedural
justice research argues that individuals evaluate not only outcomes but also the procedures
producing them [10,11]. Procedures are perceived as fair when they are applied consis-
tently, suppress bias, use accurate information, allow correction, represent affected parties,
and conform to ethical standards [10-12]. Although this framework was developed in hu-
man and organizational decision contexts, it is increasingly relevant to algorithmic decision
systems, where people form fairness and trust judgments despite limited visibility into
the system’s inner workings [4,5]. Consumers typically observe interface cues rather than
full algorithmic operations. Explanation format therefore becomes a practical mechanism
through which consumers infer whether an algorithmic procedure warrants reliance.

The present study conceptualizes process-based explanation as a procedural justice
cue in e-commerce recommendations. Rather than treating transparency as a broad system
attribute, the study compares two explanation formats: outcome-based explanations, which
present only the recommended product, and process-based explanations, which describe
the information and reasoning used by the recommendation system. The theoretical claim
is that process-based explanations may make the recommendation procedure easier for
consumers to evaluate: they give consumers diagnostic material for judging whether the
recommendation process appears consistent, relatively unbiased, and grounded in accurate
information [2,5,10]. This study directly tests the effect of explanation type on perceived
procedural justice; procedural evaluability is used as a conceptual interpretation of why
that effect arises and is not itself measured. Perceived procedural justice is then expected to
be positively associated with trust in the algorithm, and trust is expected to correspond to
consumers’ willingness to continue using the platform’s recommendation feature [12-14].

Procedural evaluability refers to the diagnostic capacity of explanation content to
make an otherwise opaque recommendation procedure assessable. It is used here as a
conceptual bridge rather than as a separately measured mediator: it names the condition
under which explanation content becomes relevant to procedural justice judgments, but it
is not operationalized as an independent construct in this study. High transparency does
not by itself imply high procedural evaluability; a platform may disclose extensive logs,
model parameters, or technical detail that carries little diagnostic value for a consumer
judging whether the recommendation procedure is fair. So defined, procedural evaluability
extends and applies existing transparency and explainability ideas to the procedural-justice
question rather than introducing a new measured construct.

https://doi.org/10.3390/jtaer21070208


https://doi.org/10.3390/jtaer21070208

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 208 3 0of 39

The study also examines perceived algorithm literacy as a boundary condition. In this
study, perceived algorithm literacy refers to consumers’ self-reported understanding of
how algorithmic decision systems use data, behavioral traces, and system rules to produce
outputs [15-17]. This construct differs from product-domain expertise and general digital
literacy. A consumer may know a great deal about tea products without understanding
how recommendation algorithms work; another may be comfortable using mobile apps
without understanding how recommendations are generated. Perceived algorithm literacy
is theorized to strengthen the effect of process-based explanation on procedural justice
because consumers who report greater algorithmic understanding should be more respon-
sive to data and reasoning cues as evidence about the recommendation procedure [2,15].
The argument concerns interpretation of procedural information rather than unconditional
reliance on algorithmic recommendations. Prior work on algorithm aversion and appre-
ciation shows that expertise and experience may reduce reliance on algorithms in some
contexts [9,18,19]. The present account therefore treats perceived algorithm literacy as re-
sponsiveness to procedural information, not as a general preference for algorithmic advice.

This study makes three focused contributions. First, it advances e-commerce explain-
ability research by moving from transparency as a broad system perception to explanation
format as a concrete design lever, clarifying when explanation content may make algo-
rithmic recommendation procedures easier for consumers to evaluate [2,7,20]. Second, it
extends procedural justice theory to e-commerce recommendation systems by interpret-
ing process-based explanation as a candidate procedural-evaluability cue—a conceptual
account we develop and motivate rather than an independently measured construct: expla-
nation matters when it gives consumers criteria for judging whether the recommendation
procedure appears consistent, relatively unbiased, and grounded in accurate informa-
tion [10,11]. Third, it provides exploratory evidence that consumers’ self-reported capacity
to interpret digital and algorithmic cues conditions how they use explanation content,
extending prior adoption-oriented accounts of Al literacy [8,15,18,19]. The same process in-
formation appears more consequential when consumers report greater interpretive capacity.
A specificity analysis, however, indicates that this boundary condition is carried by general
digital literacy rather than by algorithm-specific literacy alone; we therefore frame it as a
broad self-reported digital interpretive capacity and treat the algorithm-specific moderation
as not robust. An exploratory analysis further distinguishes these self-reported literacies
from product-domain expertise, indicating that interpretive capacity and product-domain
knowledge operate at different levels of consumer evaluation.

Figure 1 summarizes the conceptual model that guides the study. The model positions
explanation type as the experimental treatment, perceived procedural justice and trust in
the algorithm as sequential mediators, and perceived algorithm literacy as the first-stage
boundary condition.

As shown in Figure 1, the model separates the mechanism from the boundary con-
dition: process-based explanation is expected to increase perceived procedural justice,
perceived procedural justice is theorized to be positively associated with algorithmic trust,
and perceived algorithm literacy is theorized to moderate the strength of this first-stage
path. This boundary condition is treated as exploratory, and Section 4.5.7 examines whether
the moderation is specific to algorithm literacy or instead reflects a broader self-reported
digital interpretive capacity.
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Figure 1. Conceptual model of moderated serial mediation. The figure shows the hypothesized
model; a specificity analysis (Section 4.5.7) indicates the first-stage moderation reflects general digital
literacy rather than algorithm-specific literacy, so H5 and H6 are treated as exploratory.

2. Theoretical Background and Hypotheses
2.1. Algorithmic Explanations in E-Commerce Recommendations

Recommendation systems are central to contemporary e-commerce because they
organize product information and reduce consumer search costs. These systems infer
consumer preferences from browsing behavior, clicks, purchase histories, product attributes,
and other platform data, then present selected options as recommendations [2,9,21,22].
Although such systems are often experienced as convenient, their underlying logic is largely
hidden from consumers. The opacity of algorithmic recommendation raises a practical
problem: consumers are asked to evaluate outputs without directly observing the procedure
that produced them [5,15].

Explanations are one mechanism for reducing this opacity. Prior research on algorith-
mic transparency emphasizes that explanations can help users understand how algorithmic
systems work, calibrate reliance, and evaluate whether system outputs are sensible, biased,
or controllable [2,5,20]. In recommender systems, explanations may serve multiple pur-
poses, including transparency, trust, effectiveness, persuasiveness, efficiency, satisfaction,
and scrutability [1,2]. Yet explanations vary in content and depth. Some explanations
merely identify the output; others reveal parts of the input data, reasoning logic, or rule
structure used by the system [2,20].

This distinction is important for e-commerce recommendation design. An outcome-
based explanation presents the recommended item without disclosing why it was selected.
For example, a platform may display “Recommended for you” and show a product card.
Such an explanation may be useful as an interface cue, but it gives consumers little basis
for evaluating the underlying procedure. A process-based explanation goes further by
describing the data inputs and reasoning logic behind the recommendation. For example,
the platform may state that a product was recommended because the consumer recently
viewed similar items, compared products across brands, and clicked products in a similar
price range. This format does not fully disclose the algorithm, but it provides procedural
cues that are absent from a simple outcome-based recommendation [2,5,23].

Much existing research treats transparency or explainability as a general perceived
attribute. This approach is useful for identifying whether users value transparent systems,
but it is less suited to explaining how particular explanation designs shape consumer
evaluations [2,20]. Recent JTAER work has similarly examined XAI features as bundled
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stimuli or service attributes that affect satisfaction, trust, purchase intention, or adoption
trade-offs [7-9]. A process-based explanation, however, is not merely “more transparency.”
It changes the object of consumer judgment. Instead of asking consumers to evaluate
only the recommended product, it invites them to evaluate the process by which the
product was selected. This shift provides the basis for applying procedural justice theory
to algorithmic recommendation.

2.2. Procedural Justice and Algorithmic Recommendation

Procedural justice theory holds that people evaluate the fairness of decision-making
procedures, not only the favorability of decision outcomes [10-12]. Leventhal’s formulation
identifies several criteria that shape procedural fairness judgments, including consistency,
bias suppression, accuracy, correctability, representativeness, and ethicality [10]. Colquitt’s
construct validation later distinguished procedural justice from distributive, interpersonal,
and informational justice, while also validating procedural rules such as consistency, free-
dom from bias, and accuracy as central components of fairness judgments [11]. Together,
these works establish that procedures are evaluated as fair when they appear to apply rules
consistently, avoid arbitrary or biased treatment, and rely on accurate information.

Algorithmic recommendations differ from traditional organizational decisions, but they
raise a similar fairness problem. A recommendation is not a salary allocation or promotion
decision, but it is still the result of a selection procedure. The platform chooses which
product to display, which signals to weigh, and how to translate consumer behavior into a
suggested item. Prior algorithmic decision research shows that people evaluate algorithmic
systems through fairness, trust, emotion, objectivity, and legitimacy judgments, even when
the systems are not human decision makers [4,5]. Consumers may not see the full algo-
rithm, yet they can still form judgments about whether the process seems fair, reasonable,
and grounded in appropriate information.

Drawing on Colquitt’s four-dimensional framework of organizational justice, this
study treats procedural justice as especially suitable in this setting because the consumer’s
central uncertainty concerns the recommendation process rather than the allocation of
a scarce outcome. Distributive justice is less directly applicable because an e-commerce
recommendation is not an allocation of wages, promotions, or benefits relative to inputs.
Interpersonal justice is also less central because no human decision maker interacts with the
consumer. Informational justice is relevant insofar as the platform provides an account of
the recommendation, while the present focus is on whether that account enables evaluation
of the underlying recommendation procedure [5,11]. Accordingly, the study focuses on
perceived procedural justice, particularly the rule-application dimensions most applicable
to single-shot algorithmic recommendations: consistency, bias suppression, and accuracy.

Explanation format is not treated here as procedural justice itself. Rather, process-
based explanation is theorized as a diagnostic cue that enables consumers to evaluate
whether the recommendation process satisfies core procedural criteria, especially consis-
tency, bias suppression, and accuracy. When a platform explains that a recommendation is
based on recent browsing, brand comparisons, similar price-range clicks, product ratings,
and freshness information, consumers can infer whether the procedure uses relevant infor-
mation and applies recognizable matching logic. These cues support judgments of accuracy
and consistency. They may also reduce concerns that the recommendation is arbitrary or
biased, because the platform provides a reasoned account of how the recommendation was
generated [2,10].

Procedural evaluability therefore occupies a distinct position in the argument. Trans-
parency describes the availability of information; explanation format describes how the
platform organizes and presents recommendation reasons; procedural evaluability de-
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scribes whether the available information is diagnostically useful for judging the legitimacy
of the recommendation procedure; and perceived procedural justice captures the fairness
judgment consumers form from those cues. Process-based explanations are expected to mat-
ter not because they disclose more information per se, but because they shift the consumer’s
evaluative target from the recommended object to the procedure that selected it.

Outcome-based explanations provide far less procedural information. They may
still signal that the platform has selected something for the consumer, but they leave the
process opaque. Consumers are therefore more likely to evaluate the recommendation
as a bare output rather than as the result of an assessable procedure. Because procedural
justice judgments require some basis for evaluating the decision process, outcome-based
explanations should produce weaker procedural justice perceptions than process-based
explanations [2,10,11].

H1. Process-based explanations lead to higher perceived procedural justice than outcome-based
explanations.

2.3. Procedural Justice and Trust in the Algorithm

Trust is central to e-commerce because consumers often rely on platforms, vendors,
and decision systems whose internal operations they cannot fully observe [13,21,24]. In algo-
rithmic recommendation contexts, trust reflects confidence that the recommendation system
is competent, reliable, and oriented toward users’ interests, especially when product choice
involves uncertainty, information overload, or difficulty assessing alternatives [20,21].

Procedural justice is theorized to be positively related to trust in the algorithm because
fair procedures provide evidence that the system warrants reliance. In organizational
justice research, fair procedures support trust by signaling that decision makers follow
appropriate rules rather than acting arbitrarily or opportunistically [11,12]. A similar logic
applies to algorithmic recommendation. When consumers perceive the recommendation
process as consistent, relatively unbiased, and based on accurate information, they have
stronger grounds for inferring that the algorithm is competent and reliable [4,5,20,25].
Explanations can shape trust and behavioral responses, but their effect depends on whether
the explanation gives users a meaningful basis for evaluating the system [26].

H2. Perceived procedural justice is positively related to trust in the recommendation algorithm.

2.4. Trust in the Algorithm and Continuance Intention

Continuance intention refers to a consumer’s willingness to keep using a system or
feature after initial exposure. Information systems research distinguishes continuance from
initial acceptance because platform value depends on sustained engagement rather than a
one-time trial [14,24,27]. This distinction is especially relevant to e-commerce recommenda-
tion features, whose value depends on repeated interaction and ongoing reliance.

In algorithmic recommendation contexts, trust is the evaluation most proximal to
continued use. Consumers who view the recommendation system as competent and reliable
are more likely to use it again in future shopping, particularly when recommendations
reduce search complexity and product uncertainty [13,21,24]. Related e-commerce research
has linked algorithmic ethical perceptions and legitimacy to continuous usage intentions,
underscoring the role of trust-related evaluations in sustained platform use [28].

In the present context, trust connects procedural evaluation to continued use. Per-
ceived procedural justice provides evidence that the algorithmic process is legitimate,
and greater trust in turn corresponds to stronger willingness to use the recommendation
feature again [12,14].

H3. Trust in the recommendation algorithm is positively related to continuance intention.
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The preceding arguments specify a theoretically ordered process: explanation for-
mat is expected to be linked to continuance intention by shaping how consumers evalu-
ate both the recommendation procedure and the system that generates it, while leaving
room for additional cue-based indirect paths. A serial mediation prediction follows from
two considerations. First, continuance intention in e-commerce recommendation contexts
is typically grounded in perceived legitimacy and reliability rather than in a one-time
interface cue alone [13,14]. Second, procedural justice and trust are conceptually ordered:
fairness perceptions concern whether procedures appear legitimate, whereas trust con-
cerns whether the system warrants reliance. Procedural legitimacy provides evidence
for trust formation [12,13], and trust is expected to correspond to willingness to continue
using the recommendation feature. Process-based explanations should accordingly be
linked to continuance through a serial pathway in which procedural justice and trust
operate sequentially.

Taken together, H1-H3 specify an ordered process in which explanation format first
shapes consumers’ evaluation of the recommendation procedure. This procedural eval-
uation is expected to support trust in the algorithm, and trust is expected to correspond
to continued willingness to use the recommendation feature. This logic implies not only
separate path relationships but also a serial indirect pathway from explanation type to
continuance intention through perceived procedural justice and algorithmic trust:

H4. Perceived procedural justice and trust in the algorithm constitute a theoretically ordered serial
indirect pathway linking explanation type to continuance intention.

2.5. Self-Reported Digital Interpretive Capacity as an Exploratory Boundary Condition

Individuals differ in their capacity to make sense of digital and algorithmic inter-
face cues. We refer to this broad, self-reported capacity as digital interpretive capacity,
and we initially theorize one specific instantiation of it—perceived algorithm literacy—as
the focal moderator. Because perceived algorithm literacy is conceptually proximate to
general digital literacy, the boundary condition could in principle be carried either by an
algorithm-specific capability or by a broader digital interpretive capacity. Section 4.5.7
tests this specificity directly, and the analysis ultimately favors the broader interpretation;
we therefore retain perceived algorithm literacy as the originally hypothesized moderator
below while flagging that the operative capacity appears to be broader.

Consumers vary in their self-reported understanding of algorithmic systems. Per-
ceived algorithm literacy generally refers to users” knowledge of how algorithms use data,
behavioral traces, and system rules to produce outputs [15]. In this study, the focal modera-
tor is perceived algorithm literacy: consumers’ reported understanding of how e-commerce
recommendation systems use browsing, clicking, purchase patterns, product attributes,
and system design choices to generate personalized suggestions. This perceived literacy
is distinct from product-domain expertise and from general digital literacy. A consumer
may be highly knowledgeable about tea products but know little about recommendation
algorithms; another may be comfortable using mobile apps but still lack understanding
of how platform recommendations are generated [15-17]. Conceptual distinctness does
not, however, settle which capacity does the empirical work: perceived algorithm literacy
may be separable in definition yet operate in practice as one facet of a broader digital
interpretive capacity—a possibility we adjudicate directly in Section 4.5.7. Whereas recent
JTAER research has examined Al literacy as a direct antecedent of consumer responses to
Al-generated marketing content [8], this study theorizes perceived algorithm literacy as a
boundary condition that shapes how consumers decode explanation format as a procedural
justice cue.
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The operative moderator is best understood as consumers’ broader digital interpretive
capacity, of which perceived algorithm literacy is the specific, algorithm-focused instantia-
tion measured here; whether construed narrowly or broadly, this capacity should moderate
the effect of explanation format on perceived procedural justice. Process-based explanations
provide procedural information, but cues do not interpret themselves. Consumers need
an interpretive schema that allows them to decode behavioral data, product attributes,
and algorithmic reasoning as evidence of procedural rule compliance. Consumers reporting
higher perceived algorithm literacy should be more responsive to the significance of data
inputs and reasoning cues. When they read that a recommendation is based on prior brows-
ing, brand comparisons, similar price-range clicks, ratings, and freshness information, they
can more readily translate those cues into judgments about whether the system is using
relevant and accurate information. They are therefore more likely to perceive process-based
explanations as evidence of procedural fairness [2,15].

Leventhal’s procedural justice framework offers a deeper reason for this moderation.
Procedural justice judgments are not always equally activated; individuals are more likely
to evaluate fairness when they have reason to suspect that a procedure could violate
justice rules [10]. Consumers reporting higher perceived algorithm literacy may be more
aware that algorithmic systems can be opaque, biased, or dependent on particular data
traces [5,15,16]. This awareness should make them more attentive to procedural cues.
For these consumers, a process-based explanation supplies the diagnostic material needed
to assess whether the system has followed fair procedural rules. In contrast, consumers
reporting lower perceived algorithm literacy may lack the interpretive schemas needed
to translate behavioral and procedural cues into justice-relevant judgments. For them,
a process-based explanation may appear as additional information to process rather than
as evidence of consistency, bias suppression, or accuracy. This additional information
can increase cognitive burden, consistent with cognitive load theory, and may make the
recommendation process feel harder to evaluate [29], thereby reducing, but not necessarily
reversing, the positive effect of process-based explanations on perceived procedural justice.
Because the interpretive work this requires may draw on a general capacity to make
sense of digital-interface cues, the moderating capability could be broader than algorithm-
specific literacy; H5 and H6 accordingly retain perceived algorithm literacy as the originally
specified, measurable indicator, while Section 4.5.7 tests directly whether the boundary is
algorithm-specific or reflects this broader digital interpretive capacity.

This argument should be situated alongside prior research on algorithm aversion and
algorithm appreciation. People may reject algorithmic advice after observing algorithmic er-
rors, and algorithm appreciation may weaken among domain experts who prefer their own
judgment [18,19,30]. Recent work on robo-advisors similarly suggests that transparency
can be valued differently by high-expertise and general consumers [9]. These findings
concern reliance, choice, or adoption behavior, often in relation to task or domain expertise.
The present claim concerns interpretation of procedural cues: perceived algorithm literacy
should strengthen the effect of process-based explanation on procedural justice because it
reflects consumers’ reported capacity to evaluate the recommendation procedure.

This distinction between perceived algorithm literacy and product-domain expertise is
theoretically important. Domain experts may rely less on algorithms because they possess
independent criteria for evaluating the recommended object [18,19]. Consumers reporting
higher perceived algorithm literacy, by contrast, are expected to be more responsive to cues
about whether the algorithmic procedure appears legitimate. Thus, perceived algorithm
literacy, as the algorithm-focused indicator of this broader capacity, is expected to amplify
the procedural-justice effect of process-based explanations while remaining conceptually
distinct from product-domain reliance.
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Given the self-reported nature of this moderator and its conceptual proximity to gen-
eral digital literacy, H5 and H6 are tested as focal but exploratory boundary-condition hy-
potheses; Section 4.5.7 accordingly examines whether the first-stage moderation is specific
to algorithm literacy or instead reflects a broader self-reported digital interpretive capacity.

Theoretically, the procedural cues disclosed in a process-based explanation—prior
browsing, brand comparison, price-range clicks, ratings, and freshness information—are
general digital-behavior concepts rather than technical properties of recommender al-
gorithms. Decoding them as fairness-relevant evidence may therefore draw on broad
familiarity with digital platforms rather than on specialized algorithmic knowledge. This
reasoning anticipates the specificity result in Section 4.5.7: if the interpretive work the
explanation demands is general rather than algorithm-specific, the moderation should be
carried by general digital literacy, as we ultimately find.

HS5. Perceived algorithm literacy moderates the effect of explanation type on perceived procedural
justice, such that the positive effect of process-based explanations is stronger among consumers
reporting higher perceived algorithm literacy.

If perceived algorithm literacy conditions the first-stage effect of explanation type on
perceived procedural justice, it should also condition the broader indirect pathway. Process-
based explanations should increase procedural justice more strongly among consumers
reporting higher perceived literacy; stronger procedural justice perceptions would then be
expected to correspond to greater trust in the algorithm, and this trust should be linked
to higher continuance intention. Thus, the serial indirect effect of explanation type on
continuance intention through procedural justice and trust should vary by perceived
algorithm literacy. This proposition follows the logic of moderated mediation, in which the
strength of an indirect effect depends on the level of a moderator [31].

This moderated serial mediation proposition integrates the mechanism and the bound-
ary condition. It proposes that the downstream influence of process-based explanation
depends on whether consumers can interpret procedural information as meaningful ev-
idence of algorithmic fairness. For consumers reporting higher perceived algorithm lit-
eracy, process-based explanations should more strongly activate the procedural justice-
trust-continuance pathway. For consumers reporting lower perceived algorithm literacy;,
the same explanation may generate a weaker indirect effect because procedural cues are
less fully recognized, are processed as additional cognitive burden, or are not translated
into fairness judgments [10,15,31].

He6. Perceived algorithm literacy moderates the serial indirect effect of explanation type on continu-
ance intention through perceived procedural justice and trust in the recommendation algorithm, such
that the indirect effect is stronger among consumers reporting higher perceived algorithm literacy.

3. Method
3.1. Research Design

This study used a two-cell between-subjects online experiment to examine how al-
gorithmic explanation format affects consumers’ perceived procedural justice, trust in
the recommendation algorithm, and continuance intention. The independent variable
was algorithmic explanation type, manipulated as either an outcome-based explanation
or a process-based explanation. In the outcome-based condition, the platform presented
the recommended product without explaining why it was selected. In the process-based
condition, the platform explained the behavioral and product-related information used to
generate the recommendation.

https://doi.org/10.3390/jtaer21070208
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The experimental context was a mobile e-commerce recommendation scenario. Par-
ticipants were asked to imagine that they were browsing for tea for daily consumption
on a mobile e-commerce platform called ShopEase. The recommended product was held
constant across conditions: “YunMist Daily Oolong Tea, 100 g.” The product category was
selected because tea for daily consumption is familiar to Chinese consumers, relatively low
in technical complexity, and unlikely to be naturally confounded with perceived algorithm
literacy. The platform name was kept generic and non-branded to avoid contamination
from existing platform attitudes.

Participants were assigned to one of two explanation conditions using the survey
platform’s random equal-allocation function, which routes incoming respondents into
the experimental conditions in approximately equal numbers. The final analytic sam-
ple contained 197 participants per condition. The outcome-based condition stated that
ShopEase’s recommendation system selected the item for the participant and invited the
participant to view price, reviews, delivery options, and detailed product information.
The process-based condition included the same product and call-to-action and stated that
the recommendation drew on recently viewed oolong teas, comparisons across different
brands, clicks on tea products in a similar price range, product ratings, and freshness
information. The process-based explanation deliberately excluded collaborative-filtering
language such as “users similar to you” to avoid confounding explanation format with
social-proof cues. In the English translations reported in Appendix A, the outcome-based
and process-based messages contain approximately 30 and 57 words, respectively; these
figures are reported to document the relative difference in explanation richness rather than
to imply that the Chinese stimuli were length-matched. The full experimental stimuli are
reported in Appendix A.

This manipulation operationalized process-based explanation as a procedurally di-
agnostic disclosure package. The design reflects a realistic platform contrast: outcome
labels usually provide limited procedural information, whereas process explanations dis-
close additional cues about data inputs and reasoning logic. The process-based format is
therefore accompanied by greater procedural specificity, textual detail, and informational
richness. The analyses below evaluate whether the explanation-format effect remains
evident after accounting for explanation clarity, cognitive load, perceived realism, product
attractiveness, and privacy intrusiveness. The estimates should be interpreted as the effect
of a practical process-disclosure design in which procedural orientation is accompanied by
richer procedural content.

3.2. Participants and Data Collection

Data were collected through Wenjuanxing, a professional online survey platform
in China. Respondents were recruited from the platform’s online participant pool and
were eligible if they were adult consumers with prior e-commerce shopping experience.
The platform implemented equal allocation across the two experimental conditions and
applied standard quality-screening procedures during data collection. The research team
further inspected the delivered responses for completeness, response time, attention-check
performance, patterned responding, and response consistency. The sample was used to
support experimental identification in an e-commerce consumer population and should
not be interpreted as a nationally representative probability sample.

A total of 417 responses were received. Twenty-three responses were excluded based
on the following predefined quality-screening criteria: duplicate submissions flagged by
the survey platform from repeated device or IP signals (n = 4), failed attention checks (1 = 4),
reverse-item inconsistency (1 = 2), excessively short completion time of less than 90 s (1 = 5),
responses below 80% completion (1 = 3), and straight-lining (1 = 5). These exclusions were
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applied before any hypothesis testing and without reference to the substantive outcome
variables. The final analytic sample comprised 394 valid responses, with 197 participants
in the outcome-based explanation condition and 197 participants in the process-based
explanation condition.

The final sample included 185 male respondents (47.0%) and 209 female respondents
(53.0%). Respondents ranged in age from 20 to 55 years (M = 36.34, SD = 9.81). The age dis-
tribution was 121 respondents aged 20-29 years, 136 aged 30-39 years, 83 aged 40—49 years,
and 54 aged 50-55 years. The two conditions did not differ significantly in age, Welch’s
t=1.32,p =0.19, or gender distribution, x?(1) = 1.47, p = 0.23, consistent with the two con-
ditions being demographically comparable. Full distributions for gender, age, education,
and shopping frequency are reported in Table 1.

A two-sided sensitivity analysis for equal-sized group comparisons indicated that,
with 197 participants per condition, « = 0.05, and 80% power, the design could detect an
effect of approximately Cohen’s d = 0.28. The observed H1 effect (d = 0.72) was substantially
larger than this threshold. Interaction and conditional indirect effects were evaluated using
effect estimates and bootstrap confidence intervals.

Table 1. Demographic characteristics of the final analytic sample (N = 394).

Characteristic Category n %
Gender Male 185 47.0
Female 209 53.0
Age (years) 20-29 121 30.7
30-39 136 34.5
40-49 83 21.1
50-55 54 13.7
Education High school or below 111 28.2
Junior college 96 24.4
Bachelor’s degree 151 38.3
Master’s degree or above 33 8.4
Missing or unspecified 3 0.8
Shopping frequency Multiple times per week 114 28.9
Once per week 107 27.2
One to three times per month 97 24.6
Less than once per month 74 18.8
Missing or unspecified 2 0.5

Notes. N = 394. Percentages are rounded to one decimal place and may not sum to 100% due to rounding and
missing or unspecified responses.

3.3. Measures

The questionnaire was administered in Chinese. Measurement items adapted from
English-language sources were translated into Chinese and reviewed by bilingual re-
searchers to ensure semantic equivalence in the e-commerce recommendation context.
The English wording reported in this manuscript is a translation of the Chinese items
used in the study. All constructs were measured using seven-point Likert scales ranging
from 1 = strongly disagree to 7 = strongly agree. Unless otherwise noted, scale scores were
computed by averaging their respective items. Full item wording is reported in Appendix B,
and the survey flow and screening summary are reported in Appendix C.

Manipulation check. Four items assessed whether participants perceived the expla-
nation as providing process information. Participants rated whether the recommendation
explained why the product was selected, described the information used by the recom-
mendation system, helped them understand how the recommendation was generated,
and mainly showed a product outcome without explaining the selection process. The fourth
item was reverse-coded for interpretation.
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Perceived procedural justice. Perceived procedural justice was measured as context-
specific perceived procedural justice in a single recommendation encounter, using six
items adapted from Colquitt [11] and tailored to the algorithmic recommendation context.
The items captured participants’ perceptions that the recommendation process was fair,
used relevant information, applied consistent matching principles, was relatively unbiased,
was based on accurate information about shopping needs, and was justifiable. The measure
primarily captured core procedural fairness criteria relevant to single-shot algorithmic
recommendations, especially consistency, bias suppression, and accuracy. These dimen-
sions were selected because they are most directly inferable from a single recommendation
explanation; correctability and representativeness are better examined in settings that allow
revision, voice, or repeated interaction. Consistent with Colquitt’s measurement logic,
this study used a Leventhal-criteria-based indirect measure that assessed specific proce-
dural criteria rather than relying solely on a single global fairness judgment, which made
the measure more diagnostic of the procedural elements underlying consumers’ fairness
evaluations [11].

Trust in the algorithm. Trust in the recommendation algorithm was initially measured
with five author-adapted items conceptually grounded in IT trust research [13,21,24]. Dur-
ing item-level measurement diagnostics conducted before hypothesis testing, one item
referring to confidence in relying on the recommendation system when shopping online
was removed because it showed the lowest standardized loading and overlapped concep-
tually with downstream reliance and continuance intention. The retained four-item scale
assessed participants’ general trust in the recommendation system, belief in its ability to
provide useful product suggestions, perceived reliability, and belief that the system acts
in a way that benefits users like them. The originally administered item is reported trans-
parently in Appendix B, and the before-and-after diagnostics for the trust item-deletion
decision are reported in Appendix D, Table A8. The retained four items capture the in-
tended dimensions of trust represented in the administered scale, including general trust,
perceived capability and usefulness, perceived reliability, and the belief that the system
acts in users’ interests.

Continuance intention. Continuance intention was measured with three items adapted
from Bhattacherjee [14] and modified for the single-shot e-commerce recommendation
context. The items assessed participants’ intention to continue using product recommenda-
tions on the platform, willingness to rely on platform recommendations in future shopping,
and intention to keep using personalized recommendations.

Perceived algorithm literacy. Perceived algorithm literacy was measured with five
author-developed items grounded in the algorithm awareness and literacy literature [15-17].
Because no established scale directly matched the e-commerce recommendation mechanism
examined in the experiment, items were developed to capture consumers’ perceived under-
standing of behavioral data use, recommendation generation, and system design choices
in platform recommendations. The measure captures subjective or perceived algorithm
literacy and is not designed as an objective technical-knowledge test. The items assessed
participants” understanding that online recommendation systems use behavioral data,
browsing, clicking, and purchase patterns, similar-user data, and system design choices to
generate recommendations, as well as their ability to infer why platforms recommend par-
ticular products. The similar-user item captured general algorithm-awareness knowledge
and was not part of the experimental stimulus, which deliberately omitted similar-user
language to avoid confounding process explanation with social-proof cues. Perceived
algorithm literacy was measured after the experimental task and is therefore treated as a
measured individual-difference indicator in this experiment; as reported below, it did not
differ significantly by condition.

https://doi.org/10.3390/jtaer21070208


https://doi.org/10.3390/jtaer21070208

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 208 13 of 39

Control and diagnostic variables. The study also measured perceived realism, cog-
nitive load, privacy intrusiveness, product attractiveness, explanation clarity, tea domain
expertise, and general digital literacy. Tea domain expertise and general digital literacy
were included to distinguish perceived algorithm literacy from product-domain knowledge
and general digital literacy. Privacy intrusiveness and explanation clarity were used in
robustness analyses to evaluate the distinctiveness of the hypothesized procedural justice
pathway relative to privacy concern and clearer wording.

3.4. Analytical Strategy

Explanation type was coded as 0 (outcome-based) and 1 (process-based). Manipulation-
check items were first examined using Welch’s independent-samples tests. Internal con-
sistency was assessed using Cronbach’s alpha for multi-item constructs. To strengthen
measurement assessment, a confirmatory measurement model was estimated for the five
focal multi-item constructs used in the main analyses: perceived procedural justice, trust
in the algorithm, continuance intention, perceived algorithm literacy, and privacy intru-
siveness. Standardized loadings, composite reliability (CR), average variance extracted
(AVE), and heterotrait-monotrait (HTMT) ratios were inspected. To evaluate discriminant
separation among perceived algorithm literacy, tea domain expertise, and general digital
literacy, their pairwise correlations were also examined. All analyses were conducted in
R version 4.5.3 using reproducible local analysis scripts; Welch tests and linear regres-
sions were estimated in R, and indirect-effect intervals were obtained from nonparametric
bootstrap resampling.

H1 was tested with an independent-samples comparison of perceived procedural jus-
tice across the two explanation conditions. H2 and H3 were assessed with linear regression
models regressing trust in the algorithm on perceived procedural justice and continuance
intention on trust in the algorithm, respectively. H4 was tested using a theoretically ordered
serial mediation model in which explanation type was linked to continuance intention
through perceived procedural justice and trust in the algorithm. For H5, perceived pro-
cedural justice was regressed on explanation type, mean-centered perceived algorithm
literacy, and their interaction, with conditional effects probed at low, mean, and high levels
of perceived algorithm literacy following recommendations for interpreting interaction
effects [32]. H6 was tested using a moderated serial mediation model in which perceived
algorithm literacy moderated the first-stage path from explanation type to perceived proce-
dural justice. Indirect effects and the index of moderated serial mediation were estimated
using 5000 nonparametric bootstrap resamples with 95% confidence intervals [33]. Un-
less otherwise stated, regression coefficients are reported as unstandardized coefficients
(B). Robustness analyses examined whether the effect of explanation type on procedural
justice remained evident after controls for explanation clarity, cognitive load, perceived
realism, product attractiveness, and privacy intrusiveness. A supplemental reverse-order
specification was also estimated, using the same bootstrapping procedure [33], to clarify
that the measured mediator ordering is theory-grounded and statistically consistent with
the focal model. These analyses serve as supplemental checks of whether the procedural
justice pathway is empirically distinct from clearer wording, information load, scenario
realism differences, product halo, privacy-related concern, and alternative ordering of the
measured mediators.

Because several psychological constructs were measured in the same survey session,
common method variance (CMV) remains a relevant consideration for associations among
perceived procedural justice, trust, and continuance intention. The design mitigates this
concern for the main treatment test because the independent variable was experimentally
manipulated rather than self-reported, and the treatment effect on procedural justice
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does not depend on a same-source predictor. The experimental design supports causal
inference for the effect of explanation type on perceived procedural justice, whereas the
ordering among procedural justice, trust, and continuance intention is theory-grounded
and statistically consistent with the proposed model.

4. Results
4.1. Manipulation Check

The manipulation check confirmed that participants perceived the two explanation
formats as intended. Compared with participants in the outcome-based condition, par-
ticipants in the process-based condition reported significantly higher agreement that the
recommendation explained why the product was selected (Moutcome = 3.53, Mprocess = 4.39,
Welch’s t =7.12, p < 0.001, d = 0.72), described the information used by the platform’s
recommendation system (Moutcome = 3.68, Mprocess = 4.60, Welch’s ¢ = 8.29, p < 0.001,
d = 0.84), and helped them understand how the platform generated the recommendation
(Moutcome = 3.52, Mprocess = 4.46, Welch’s t = 8.17, p < 0.001, d = 0.82). For the reverse-coded
item, participants in the process-based condition reported significantly lower agreement
that the recommendation mainly showed a product outcome without explaining the se-
lection process (Moutcome = 4.54, Mprocess = 3.59, Welch’s t = —7.76, p < 0.001, d = —0.78).
All four manipulation-check items showed the expected direction and were statistically
significant, indicating that the explanation-format manipulation was successful.

Figure 2 provides a visual summary of the manipulation check. For ease of interpreta-
tion, the fourth item is reverse-scored so that higher values consistently indicate stronger
perceived process information. Across all four items, participants in the process-based
condition perceived the recommendation as providing more process information than
participants in the outcome-based condition.

B Outcome-based
B Process-based

Mean rating

Explained Described Explained how Not merely
why information generated outcome

Figure 2. Manipulation check: perceived process information. Bars represent group means; error
bars indicate 95% confidence intervals.

The consistent separation across items supports the validity of the experimental
manipulation before testing the hypothesized effects on procedural justice, trust, and con-
tinuance intention.

4.2. Reliability and Discriminant Checks

The focal theoretical constructs achieved acceptable internal consistency. Cronbach’s
alpha was 0.855 for perceived procedural justice, 0.797 for trust in the algorithm, 0.732 for
continuance intention, 0.822 for perceived algorithm literacy, and 0.764 for privacy intru-
siveness. The reliability of the three-item continuance intention scale was lower than that
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of the other core constructs but remained above the conventional 0.70 threshold, consistent
with the sensitivity of Cronbach’s alpha to scale length and item intercorrelations [34]. De-
scriptive statistics and reliabilities are reported in Table 2; the correlation matrix is reported
in Table 3. A five-factor confirmatory factor analysis (CFA) measurement model covering
perceived procedural justice, trust in the algorithm, continuance intention, perceived al-
gorithm literacy, and privacy intrusiveness showed good fit, x2(179) = 230.59, p = 0.006,
comparative fit index (CFI) = 0.981, Tucker—Lewis index (TLI) = 0.977, root mean square
error of approximation (RMSEA) = 0.027, and standardized root mean square residual
(SRMR) = 0.041. Table 4 reports loading ranges, composite reliability (CR), and average
variance extracted (AVE); item-level standardized loadings are reported in Appendix D.

Table 2. Descriptive statistics and reliabilities.

Variable M SD o

1. Perceived procedural justice 4.34 1.05 0.855
2. Trust in algorithm 4.14 1.03 0.797
3. Continuance intention 4.18 1.09 0.732
4. Perceived algorithm literacy 3.88 1.57 0.822
5. Perceived realism 4.42 0.83 0.600
6. Cognitive load 3.54 1.25 0.680
7. Privacy intrusiveness 3.67 1.18 0.764
8. Product attractiveness 4.41 0.95 0.650
9. Explanation clarity 4.01 1.05 0.690
10. Tea domain expertise 3.47 1.79 0.860
11. General digital literacy 3.79 1.41 0.820

Table 3. Correlation matrix.

Variable 1 2 3 4 5 6 7 8 9 10 11
1. Perceived procedural —

justice

2. Trust in algorithm 0.36 *** —

3. Continuance intention 0.30 ***  (0.33 *** —

4. Perceived algorithm —0.03 —0.01 0.07 —

literacy

5. Perceived realism 0.11* —0.06 —-0.01 —0.01 —

6. Cognitive load —0.08 —0.03 —-0.10* —0.22** —0.02 —

7. Privacy intrusiveness —0.24 *** —0.27** —025** —0.07 0.01 0.28 *** —

8. Product attractiveness 0.28 *** (.34 *** 0.13* 0.05 0.01 —0.04 —0.12* —

9. Explanation clarity 0.32%* (.29 ** (.27 *** —0.06 —0.02 0.09 —0.08 0.18 *** —

10. Tea domain expertise —0.07 —-0.05 —020** —0.03 —0.03 —0.00 0.05 0.03 —0.05 —

11. General digital literacy —0.02 —0.02 0.01 0.34 *** 0.06 —0.20**  —0.02 0.05 0.07 —0.10* —

Notes. N = 394. Cronbach’s alpha values are reported for multi-item constructs. Correlations are Pearson
correlations. Several diagnostic variables were measured with short two-item scales and were used only as
controls or robustness indicators. * p < 0.05, *** p < 0.001.

Several AVE values were slightly below the 0.50 benchmark, while CR values exceeded
0.70 and standardized loadings were substantively meaningful. Perceived algorithm lit-
eracy in particular was author-developed for this study and should be regarded as an
exploratory measure pending external validation. Given the context-adapted nature of
these measures and the brevity of several scales, the measures were judged adequate
for hypothesis testing, while the constructs are interpreted with appropriate caution. Be-
cause below-threshold AVE indicates weaker-than-ideal convergent validity for some
adapted scales, the findings should be read as evidence for the proposed empirical pattern
rather than as definitive validation of every adapted measure. The pattern is nonetheless
supported by CR values above 0.70, substantively meaningful loadings, HTMT ratios
below conservative thresholds, and model results that were stable across alternative trust-
scale specifications (Appendix D, Tables A8 and A9). The substantive conclusions were
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unchanged in a robustness specification that retained the originally administered trust
item later excluded from the focal four-item scale; Appendix D, Table A8 provides the
before-and-after diagnostics for the trust item-deletion decision. Several short diagnos-
tic scales—perceived realism (a = 0.60), cognitive load (x = 0.68), product attractiveness
(« = 0.65), and explanation clarity (& = 0.69)—showed lower internal consistency, consistent
with their two-item formats. Because these variables were used as diagnostics or robustness
controls rather than focal theoretical constructs, they were retained as averaged indicators
and interpreted with caution.

Table 4. Confirmatory measurement model diagnostics.

Construct Standardized Loading Range CR AVE
Perceived procedural justice  0.664-0.739 0.855 0.497
Trust in algorithm 0.674-0.799 0.800 0.502
Continuance intention 0.637-0.730 0.731 0.476
Perceived algorithm literacy  0.666-0.708 0.822 0.480
Privacy intrusiveness 0.659-0.767 0.766 0.522

Notes. CR = composite reliability; AVE = average variance extracted. Item-level standardized loadings are
reported in Appendix D. Trust was estimated using the retained four-item scale (TR1, TR2, TR3, TR5).

Discriminant separation among the focal constructs was acceptable. HTMT ratios
were all below the conservative 0.85 benchmark, and the full HTMT matrix is reported in
Appendix D, Table A7. Perceived algorithm literacy was also empirically distinguishable
from both tea domain expertise and general digital literacy. The correlation between
perceived algorithm literacy and tea domain expertise was negligible (r = —0.034), and the
correlation between perceived algorithm literacy and general digital literacy was moderate
(r = 0.343). The HTMT value between perceived algorithm literacy and general digital
literacy was 0.417, below the 0.85 threshold, supporting their empirical separation despite
their moderate zero-order correlation. The correlation between tea domain expertise and
general digital literacy was also small (r = —0.102). A supplemental three-factor CFA for
perceived algorithm literacy, tea domain expertise, and general digital literacy fit well,
)(2(21) =22.75, CFI = 0.999, TLI = 0.998, RMSEA = 0.015, and SRMR = 0.023, whereas a
single-factor alternative fit poorly, )(2 (26) = 573.72, CFI = 0.559, TLI = 0.390, RMSEA = 0.227,
and SRMR = 0.161. These results support the conceptual distinction between perceived
algorithm literacy, product-domain expertise, and general digital literacy.

4.3. Descriptive Statistics

Participants in the process-based explanation condition reported higher perceived
procedural justice (M =4.70, SD = 0.96) than those in the outcome-based condition (M = 3.99,
5D =1.02). They also reported higher trust in the algorithm (M = 4.45, SD = 0.97) than those
in the outcome-based condition (M = 3.83, SD = 1.01), and higher continuance intention
(M = 4.36, SD = 1.05) than those in the outcome-based condition (M = 3.99, SD = 1.09).
Perceived algorithm literacy was comparable across conditions (Moutcome = 3.94, SD = 1.53;
Mprocess = 3.81, SD = 1.60), suggesting that the moderator was not confounded with
treatment assignment.

Process-based explanations imposed greater cognitive load than outcome-based ex-
planations (Moutcome = 3.17, Mprocess = 3.92, Welch’s t = 6.19, p < 0.001, d = 0.62), reflecting
the greater informational content of process-based explanations. Privacy intrusiveness
was nearly identical across conditions (Moutcome = 3.67, Mprocess = 3.67, Welch’s t = —0.04,
p = 0.966), indicating that the process-based explanation did not increase perceived privacy
intrusiveness. Tea domain expertise (M = 3.47, SD = 1.79) and general digital literacy
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(M =3.79, SD = 1.41) were at moderate levels and were empirically distinguishable from
perceived algorithm literacy.

4.4. Hypothesis Testing

The hypothesis tests follow the conceptual model presented in Figure 1: H1-H3
examine the component direct paths, H4 examines the serial indirect pathway, H5 examines
first-stage moderation, and H6 examines the resulting moderated serial mediation. All tests
were conducted using the final analytic sample of 394 respondents. Results are summarized
in Table 5, and the mediation and moderated mediation estimates are reported in Table 6.

Table 5. Summary of hypothesis tests.

Hypothesis  Path or Test Estimate Evidence Conclusion
Explanation type — o
H1 Perceived procedural d=0.72 Welch's £ =7.15, Supported
o p <0.001
justice
Perceived procedural _
H2 justice — Trust in B =0.358 SE = 0.046,p <0.001, Supported
) R*=0.132
algorithm
Trust in algorithm — _ SE =0.050, p < 0.001,
H3 Continuance intention B=0344 R? =0.107 Supported
Theoretically ordered
serial indirect pathway: . .. _ 95% bootstrap CI
Hi Explanation type — PJ indirect = 0.053 [0.025, 0.090] Supported
— TR — CIL
Explanation type x .
. . _ Supported in focal
H5 Perceived algorithm B =0243 SE =0.063, p < 0.001, model; not

literacy — Procedural 95% CI[0.120, 0.366]

justice algorithm-specific

Supported in focal
model; not robust to
general digital literacy

Hé Index of moderated Index = 0.0182
serial mediation

95% bootstrap CI
[0.0069, 0.0340]

Table 6. Indirect effects and conditional process estimates.

Effect Estimate  95% Bootstrap CI Interpretation
Serial specific indirect effect: explanation type — PJ 0.053 [0.025, 0.090] Significant
— TR = CI

Specific indirect effect through PJ only 0.148 [0.065, 0.241] Significant
Specific indirect effect through TR only 0.106 [0.045, 0.183] Significant
Direct effect: explanation type — CI 0.063 [—0.142, 0.281] Not significant
Index of moderated serial mediation (focal) 0.0182 [0.0069, 0.0340] Significant

(focal model)

Index after adding general digital literacy as 0.0078 [—0.0018, 0.0200] Not significant

a moderator

4.4.1. H1: Effect of Explanation Type on Perceived Procedural Justice

Hypothesis 1 predicted that process-based explanations would lead to higher per-
ceived procedural justice than outcome-based explanations. This hypothesis was supported.
Participants in the process-based explanation condition reported significantly higher per-
ceived procedural justice (M = 4.70, SD = 0.96) than participants in the outcome-based ex-
planation condition (M =3.99, SD = 1.02), Welch’s t = 7.15, p < 0.001, Cohen’s d = 0.72. Thus,
process-based explanations increased perceived procedural justice relative to outcome-
based explanations. This interpretation applies within the bundled process-disclosure
manipulation used here.

Figure 3 visualizes the main effect tested in H1. The figure plots group means and
uncertainty intervals for perceived procedural justice, with individual responses overlaid
to show the distribution within each experimental condition.
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Welch's t = 7.15, p < 0.001, d = %.72

Perceived Procedural Justice

Outcome-based Process-based

Figure 3. Main effect of explanation type on perceived procedural justice. Bars represent group
means; error bars indicate 95% confidence intervals; individual responses are overlaid with horizontal
jitter to show distribution.

The higher mean in the process-based condition is consistent with the procedural
justice argument: disclosing the recommendation process gives consumers a stronger basis
for evaluating the procedure as fair and reasonable.

4.4.2. H2: Procedural Justice and Trust in the Algorithm

Hypothesis 2 predicted that perceived procedural justice would be positively related
to trust in the recommendation algorithm. This hypothesis was supported. Perceived
procedural justice was positively related to trust in the algorithm, B = 0.358, SE = 0.046,
p < 0.001, R? = 0.132. Consumers who perceived the recommendation process as more
procedurally fair reported greater trust in the recommendation algorithm.

4.4.3. H3: Trust in the Algorithm and Continuance Intention

Hypothesis 3 predicted that trust in the recommendation algorithm would be pos-
itively related to continuance intention. This hypothesis was supported. Trust in the
algorithm was positively related to continuance intention, B = 0.344, SE = 0.050, p < 0.001,
R? =0.107. Consumers who trusted the recommendation system more were more willing
to continue using the platform’s recommendation feature.

4.4.4. H4: Serial Mediation

Hypothesis 4 predicted a theoretically ordered serial indirect pathway from expla-
nation type to continuance intention through perceived procedural justice and trust in
the recommendation algorithm. The serial mediation analysis supported this pathway.
The serial specific indirect effect of explanation type on continuance intention through
perceived procedural justice and trust was significant, indirect effect = 0.053, 95% bootstrap
CI[0.025, 0.090]. The direct effect of explanation type on continuance intention was not
significant, direct effect = 0.063, 95% bootstrap CI [—0.142, 0.281].

The two additional specific indirect effects were also significant: the specific indirect
effect through perceived procedural justice alone was 0.148, 95% bootstrap CI [0.065, 0.241],
and the specific indirect effect through trust alone was 0.106, 95% bootstrap CI [0.045, 0.183].
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These findings are consistent with the proposed psychological pathway and indicate
that explanation format provides multiple convergent cues, with the hypothesized serial
pathway operating alongside additional specific indirect effects via procedural justice alone
and via trust alone.

4.4.5. H5: Moderating Role of Perceived Algorithm Literacy (Focal Model)

Hypothesis 5 predicted that perceived algorithm literacy would moderate the ef-
fect of explanation type on perceived procedural justice, such that the positive effect of
process-based explanation would be stronger among consumers reporting higher perceived
algorithm literacy. In a focal model that included only perceived algorithm literacy as a
moderator, this hypothesis was supported: the interaction between explanation type and
perceived algorithm literacy was positive and significant, B = 0.243, SE = 0.063, p < 0.001,
95% CI [0.120, 0.366]. As the specificity analysis in the Robustness section shows, however,
this moderation is not specific to algorithm literacy and is carried by general digital literacy;
Hb5 should therefore be read as exploratory.

Figure 4 plots the interaction between explanation type and perceived algorithm liter-
acy. The gap between the process-based and outcome-based conditions widens as perceived
algorithm literacy increases, indicating that consumers reporting higher perceived literacy
were especially responsive to process information.

7_

Interaction: B = 0.243, p < 0.001 Outcome-based
Process-based

Predicted Perceived Procedural Justice
N

1 T T T T
2 3 4 5 6

Perceived Algorithm Literacy

Figure 4. Moderating effect of perceived algorithm literacy. Lines represent model-predicted values;
shaded bands indicate 95% confidence intervals.

In the focal model, this pattern is consistent with H5; the specificity analysis below
shows, however, that the moderation reflects broad digital interpretive capacity rather than
algorithm-specific literacy.

Simple-slope analysis showed that the effect of process-based explanation on perceived
procedural justice was positive at low perceived algorithm literacy (-1 SD), B = 0.329;
stronger at the mean level of perceived algorithm literacy, B = 0.709; and strongest at high
perceived algorithm literacy (+1 SD), B = 1.089. These results indicate that process-based
explanations improved perceived procedural justice across literacy levels, but the effect
was substantially stronger among consumers reporting higher perceived algorithm literacy.
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To complement the interaction plot, Figure 5 reports the conditional effects of process-
based explanation at low, mean, and high levels of perceived algorithm literacy. This
point-estimate view makes the increasing strength of the treatment effect more explicit.
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Effect of Process-Based Explanation on PJ

Figure 5. Conditional effects of process-based explanation by perceived algorithm literacy. Points
represent conditional effects at —1 SD, mean, and +1 SD of perceived algorithm literacy; error bars
indicate 95% confidence intervals.

The conditional effects were positive across all three literacy levels and became pro-
gressively stronger from low to high perceived algorithm literacy. This pattern indicates
amplification rather than reversal: consumers reporting lower perceived algorithm literacy
benefited less, while consumers reporting higher perceived algorithm literacy showed a
stronger procedural-justice response to process-based explanation.

4.4.6. H6: Moderated Serial Mediation

Hypothesis 6 predicted that perceived algorithm literacy would moderate the serial
indirect effect of explanation type on continuance intention through perceived procedural
justice and trust in the recommendation algorithm. In the focal model, this hypothesis
was supported: the index of moderated serial mediation was positive and significant,
index = 0.0182, 95% bootstrap CI [0.0069, 0.0340]. However, when general digital literacy
was also permitted to moderate the first-stage path, this index was no longer significant,
index = 0.0078, 95% bootstrap CI [—0.0018, 0.0200]; the specificity analysis below indicates
that the conditional pattern is carried by general digital literacy rather than by algorithm-
specific literacy.

In the focal model, this pattern is consistent with the proposed conditional process
model. As the specificity analysis shows, the moderation is best interpreted as reflecting a
broad self-reported digital interpretive capacity rather than an algorithm-specific effect.

4.5. Robustness Checks
4.5.1. Explanation Clarity

The first robustness check incorporated explanation clarity into the procedural-justice
model. Explanation clarity was positively associated with perceived procedural justice,
B =0.188, SE = 0.055, p < 0.001. Including explanation clarity reduced the effect of expla-
nation type on procedural justice from B = 0.711 to B = 0.502, corresponding to a 29.4%
attenuation. The explanation-type coefficient nevertheless remained substantial and statis-
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tically significant, B = 0.502, SE = 0.116, p < 0.001. This pattern indicates that explanation
clarity partially overlaps with, but does not subsume, the procedural justice pathway.

Figure 6 summarizes the robustness check for explanation clarity. The coefficient
for explanation type is attenuated after controlling for clarity, but it remains positive and
statistically meaningful.

Attenuation = 29.4%

© o o
IS o ©
L 1 !

©
N}
L

Effect of Explanation Type on P)

0.0 -

Without clarity With clarity
control control

Figure 6. Robustness check: explanation clarity control. Bars represent unstandardized regression
coefficients; error bars indicate 95% confidence intervals.

The robustness pattern indicates that clarity is part of the explanation-format effect
while leaving a distinct procedural justice component. Process-based explanations appear
to matter because they provide procedurally diagnostic information, not only because they
are easier to understand.

4.5.2. Cognitive Load, Information Amount, and Full-Control Specification

Given that the process-based condition contained more procedural detail, an additional
specification included cognitive load as a covariate. Controlling for cognitive load alone
did not weaken the explanation-format effect; the estimate rose from B = 0.711 to B = 0.833,
SE =0.102, p < 0.001. When explanation clarity and cognitive load were entered together,
explanation type remained a significant predictor of perceived procedural justice, B = 0.637,
SE =0.119, p < 0.001. In a fuller specification that simultaneously controlled for explanation
clarity, cognitive load, privacy intrusiveness, perceived realism, product attractiveness,
age, and gender, explanation type remained robust, B = 0.622, SE = 0.116, p < 0.001. These
checks indicate that the procedural justice effect is not fully accounted for by wording
clarity, processing burden, scenario realism, product halo, or privacy-related concern.

4.5.3. Scenario Realism

Scenario realism was examined because the process-based message contained more
procedural detail. Perceived realism was slightly lower in the process-based condition
(M =4.30) than in the outcome-based condition (M = 4.53), Welch’s t = —2.70, p = 0.007,
d = —0.27. Both condition means were above the scale midpoint, indicating acceptable
realism. When perceived realism was included as a covariate, the effect of explanation type
on perceived procedural justice increased from B = 0.711 to B = 0.756, SE = 0.099, p < 0.001.
This suppression pattern indicates that the small realism difference did not artificially
inflate the main effect.
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4.5.4. Product Attractiveness and Product-Halo Check

Product attractiveness was included to examine whether evaluations of the recom-
mended product contributed to the procedural-justice effect. The process-based con-
dition produced a small but significant product-attractiveness halo (Moutcome = 4.24,
Mprocess = 4.57), Welch’s t = 3.51, p = 0.001, d = 0.35. Re-estimating H1 with product
attractiveness as a covariate showed that the explanation-type effect on perceived proce-
dural justice remained robust, B = 0.629, SE = 0.098, p < 0.001, corresponding to 11.5%
attenuation relative to the uncontrolled estimate. In the full serial mediation model, prod-
uct attractiveness did not independently predict continuance intention when explanation
type, perceived procedural justice, and trust were controlled, B = —0.026, SE = 0.058,
p = 0.651. Thus, although process-based explanation slightly improved evaluation of the
recommended product, the procedural justice pathway was empirically distinct from a
product-halo account.

4.5.5. Privacy Intrusiveness

Privacy intrusiveness was examined as a potential parallel concern. Explanation
type did not significantly predict privacy intrusiveness, B = —0.005, SE = 0.119, p = 0.966,
indicating that the process-based explanation was not associated with higher perceived
privacy intrusiveness. Privacy intrusiveness was negatively associated with continuance
intention when explanation type, perceived procedural justice, and trust were controlled,
B =—-0.138, SE = 0.045, p = 0.002. These results suggest that privacy concern is relevant to
continuance intention in algorithmic recommendation contexts while remaining empirically
separate from the observed explanation-format effect.

4.5.6. Alternative Mediator Ordering

Because perceived procedural justice, trust, and continuance intention were measured
in the same survey session, a supplemental robustness check examined the reverse serial
ordering from explanation type to trust, then perceived procedural justice, and then contin-
uance intention. This reverse-order serial indirect effect was also statistically significant
but smaller, indirect effect = 0.037, 95% bootstrap CI [0.015, 0.065]. The focal sequence
is retained because procedural justice theory treats perceived procedural legitimacy as
evidence for trust formation; the supplemental result underscores that statistical mediation
should be interpreted in conjunction with theoretical ordering.

4.5.7. Specificity of the Moderation: Perceived Algorithm Literacy Versus General
Digital Literacy

Because perceived algorithm literacy was moderately correlated with general digital
literacy (r = 0.343), an additional analysis examined whether the first-stage moderation was
specific to algorithm literacy or instead reflected a broader self-reported digital interpretive
capacity. The perceived algorithm literacy interaction remained significant when general
digital literacy was added as a covariate, B = 0.243, SE = 0.063, p < 0.001. However, when
general digital literacy was also allowed to interact with explanation type, the perceived
algorithm literacy interaction was no longer significant, B = 0.104, SE = 0.064, p = 0.104,
whereas the general digital literacy interaction was positive and significant, B = 0.450,
SE =0.070, p < 0.001. A direct test confirmed that the two interaction coefficients differed
significantly, t = 3.15, p = 0.002, indicating that the divergence is not merely the differ-
ence between a significant and a non-significant coefficient. Consistent with this pattern,
the moderated serial mediation index for perceived algorithm literacy was no longer sig-
nificant once general digital literacy was permitted to moderate the explanation effect,
index = 0.0078, 95% bootstrap CI [—0.0018, 0.0200].
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Taken together, these results indicate that the first-stage moderation is carried by
general digital literacy rather than by algorithm-specific literacy. The boundary condi-
tion is therefore best interpreted as a broad self-reported capacity to interpret digital and
algorithmic cues, and H5 and Hé6 are accordingly treated as exploratory rather than con-
firmatory. This interpretation is compatible with the discriminant evidence reported in
Section 4.2: perceived algorithm literacy and general digital literacy remain empirically
distinct constructs (HTMT = 0.417), even though the first-stage moderation they produce
overlaps substantially.

4.5.8. Common Method Variance

Because the mediators and outcome were measured in the same survey session,
two complementary diagnostics evaluated whether CMV plausibly accounts for the focal
associations. First, Harman’s single-factor test was conducted on all items composing
perceived procedural justice, the retained four-item trust scale, continuance intention,
and perceived algorithm literacy (18 items). The first unrotated factor explained 25.56% of
the variance, well below the 50% threshold conventionally interpreted as evidence against
severe single-factor CMV. Second, a marker-variable analysis [35] was performed using
general digital literacy as the marker. General digital literacy was selected because its mean
absolute correlation with the focal mediators and outcome was small (mean |71 =0.015; r
with PJ] = —0.020, with TR = —0.015, with CI = 0.009), and because it is theoretically distinct
from the procedural and algorithm-specific perceptions captured by the focal constructs.
General digital literacy is retained as the marker on this basis: marker validity depends on
its near-zero zero-order association with the focal constructs (mean |7| =0.015), a condition
it satisfies and that the other available diagnostic variables satisfy least well. Although the
specificity analysis above indicates that general digital literacy moderates the first-stage
path from explanation type to perceived procedural justice, a first-stage interaction is a
distinct statistical quantity from a zero-order association; a variable can exhibit a near-zero
main-effect correlation with the focal constructs while still conditioning the strength of an
experimental effect on one of them, so this moderation does not compromise the marker
assumption. The smallest observed marker correlation was used as the CMV estimate
(rm = 0.009). After applying the partial correction 7coprected = (Tobserved — M)/ (1 —7m),
the focal correlations remained materially unchanged: PJ-TR shifted from 0.363 to 0.357,
PJ-CI from 0.300 to 0.293, and TR-CI from 0.327 to 0.320. All focal pairs that were significant
before correction remained significant at p < 0.001 after correction. Together, the two
diagnostics indicate that CMV does not plausibly account for the procedural justice pathway
estimated above.

4.6. Summary of Findings

Overall, the results supported the hypothesized procedural justice pathway (H1-H4).
The process-disclosure package represented by the process-based condition increased
perceived procedural justice relative to the outcome-based condition. Perceived procedural
justice was positively associated with trust in the recommendation algorithm, and trust
was positively associated with continuance intention. The serial specific indirect effect
from explanation type to continuance intention through procedural justice and trust was
significant. The first-stage moderation (H5) and the moderated serial mediation (H6) were
supported in the focal model but, as the specificity analysis showed, were carried by
general digital literacy rather than algorithm-specific literacy; H5 and H6 are therefore
treated as exploratory. Robustness analyses further supported the distinctiveness of the
procedural justice pathway after accounting for explanation clarity, cognitive load, scenario
realism differences, product-attractiveness halo, full-control specifications, and privacy
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intrusiveness. Because the manipulation bundled procedural orientation with richer and
more specific content, these effects are attributed to a process-disclosure package rather
than to procedural information in isolation.

5. Discussion

This study examined how explanation format shapes consumer responses to algo-
rithmic recommendations in e-commerce. Moving beyond a general “more transparency
is better” view, the study compared outcome-based and process-based explanations and
theorized the process-based condition as a procedural justice cue that may make the recom-
mendation procedure easier for consumers to evaluate. The findings are consistent with
the proposed model. The process-disclosure package represented by the process-based
condition increased perceived procedural justice relative to the outcome-based condition.
Perceived procedural justice was positively associated with trust in the recommendation
algorithm, and trust was positively associated with continuance intention. The theoretically
ordered serial indirect effect from explanation format to continuance intention through
procedural justice and trust was significant. In addition, an exploratory boundary condi-
tion emerged: consumers’ self-reported capacity to interpret digital and algorithmic cues
conditioned the first-stage effect of explanation format on procedural justice, although a
specificity analysis showed this moderation to be carried by general digital literacy rather
than by algorithm-specific literacy. Throughout the discussion that follows, the treatment is
interpreted as a process-disclosure package: the process-based condition bundled procedu-
ral orientation with greater specificity, informational richness, and explanation length, so
the results are read as evidence for the effectiveness of this package rather than as isolating
the unique causal effect of procedural content alone.

These results support the central premise of the study: consumers do not simply react
to algorithmic recommendations as outputs; they also evaluate the procedure by which
those outputs are generated. A process-based explanation gives consumers more than an
item-level recommendation. It provides diagnostic cues about data inputs and decision
logic, allowing them to judge whether the recommendation process appears consistent,
relatively unbiased, and grounded in appropriate information. This procedural evaluation
is associated with, and provides a theoretical basis for, algorithmic trust and continued
willingness to use the recommendation feature.

5.1. Theoretical Implications
5.1.1. Explanation Format as a Procedural Justice Cue

The first contribution of this study is to reframe algorithmic explanation format as
a procedural justice cue. Prior research on explainable Al and algorithmic transparency
has shown that explanations can increase users’ awareness of how algorithmic systems
work, improve interpretability, and affect trust and acceptance [2,20]. Recent e-commerce
research has similarly examined explainable Al features such as transparency, fairness,
interpretability, and trustworthiness as drivers of satisfaction and purchase intention [7,9].
While this work has established the importance of explainability in digital commerce, it
has tended to treat transparency as an aggregate perceptual feature rather than asking how
specific explanation formats shape consumer evaluations.

The present results suggest that explanation format matters because it changes what
consumers are able to evaluate. Outcome-based explanations keep attention on the recom-
mended product. Process-based explanations shift attention to the procedure behind the
recommendation and may thereby make the procedure easier for consumers to evaluate.
Procedural evaluability is offered as a conceptual account of why explanations differ in
theoretical consequence: explanation content matters when it supplies criteria by which
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consumers can judge the legitimacy of an otherwise opaque recommendation process.
Because the construct was not measured in this study, this account is an interpretation
rather than an empirically established mechanism. In this account, procedural evaluability
clarifies the condition under which explanation content becomes useful for procedural
justice judgment. Procedural justice theory therefore suggests that fairness perceptions
emerge when explanations provide diagnostic information that enables individuals to
evaluate whether a procedure satisfies fairness-relevant criteria, such as consistency, bias
suppression, and accuracy [10,11]. In the present context, process-based explanations pro-
vided consumers with cues about the recommendation system’s use of browsing behavior,
product comparisons, price-range clicks, ratings, and freshness information. These cues
gave consumers material for procedural judgments about relevance, consistency, lack of
bias, and accuracy. An alternative reading should also be acknowledged. Classic work
on the mere presence of reasons suggests that explanations containing a “because” struc-
ture can elicit compliance even when the substantive content carries little informational
weight [36]. The present design cannot fully separate the diagnostic value of disclosed pro-
cedural content from the more general signaling effect of providing any reasoned account,
since the outcome-based condition contained no explicit reason-giving structure. A stricter
test would compare process-based explanations with content-matched non-procedural
explanations holding reason-giving constant.

This finding extends procedural justice theory into the domain of e-commerce recom-
mendation systems by clarifying the object of consumer evaluation. Algorithmic decision
research has shown that users evaluate algorithmic systems through fairness- and trust-
related judgments, and that explanations can influence perceptions of justice in automated
decisions [4,5]. Unlike organizational reward allocation, promotion, or dispute resolution,
a product recommendation is not a formal allocation of scarce resources. Yet the consumer
still confronts a procedural question: why was this product selected for me, and was the
process reasonable? The results suggest that procedural justice theory can be productively
applied to algorithmic recommendation contexts when explanation is understood as an
interface-level cue that makes procedural justice evaluation possible.

5.1.2. Explanation Format as a Design-Specific Lever

The second contribution lies in shifting the discussion from transparency as a general
attribute to explanation format as a design-specific lever. Much recent work on algorithmic
transparency, explainable Al, and Al-enabled e-commerce examines whether users perceive
a system as transparent, interpretable, fair, or trustworthy [2,7,20]. Other research shows
that transparency may not benefit all consumers uniformly, especially when consumers face
trade-offs among transparency, personalization, control, privacy, and cognitive effort [9].
This study complements those streams by isolating one concrete design choice: whether
the system explains only the recommendation outcome or also the process behind it.

The results show that this design distinction has meaningful downstream conse-
quences. Process-based explanations produced higher procedural justice perceptions,
which were associated with stronger trust and continuance intention in the tested model.
This finding is useful because broad guidance to increase transparency gives platform
designers limited direction about which information to provide. A process-based explana-
tion offers a practical form of transparency: it can preserve proprietary algorithmic detail
while giving consumers enough procedural information to evaluate whether the system’s
reasoning appears legitimate.

The findings also clarify the conditions under which process-based explanation is
useful. The robustness analyses showed that explanation clarity partially overlaps with the
explanation-format effect, but does not subsume it. Explanation clarity attenuated the effect
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by approximately 29.4%, yet the residual effect of explanation type remained substantial
and statistically significant. The effect also remained robust after separately controlling for
cognitive load, and in a fuller specification that simultaneously controlled for explanation
clarity, cognitive load, privacy intrusiveness, perceived realism, product attractiveness,
age, and gender. This pattern suggests that clear wording and processing demands matter
while leaving a distinct procedural justice pathway.Process-based explanations appear to
matter in part because they reveal information that consumers can use to evaluate the
recommendation procedure.

The results also reveal a design trade-off. Process-based explanations were asso-
ciated with higher cognitive load than outcome-based explanations (Mprocess = 3.92 vs.
Moutcome = 3.17), indicating that richer procedural information imposes additional process-
ing demands. The important point is that this cognitive cost coexisted with a procedural
benefit. The moderation results suggest that consumers’ self-reported digital interpretive
capacity shapes whether they convert this additional information into justice-relevant
evaluation. In this sense, process-based explanations create both an opportunity and a
processing demand: they provide more procedural information, and consumers vary in
their interpretive capacity to use that information effectively. Process-based explanations
are therefore not costless transparency: they shift evaluative work onto the consumer in
exchange for procedural information.

5.1.3. Digital Interpretive Capacity as a Boundary Condition

The third contribution concerns consumer heterogeneity. In the focal model, perceived
algorithm literacy moderated the effect of explanation format on perceived procedural
justice, with the effect strongest among consumers reporting higher perceived literacy.
A specificity analysis, however, showed that this moderation was not specific to algorithm
literacy: when general digital literacy was also allowed to moderate the explanation effect,
the algorithm literacy interaction was no longer significant and was significantly weaker
than the general digital literacy interaction (t = 3.15, p = 0.002). We therefore interpret the
boundary condition as a broad, self-reported capacity to interpret digital and algorithmic
cues rather than as an algorithm-specific effect, and we treat H5 and H6 as exploratory.
This pattern is consistent with the view that procedural cues require interpretive schemas:
consumers must translate behavioral and system cues into fairness-relevant judgments,
and consumers reporting greater digital interpretive capacity appear better equipped to
do so.

This finding refines how perceived algorithm literacy should be understood in e-
commerce research. Because the specificity analysis indicates that the operative moderator
is a broad self-reported digital interpretive capacity rather than algorithm-specific literacy,
the remarks below refer to perceived algorithm literacy as the measured indicator while
treating the underlying boundary condition as digital interpretive capacity. Algorithmic
knowledge is not evenly distributed among users, and users vary in their ability to under-
stand how algorithmic systems select, prioritize, and personalize information [15]. Recent
JTAER research has examined Al literacy as a direct antecedent of consumer responses
to Al-generated marketing content [8]. The present study instead positions perceived
algorithm literacy as a boundary condition that shapes how consumers decode explanation
format. Consumers reporting higher perceived algorithm literacy appear more responsive
to the procedural significance of data inputs and reasoning cues. They may more readily
infer that a process-based explanation indicates the system is using relevant information
and applying a reasoned matching logic. Consumers reporting lower perceived algorithm
literacy, by contrast, may benefit less because the same explanation can appear as additional
information to process rather than as evidence of consistency, bias suppression, or accuracy.
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This result also clarifies the relationship between perceived algorithm literacy and
prior work on algorithm aversion or appreciation. Prior research has shown that people may
reject algorithmic advice after observing algorithmic errors, and that algorithm appreciation
can weaken among domain experts who prefer their own judgment [18,19]. Recent work
on robo-advisors also shows that transparency may be valued differently across consumer
segments with different expertise levels [9]. The present finding is more specific: self-
reported digital interpretive capacity increases responsiveness to procedural information.
Reported understanding of digital and algorithmic systems does not necessarily mean
unconditional acceptance of algorithmic recommendations; it helps consumers evaluate
whether a particular algorithmic procedure appears legitimate.

This distinction also helps explain why process-based explanations did not produce a
uniform effect. Atlow levels of perceived algorithm literacy, the effect of process-based
explanation on procedural justice remained positive but smaller. At high levels of perceived
algorithm literacy, the effect was much stronger. This pattern suggests that process-based
explanations may be most effective when consumers have the cognitive schema needed to
interpret behavioral traces, product attributes, and algorithmic reasoning as evidence of fair
procedure. Explanation design and user literacy therefore operate jointly: platforms can
disclose procedural information, but consumers must also be able to recognize its procedu-
ral significance. Why, then, did algorithm-specific literacy not retain unique explanatory
power once general digital literacy was allowed to moderate the effect? The most plausible
reading is that the explanation did not require algorithm-specific knowledge to be useful: its
cues were everyday digital-behavior concepts interpretable through general platform expe-
rience, so the narrower construct added little beyond the broader one. This carries a direct
implication for Al- and algorithm-literacy research. Self-reported algorithm literacy may
behave less like a distinct technical competence than like one expression of a broader digital
interpretive capacity, particularly in consumer-facing settings where explanations are delib-
erately simplified. Future work should separate algorithm-specific technical knowledge
from general digital interpretive competence—ideally pairing self-reports with objective
knowledge tests—before attributing consumer responses to algorithm literacy specifically.

5.1.4. Process-Based Explanations as Multi-Cue Trust Signals

The serial mediation results support the proposed procedural justice pathway, while
the additional specific indirect effects suggest that process-based explanations may also
carry broader trust signals. This pattern complements the procedural justice account:
some cues help consumers evaluate whether the recommendation procedure appears
fair, whereas others may more directly suggest system competence, reliability, or useful-
ness [13,21,24-26]. Procedural justice remains the focal theoretical route identified in this
study; broader trust cues operate alongside that route rather than replacing it. Notably,
the serial specific indirect effect through procedural justice and trust (0.053) was smaller
in magnitude than the specific indirect effects operating through procedural justice alone
(0.148) or trust alone (0.106). The serial pathway is therefore best read as one theoretically
ordered route among several convergent cue-based pathways activated by process-based
explanation, alongside parallel routes that operate independently of the strict serial se-
quence. This pattern is consistent with the procedural justice account but indicates that
process-based explanation also conveys cues that bear on trust and continuance more
directly than the strict serial sequence implies. Because procedural justice, trust, and con-
tinuance intention were measured within a single session, and because a reverse serial
ordering (trust before procedural justice) was also statistically significant (Section 4.5.6),
the procedural-justice-then-trust ordering is retained on theoretical rather than empirical
grounds. The serial pathway should be read as theory-grounded and statistically consistent
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with the data, not as a causally established sequence; the present design licenses a causal
claim only for the experimentally manipulated effect of explanation format on perceived
procedural justice.

5.1.5. Domain Expertise as an Object-Level Boundary

An exploratory boundary finding concerns tea domain expertise. Tea expertise was
included primarily as a discriminant covariate, but it showed a small negative association
with continuance intention, r = —0.20, p < 0.001. This association remained significant in a
model controlling for explanation type, perceived procedural justice, trust in the algorithm,
and general digital literacy, B = —0.109, SE = 0.028, p < 0.001. As tea expertise was not a
focal experimental moderator, the finding is interpreted as exploratory.

The finding is consistent with algorithm-aversion and algorithm-appreciation research
showing that expertise can reduce reliance on algorithmic advice when users prefer their
own judgment or believe they can evaluate the domain independently [18,19]. It also
clarifies the difference between perceived algorithm literacy and product-domain expertise.
Perceived algorithm literacy concerns understanding of the recommendation procedure;
product-domain expertise provides independent criteria for judging the recommended
object. Thus, algorithm-level understanding may strengthen the use of process cues,
whereas object-level expertise may reduce dependence on the system for product choice.

Future research could examine this two-layer structure more directly by manipulating
perceived algorithm literacy and product-domain expertise in the same design.

5.2. Practical Implications

The findings translate into three design principles for personalized recommendation
systems in familiar, low-to-moderate involvement product contexts. Each principle follows
from the same design logic: process information is useful when it helps consumers evaluate
the procedure behind a recommendation.

First, because procedural justice judgments depend on whether consumers can iden-
tify the basis of a recommendation, platforms can identify the procedural basis for the
recommendation. At the default recommendation-card level, a platform can move beyond
a bare “recommended for you” label by briefly identifying the data categories or product
signals that informed the recommendation, such as recent browsing, comparable brands,
similar price-range clicks, ratings, or freshness information. Such wording does not require
revealing proprietary models, but it gives consumers a procedural basis for evaluating why
the product appeared.

Second, because procedural fairness judgments depend on whether the informa-
tion used appears relevant and accurate, platforms can explain the relevance of data
signals. A useful process explanation clarifies why the named signals matter for the
recommendation—for example, that recent browsing indicates category interest, compara-
ble brands indicate preference boundaries, and similar price-range clicks indicate budget
fit. This turns data disclosure into procedural justification rather than a mere inventory of
tracked behavior.

Third, because the effect of process information depends on consumers’ self-reported
digital interpretive capacity, platforms can layer explanation depth. A short card-level
cue can provide minimal procedural evaluability without crowding the interface; a plain-
language “Why am I seeing this?” panel can then explain data categories and matching
logic; and expandable details can clarify how behavioral signals and product attributes
are combined. This structure preserves transparency while avoiding the burden of forcing
every user to process a dense explanation.
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Concretely, and consistent with the broader transparency and explanation-design
literature, which motivates matching disclosure depth to consumers’ needs and con-
straints [2,9,20], layered disclosure can be operationalized as three escalating tiers tied
to how much interpretive effort a consumer is willing to invest; Table 7 specifies each tier,

its placement, example interface microcopy, and the users it best serves.

Table 7. A layered process-disclosure design for e-commerce recommendation explanations.

Placement and

Disclosure Tier Trigger What It Discloses (Example Microcopy) Best Suited for
Names the procedural basis in one
Shown by default on  plain-language line, without technical terms: ~ All users; keeps
Tier 1: card-level cue the recommendation “Recommended because you recently viewed cognitive

card

oolong teas and compared similar price-range
products.”

load minimal

Tier 2: “Why am I
seeing this?” panel

Revealed on
demand, one tap
from the card

Justifies each named signal in everyday
language, turning a data inventory into a
procedural rationale: “We used your recent
category browsing, product comparisons,
and rating preferences to match this item.”

Users who want a
fuller rationale

Tier 3: expandable
detail and controls

Revealed on
demand, expanded
from Tier 2

Lists the signal categories, indicates how they
are combined, and offers controls to edit or
remove signals: “Signals considered: recent
browsing, brand comparison, price range,
ratings, freshness. You can edit or remove

Users seeking
mechanism-level
detail; higher digital
interpretive capacity

these signals.”

Notes. Platforms should default to the shallowest tier and let depth be user-initiated rather than exposing every
user to a dense explanation. Because responsiveness to process information appears to vary with consumers’ self-
reported digital interpretive capacity, design choices can be tuned to the audience: for consumers reporting lower
interpretive capacity, favor short, non-technical phrasing, concrete examples, and icons, and avoid surveillance-
like wording; for those reporting higher capacity, Tiers 2-3 can expose signal types, approximate weighting,
data provenance, and control options. In privacy-sensitive categories, surface the edit-or-remove control earlier
to preserve autonomy. Because platforms cannot directly observe a user’s interpretive capacity, explanation
depth is best left user-initiated, with tier defaults informed by observable interaction behavior rather than by
inferred literacy.

As a practical heuristic, then, the interface can disclose the procedural basis to everyone
in one line, justify it on demand, and reserve mechanism-level detail for the users who
opt in.

At the same time, process-based explanations are not universally beneficial, and sev-
eral trade-offs temper the recommendations above. First, richer procedural disclosure
increases cognitive load, which may burden rather than help consumers with lower digital
interpretive capacity. Second, disclosing behavioral inputs can heighten privacy or surveil-
lance concerns in more sensitive product categories, partly offsetting the procedural-justice
benefit. Third, transparent disclosure of ranking signals may allow sophisticated users
or sellers to game recommendation inputs strategically. Fourth, detailed explanations
can reduce rather than increase trust when they reveal weak, overly commercial, or irrel-
evant recommendation logic. These trade-offs reinforce the case for layered disclosure:
concise procedural cues by default, plain-language explanations on demand, and deeper
detail only when users seek it. These principles are best implemented with sensitivity to
consumer literacy, privacy, and autonomy. The findings apply most directly to moderate-
sensitivity product contexts of the kind studied here; in higher-sensitivity categories such
as financial, health, or insurance products, process-based explanation may need to balance
procedural disclosure against privacy reactance. Consumers reporting higher self-reported
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digital interpretive capacity may use richer process information to evaluate procedural
legitimacy, whereas those reporting lower capacity may need simpler language, concrete
examples, and less technical phrasing. Platform designers can avoid surveillance-like
wording and make clear that explanation is meant to support consumer judgment, not
pressure consumers to delegate choice to the algorithm. Product-domain expertise and
perceived algorithm literacy should also be separated in interface design: consumers who
know a product category well may still want to understand the recommendation procedure,
while users reporting higher perceived algorithm literacy may use process explanations to
evaluate legitimacy rather than to surrender product judgment [37].

5.3. Limitations and Future Research

The findings suggest several boundary conditions and directions for future research.

First, the study used a simulated e-commerce recommendation scenario rather than
observing actual platform behavior. This design allowed for causal identification of the
explanation-format effect on perceived procedural justice because participants were ran-
domly assigned to outcome-based or process-based conditions. Future research could test
whether the same procedural justice pathway predicts actual platform metrics such as
recommendation-card click-through rates, dwell time on the recommendation module, add-
to-cart decisions, conversion rates, feature retention, repeat recommendation use, or repeat
purchase behavior in field experiments. The effects observed here may also vary when
consumers interact with real platforms under time pressure, competing product options,
and accumulated platform experience.

Second, the study focused on a single product category: oolong tea for daily con-
sumption. This category was chosen because it is familiar to Chinese consumers and
avoids strong technical-product confounds, so the findings generalize most directly to
low-to-moderate involvement e-commerce recommendations involving familiar consumer
goods. The procedural justice pathway documented here may unfold differently in at least
four boundary categories that the present design did not test. (i) In high-involvement or
high-risk decision categories, such as financial products, insurance, or health-related goods,
correctability and user control may rise in salience and partly displace the consistency,
bias-suppression, and accuracy cues emphasized here; process-based explanation may
therefore need to disclose recourse options rather than only data inputs and reasoning
logic. (ii) In privacy-sensitive categories, such as health, finance, or location-based services,
disclosing behavioral inputs may simultaneously make the recommendation procedure
easier for consumers to evaluate and heighten privacy concern; the procedural justice
benefit observed in the present moderate-sensitivity context may be partially offset by
privacy reactance. (iii) In credence-good categories, such as supplements, professional
services, or expert advice, where consumers cannot independently verify product qual-
ity even after purchase, procedural cues may carry greater weight than in search-good
categories like daily tea, potentially amplifying the procedural justice effect. (iv) In cate-
gories with substantial product-domain expertise dispersion, such as wine, photography
equipment, or specialty foods, the object-level boundary identified in Section 5.1.5 may
become more pronounced, with high-expertise consumers further discounting algorithmic
recommendations regardless of explanation format. Future research could test whether the
procedural justice pathway holds, weakens, or interacts with category-specific concerns
across these boundary conditions, and whether category type itself moderates the optimal
disclosure depth.

Third, future studies can separate process orientation from explanation richness more
directly. This study examined a process-based explanation that disclosed individual be-
havioral cues and product-level information, deliberately excluding collaborative-filtering
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language such as “users similar to you” to avoid social-proof contamination. The manipu-
lation reflects a realistic disclosure package in which process orientation is accompanied
by greater procedural detail, specificity, and textual content. A four-cell design crossing
explanation orientation and explanation richness—brief outcome explanation, detailed
outcome explanation, brief process explanation, and detailed process explanation—could
determine whether procedural evaluability arises from process orientation itself, from the
amount of procedural detail, or from their combination. Relatedly, the procedural justice
scale includes items on the use of relevant information and information accuracy, which
partially echo the data inputs named in the process-based stimulus; the H1 effect may
therefore reflect measurement-stimulus content overlap in addition to a procedural fairness
judgment. That said, this overlap is confined to two of the six procedural-justice items
(relevant and accurate information); the remaining items—fairness, consistency, freedom
from bias, and justifiability—do not restate the stimulus content yet shifted in the same
direction, a pattern that a pure wording-overlap account would not predict. The overlap is
therefore best read as a target for cleaner stimulus-scale separation in future work rather
than as an alternative explanation of the present H1 effect. Relatedly, procedural evaluabil-
ity was treated throughout as a conceptual bridge rather than a measured variable. A direct
test would develop items capturing the perceived diagnosticity of explanation content for
fairness judgments and examine whether procedural evaluability statistically mediates
the effect of explanation type on perceived procedural justice; until then, the proposed
mechanism remains a theoretical proposition awaiting operationalization.

Fourth, trust in the algorithm was measured as a four-item composite reflecting the
trust content typically described in the algorithmic trust literature, including general trust,
perceived capability, perceived reliability, and a benevolence-related belief that the system
acts in users’ interests. This approach is consistent with much of the algorithmic trust
literature, but it does not distinguish cognitive trust from emotional trust. Classical IS
research suggests that cognitive trust and emotional trust may play different roles in
recommendation-agent adoption, especially when users delegate decisions to a system
rather than use it as a decision aid [21]. Future studies could separately measure cognitive
and emotional trust to determine whether procedural justice primarily strengthens rational
beliefs about system competence or emotional confidence in relying on the system.

Fifth, perceived algorithm literacy was measured as subjective understanding of rec-
ommendation mechanisms and was administered after the experimental task. The measure
is conceptually grounded in algorithm awareness and literacy research but should be
interpreted as perceived algorithm literacy rather than objective technical knowledge [15].
The moderation result therefore concerns perceived algorithmic understanding. The self-
report measure also cannot separate perceived literacy from related constructs such as
confidence in one’s own knowledge or technological self-efficacy. Perceived algorithm
literacy did not differ significantly across experimental conditions, and future studies can
measure literacy before exposure, combine subjective literacy with objective knowledge
tests, include self-efficacy measures, or manipulate algorithmic literacy through educational
interventions. Such designs would clarify how literacy shapes consumers’ interpretation of
process-based explanations. More broadly, several focal measures should be read as rela-
tively exploratory. Perceived algorithm literacy was author-developed for this context and
has no prior psychometric track record, and several constructs returned average variance
extracted below the 0.50 convergent-validity benchmark (perceived procedural justice 0.497,
continuance intention 0.476, perceived algorithm literacy 0.480). The reliability, HTMT,
and trust-scale stability checks reported in Section 4.2 mitigate but do not eliminate these
construct-validity concerns; the corresponding estimates should therefore be interpreted
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with caution, and replication with validated or objective measures is a precondition for
firm conclusions.

Finally, future longitudinal or experimental mediation designs could further examine
the temporal ordering among perceived procedural justice, trust, and continuance intention.
The present experiment supports causal inference for the effect of explanation format
on perceived procedural justice, while the downstream pathway is based on measured
psychological constructs collected in the same survey session. Because the mediators
and outcome were measured contemporaneously, alternative causal orderings among
procedural justice, trust, and continuance intention cannot be ruled out; the proposed
sequence should be read as theory-grounded rather than as an established causal chain.
Future studies could manipulate procedural justice cues separately from explanation format
or measure trust and continuance after repeated platform interactions.

6. Conclusions

This study investigated how algorithmic explanation format shapes consumer re-
sponses to e-commerce recommendations. The findings show that a process-disclosure
package—process-based explanation combined with greater specificity and richer content—
increased perceived procedural justice relative to outcome-based explanations. Perceived
procedural justice and trust formed a theoretically ordered indirect pathway linking ex-
planation format to continuance intention, with the ordering grounded in theory rather
than established causally, given contemporaneous measurement of the mediators and
outcome. Exploratory analyses further suggest that consumers’ self-reported capacity to
interpret digital and algorithmic cues conditions responsiveness to process-based explana-
tions; this boundary condition, however, was carried by general digital literacy rather than
algorithm-specific literacy and should be interpreted as a broad digital interpretive capacity.

The central implication is that algorithmic explanation is not merely a transparency
feature. It is a procedural design cue. When platforms explain how a recommendation
is generated, they give consumers material for evaluating whether the system’s process
appears consistent, relatively unbiased, and based on relevant information. These eval-
uations matter because they are closely tied to trust and continued engagement with
recommendation systems.

For e-commerce platforms, the results suggest that explanation design can move
beyond simple outcome labels. Process-disclosure packages can support procedural legiti-
macy without requiring full algorithmic disclosure. At the same time, explanation design
should remain sensitive to user literacy and cognitive burden. A useful explanation is not
necessarily the longest or most technical one, but the one that helps consumers understand
enough of the process to judge whether the recommendation is fair and trustworthy.

Overall, this study advances e-commerce research by linking explanation format,
perceived procedural justice, algorithmic trust, and continuance intention in a single
conditional process model. It shows that the value of explainable recommendation systems
depends on both what platforms disclose and whether that disclosure helps consumers
evaluate the recommendation procedure as evidence of a fair process.
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Appendix A. Experimental Stimuli

The questionnaire was administered in Chinese; the English stimulus wording re-
ported below is provided for transparency. The platform name, product, and call-to-action
were held constant across conditions; only the explanation format varied.

Table A1. Common scenario shown to all participants.

Stimulus Text

Imagine that you are shopping on a mobile e-commerce platform called ShopEase. You are
browsing for tea for daily consumption. After looking through several products, you see a
product recommendation generated by the platform’s recommendation system.

Table A2. Experimental explanation conditions.

Condition Stimulus Text

Recommended for you: YunMist Daily Oolong Tea, 100 g.
ShopEase’s recommendation system selected this item for you.
Tap the product card to view price, reviews, delivery options,
and detailed product information.

Outcome-based explanation

Recommended for you: YunMist Daily Oolong Tea, 100 g.
ShopEase’s recommendation system selected this item because
you recently viewed oolong teas, compared options across

Process-based explanation different brands, and clicked tea products in a similar price range.
The system also considers product ratings and freshness
information. Tap the product card to view price, reviews, delivery
options, and detailed product information.

Design note. The process-based condition deliberately excluded collaborative-filtering
wording such as “users similar to you” to avoid confounding explanation format with
social-proof cues.

Appendix B. Measurement Items

All scale items used a seven-point Likert response format (1 = strongly disagree,
7 = strongly agree). The English wording below is a translation of the questionnaire
administered to participants.
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Table A3. Measurement items and questionnaire wording.

Construct/Variable Code Item Wording
Manipulation check MC1 The recommendation explained why this product was
selected for me.
Manipulation check MC2 The recommfzndatlon descrﬂ?ed the information used by
the platform’s recommendation system.
Manipulation check MC3 The recommendation helped me understand how the
platform generated the product recommendation.
The recommendation mainly showed me a product
Manipulation check MC4_R  outcome without explaining the selection process.
[Reverse-coded]
Perceived procedural justice PJ1 The recommendation process seemed fair.
Perceived procedural justice P2 The reCOI.nmenda'.clon process appeared to use
relevant information.
. A The recommendation process seemed consistent in how it
Perceived procedural justice PJ3 .
matched products with user preferences.
Perceived procedural justice PJ4 The recommendation process seemed relatively unbiased.
Perceived procedural justice PJ5 The recor.nmendat.lon process appeargd to be based on
accurate information about my shopping needs.
Perceived procedural justice PJ6 The recommendation process seemed justifiable.
Trust in algorithm TR1 I trust the platform’s recommendation system.
Trust in algorithm TR2 Ibeh.e\{e the recommendation system is capable of
providing useful product suggestions.
Trust in algorithm TR3 Ib.eheve the recommepdahon system would make
reliable recommendations.
I feel confident relying on this recommendation system
when shopping online. [Administered but excluded from
Trust in algorithm TR4 the final trust scale after item-level diagnostics because of
conceptual overlap with reliance and continuance
intention.]
Trust in algorithm TR5 The rt.ecommen.datlon system seems to act in a way that
benefits users like me.
Continuance intention cn I vyould continue using product recommendations on
this platform.
Contintance intention R I'would be wqhng to rely on this Platform s
recommendations in future shopping.
Continuance intention B Iintend to k?ep using personalized recommendations
when shopping on this platform.
Perceived realism REAL1 The shopping scenario felt realistic.
Perceived realism REAL2 The recommendation screen was similar to what I might
see on an actual e-commerce platform.
Cognitive load COG1 Reading the recommendation required a lot of
mental effort.
Cognitive load COG2 The recommendation message was difficult to process.
. . . The recommendation made me concerned about how my
Privacy intrusiveness Pl
data were used.
Privacy intrusiveness PI2 The recommendation felt somewhat intrusive.
. . . The platform seemed to know more about my behavior
Privacy intrusiveness PI3
than I expected.
Product attractiveness PA1 The recommended product seemed attractive to me.
Product attractiveness PA2 I'would be interested in learning more about this product.
Explanation clarity CL1 The recommendation message was easy to understand.
Explanation clarity CL2 The explanation was clearly written.
Perceived algorithm literacy ALL I understand that online recommendation systems use user

behavior data to generate suggestions.
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Table A3. Cont.

Construct/Variable Code Item Wording
Perceived algorithm literacy ALD Lknow that %‘ecpmmendatlon algorithms may use
rowsing, clicking, and purchase patterns.

Perceived algorithm literacy AL3 Iunderstand that 1.'ecor.nr¥1endat10n's can be influenced by
data from users with similar behavior.

Perceived algorithm literacy ALA I can usually infer yvhy an e-commerce platform
recommends certain products to me.

. . . I'understand that algorithmic recommendations are

Perceived algorithm literacy ALS shaped by both user data and system design choices.

Tea domain expertise TE1 I am knowledgeable about tea products.

Tea domain expertise TE2 I can evaluate the quality of tea better than
most consumers.

General digital literacy DL1 I'am comfortable using digital platforms and mobile apps.

General digital literacy DL2 Ican qulckly learn how to use new online
shopping features.

Attention check IMC1 To confirm that you are reading carefully, please select

“somewhat disagree” (i.e., 3) for this item.

Demographic variables included age, gender, highest education level, occupation type,

and monthly e-commerce shopping frequency.

Appendix C. Survey Flow and Screening Summary

The online questionnaire was implemented in Wenjuanxing. Incoming respondents

were randomly assigned to one of the two explanation conditions, and the condition code

was recorded as 0 = outcome-based explanation and 1 = process-based explanation.

Table A4. Survey flow.

Step

Block

Content

Opening and informed consent

Welcome message, study purpose,
anonymity statement, voluntary
participation, and consent confirmation.

Scenario and random assignment

Common e-commerce scenario followed
by random assignment to the
outcome-based or process-based
explanation vignette; condition

code recorded.

Manipulation check

MC1-MC4_R measured perceived process
information immediately after exposure
to the vignette.

Focal constructs

Perceived procedural justice, trust in
algorithm, and continuance intention.

Diagnostic and control variables

Perceived realism, cognitive load, privacy
intrusiveness, product attractiveness,
and explanation clarity.

Attention check

Instructional manipulation check asking
participants to select the specified
response option.

Moderator and discriminant covariates

Perceived algorithm literacy, tea domain
expertise, and general digital literacy.

Demographics

Age, gender, education, occupation,
and e-commerce shopping frequency.
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Table A5. Quality-screening exclusions.

Screening Category n Note

Raw responses delivered by the online

Initial responses received 417
survey platform.

Platform-flagged duplicate device or IP Flagged by the survey platform; excluded

submissions 4 before hypothesis testing.

Failed attention checks 4 Excluded before hypothesis testing.
Reverse-item inconsistency 2 Excluded before hypothesis testing.
Completion time less than 90 seconds 5 Excluded before hypothesis testing.
Response below 80% completion 3 Excluded before hypothesis testing.
Straight-lining 5 Excluded before hypothesis testing.

All exclusions were applied without
Total excluded 23 reference to substantive
outcome variables.

Outcome-based explanation: n = 197;

Final analytic sample 394 process-based explanation: n = 197.

These quality-screening rules were applied before hypothesis testing and without
reference to the substantive outcome variables.

Appendix D. Measurement Model Diagnostics

Table A6. Item-level standardized loadings for focal measurement model.

Construct Item Standardized Loading
Perceived procedural justice PJ1 0.739
Perceived procedural justice PJ2 0.716
Perceived procedural justice PJ3 0.691
Perceived procedural justice PJ4 0.664
Perceived procedural justice PJ5 0.721
Perceived procedural justice PJ6 0.695
Trust in algorithm TR1 0.674
Trust in algorithm TR2 0.675
Trust in algorithm TR3 0.677
Trust in algorithm TR5 0.799
Continuance intention CIl 0.700
Continuance intention CI2 0.730
Continuance intention CI3 0.637
Perceived algorithm literacy ALl 0.703
Perceived algorithm literacy AL2 0.681
Perceived algorithm literacy AL3 0.707
Perceived algorithm literacy AL4 0.708
Perceived algorithm literacy AL5 0.666
Privacy intrusiveness PI1 0.767
Privacy intrusiveness P12 0.738
Privacy intrusiveness PI3 0.659

Notes. Standardized loadings are from the five-factor confirmatory measurement model reported in Section 4.2.
TR4 was administered in the questionnaire but excluded from the focal trust scale and therefore is not included in
the measurement model. Item wording is reported in Appendix B.
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Table A7. Heterotrait-monotrait (HTMT) ratio matrix for focal and discriminant constructs.

Construct PJ TR CI AL PI DL TE
PJ —
TR 0.439 —
CI 0.381 0.429 —
AL 0.088 0.061 0.096 —
PI 0.298 0.350 0.331 0.116 —
DL 0.058 0.055 0.039 0.417 0.046 —
TE 0.082 0.089 0.260 0.044 0.064 0.122 —

Notes. HTMT = heterotrait-monotrait ratio of correlations. PJ = perceived procedural justice; TR = trust in
algorithm; CI = continuance intention; AL = perceived algorithm literacy; PI = privacy intrusiveness; DL = general
digital literacy; TE = tea domain expertise. Values are reported to three decimal places. All HTMT ratios were
below the conservative 0.85 threshold.Item-deletion transparency check. TR4 was retained in a supplemental
five-item trust composite as a robustness check. The substantive direction and statistical support for the focal
trust-related conclusions were unchanged, but the four-item scale is retained because TR4 had the lowest loading
and overlapped conceptually with downstream reliance and continuance intention.

Table A8. Trust scale before-and-after diagnostics for the TR4 item-deletion decision.

Scale Version Cronbach’s CR AVE Stan.dardued TRfl Decision Note

o Loading Range Loading
Original five-item 0.811 0.815 0.470  0.585-0.790 0.585 TR4 showed the lowest standardized loading
trust scale and overlapped conceptually with downstream
(TR1-TR5) reliance and continuance intention.
Retained four-item 0.797 0.800 0.502 0.674-0.799 — Retained as the focal trust scale because it
trust scale (TR1, improved AVE while preserving the intended
TR2, TR3, TR5) trust content.

Notes. The original five-item trust composite included TR1 through TR5. TR4 referred to confidence in relying
on the recommendation system when shopping online. It was excluded from the focal trust scale because it
showed the lowest standardized loading and overlapped conceptually with downstream reliance and continuance
intention. The retained four-item scale comprises TR1, TR2, TR3, and TR5.

Table A9. Robustness check: serial mediation re-estimated with the original five-item trust scale.

Effect/Path Estimate 95% Bootstrap Interpretation
CI/SE
PJ] — five-item trust B =0.364 SE =0.045 p <0.001
Five-item trust — CI B =0.357 SE =0.052 p <0.001
Serial: explanation type — PJ — trust — CI 0.057 [0.027, 0.097] Significant
Specific indirect through PJ only 0.144 [0.061, 0.239] Significant
Specific indirect through trust only 0.097 [0.039, 0.173] Significant
Direct effect: explanation type — CI 0.072 [—0.143, 0.288] Not
significant

Notes. The model re-estimates the focal serial mediation using the original five-item trust scale (TR1-TR5)
with 5000 nonparametric bootstrap resamples. Substantive conclusions are unchanged relative to the focal
four-item specification reported in Table 6. The five-item scale is reported only as a robustness check; the
four-item scale is retained as focal because it yields higher convergent validity (AVE = 0.502 vs. 0.470; see Table A8).
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