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Abstract

AI recommendation assistants increasingly provide quasi‑advisory support in online
health‑product shopping, yet little is known about how their expressions of uncertainty
shape consumer decisions. Drawing on the stimulus–organism–response framework, sig‑
naling theory, and computer‑mediated communication/ComputersAre Social Actors logic,
this study conceptualizes AI uncertainty expression (AIUE) as a message‑level cue of epis‑
temic certainty. A 2 (AIUE: high vs. low) × 2 (health risk severity: high vs. low) between‑
subjects experiment with 599 online consumers showed that AIUE reduced competence
trust and benevolence trust and increased purchase hesitation. Trait indecisiveness mod‑
erated both trust‑formation paths: the negative effects of AIUE were stronger among con‑
sumers low in indecisiveness. Conditional indirect‑effect analyses showed that compe‑
tence trust transmitted the effect at both low and high indecisiveness, whereas benevolence
trust did so only at low indecisiveness. The focal model was estimated in a design con‑
taining both mild and more serious HRS contexts. Because the manipulation also shifted
perceived recommendation strength, helpfulness, and informativeness, the downstream
effects should be interpreted as responses to naturally expressed uncertainty rather than
to an isolated certainty cue. These findings extend research on AI‑mediated communica‑
tion by showing how uncertainty wording shapes distinct trust judgments and purchase
hesitation and by identifying trait indecisiveness as a boundary condition.

Keywords: AI uncertainty expression; competence trust; benevolence trust; purchase
hesitation; trait indecisiveness; health product recommendation; computer‑mediated
communication; CASA; S–O–R model; signaling theory

1. Introduction
AI‑enabled recommendation assistants are no longer just small service widgets

tucked into the corner of an online store. They now take part in product search, com‑
parison, and advice. A shopper looking at a fatigue‑relief supplement, for example, may
not only ask what ingredients it contains; the more practical question is whether the prod‑
uct is suitable for someone who has felt tired for several days. This question is especially
common in health‑related consumption, where products such as nutrition supplements,
functional foods, personal care items, and everyday wellness products sit between ordi‑
nary retail and quasi‑health advice. In this setting, the wording of the AI assistant’s reply
becomes part of the decision environment.
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This shift reflects a wider use of AI in digital commerce. AI systems are used not only
for prediction and personalization but also for conversational commerce, product inter‑
pretation, and marketing decision support [1,2]. Recommender systems and AI‑enabled
chatbots now help consumers make sense of products and compare alternatives [2,3]. In
health‑related shopping, the role is more delicate because the consumer often asks for
quasi‑consultative support rather than ordinary promotional information [4]. The man‑
agerial problem is easy to see: the same AI assistant must communicate caution without
leaving the consumer with no usable guidance [5]. Prior work on delay and no‑choice
options also shows that hesitation is a meaningful outcome when consumers cannot re‑
solve decision conflict [6–8]. Trust and perceived risk remain central to whether platform
guidance is accepted at all [9–11].

Consumers do not judge AI agents by accuracy alone. They notice whether the agent
is identified as AI, whether it appears competent, and whether it gives reasons for its ad‑
vice [12,13]. They also react to how human‑like the service feels and to whether the recom‑
mendation sounds confident or cautious [14,15]. Reviews of AI trust and algorithmic rec‑
ommendation point to the same pattern: users combine performance cues, transparency
cues, and interaction cues when deciding whether to rely on a system [16]. Related e‑
commerce chatbot research also links service quality and user trust to downstream con‑
sumer responses [17].

Health‑product shopping also sits adjacent to research on online health information
use and participation. That literature shows that consumers rely on online sources when
evaluating health‑related choices, with information quality, trustworthiness, and utility
the dominant predictors of health‑information seeking [18], and that engagement in on‑
line health communities depends on the communication channel and the social exchange
it supports rather than on content alone [19]. Three themes in this work bear on the present
study. First, how health information is expressed conditions how it is evaluated: infor‑
mation uncertainty differentially moderates the effects of distinct content types on per‑
ceived usefulness [20], and observable provider cues carry distinguishable competence‑
and helping‑related meanings [21]. Second, credibility and a supportive community en‑
vironment sustain engagement and knowledge adoption [22], distinct trust routes shape
provider choice [23], and service cues can raise consulting intention through benevolently
inferred intentions, although this advantage reverses when disease severity is high [24].
Third, acting on health information is not automatic: specific informational cues deter‑
mine whether users pay for it [25], switching and habit‑related barriers can suppress use
intention even for services that are available [26], and the structure of an asynchronous
exchange shapes satisfaction with it [27]. Purchasing a non‑prescription wellness product
is not equivalent to seeking medical care or joining an online health community; never‑
theless, these settings share a consequential decision problem: users must decide whether
platform‑mediated health information is sufficiently credible, useful, and personally rel‑
evant to act upon. This adjacent literature therefore provides the domain foundation for
examining how uncertainty wording shapes trust and purchase hesitation in AI‑assisted
health‑product shopping.

Recent work on large language models adds another layer by showing that hedges,
caveats, and probability statements can change reliance, trust, and task performance [28].
In health and pharmacy‑related settings, uncertainty wording is not just a stylistic detail.
Users may read it as responsible caution, or as a sign that the system cannot give useful
advice [29–31]. AI uncertainty expression (AIUE), then, deserves to be studied as a specific
form of AI communication in shopping contexts.

To define the construct at the outset, AI uncertainty expression (AIUE) is best clas‑
sified as a newly developed, context‑specific, message‑level experimental manipulation
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rather than an established psychometric construct or a direct adaptation of an existing
scale. It is defined as the degree to which an AI recommendation message verbally qual‑
ifies the certainty of its product‑fit judgment. Its conceptual basis comes from prior re‑
search on natural‑language uncertainty expression, verbalized uncertainty, and linguistic
calibration in human–AI interaction [28,32,33]. The distinction from explainable AI (XAI)
is straightforward but important: XAI concerns why or how the system produced an out‑
put, whereas AIUE concerns how certain the system sounds about that output [34–36]. An
AI can therefore provide a detailed explanation while expressing substantial uncertainty,
or provide little explanation while sounding highly certain. AIUE is thus a property of
the message shown to participants, not a stable attribute of the AI system and not a latent
consumer belief measured with a reflective scale.

AIUE is related to, but not interchangeable with, several neighboring concepts. Un‑
certainty communication is broader and can take verbal or numerical forms [37]; AIUE iso‑
lates the uncertainty‑oriented natural‑language form used in conversational advice. Hedg‑
ing is one linguistic device that qualifies categorical commitment through terms such as
may, might, perhaps, or “I am not sure” [38], but AIUE can also involve explicit state‑
ments of knowledge limits, conditionality, and reduced recommendation commitment.
Transparency concerns disclosure about a system’s operation, limitations, or decision pro‑
cess [36,39], whereas explainability concerns human‑understandable reasons for an out‑
put [34–36]; neither requires the system to sound certain or uncertain. Confidence expres‑
sion is the closest neighboring concept because it concerns the strength of an expressed
belief [40]. We therefore position AIUE as the uncertainty‑oriented, natural‑language form
of expressed confidence in conversational recommendation. Informational diagnosticity,
in turn, is a receiver judgment about whether the message helps evaluate the product [41],
and may be affected by AIUE rather than constituting AIUE itself.

The closest prior studies examine separate parts of the present framework.
Kim et al. [28] manipulated natural‑language uncertainty in LLM answers and assessed
reliance and trust; Xu et al. [32] compared levels of verbalized uncertainty in AI‑assisted
decision making; Mielke et al. [33] examined linguistic calibration of conversational‑agent
confidence and doubt; Zhang et al. [42] varied confidence information and explanations to
examine trust calibration; and Kocielnik et al. [31] testedways of communicating AI imper‑
fection to adjust user expectations. Recommendation‑agent research has separately linked
competence‑, benevolence‑, cognitive‑, and affect‑related trusting beliefs to adoption and
reliance [43–45]. To our knowledge, however, prior work has not combined conversa‑
tional AI uncertaintywordingwith competence trust and benevolence trust as two distinct
trust mechanisms, purchase hesitation as the consumer outcome, and trait indecisiveness
as a boundary condition. Building on these related streams, the present study examines
how conversational uncertaintywording inAI product recommendations shapes purchase
hesitation through distinct competence‑ and benevolence‑based trust inferences, and how
these processes vary with consumers’ trait indecisiveness.

Because AIUE is realized through language, the study also draws on computer‑
mediated communication (CMC) and the Computers Are Social Actors (CASA) paradigm.
Classic CMC research shows that when interaction is text‑based and nonverbal cues are
sparse, users adapt by extracting relational and source information from the verbal cues
that remain [46]. CASA extends this logic to nonhuman sources: even when users know
they are interacting with a computer, socially meaningful language can trigger familiar
interpersonal expectations and evaluations [47,48]. More recent human–AI communica‑
tion research shows that this logic remains relevant for contemporary AI rather than being
confined to early desktop‑computer settings. Sundar conceptualizes AI as an increasingly
agentic participant in mediated communication whose cues can shape users’ psychologi‑
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cal responses [49]. Liu experimentally shows that characteristics of AI agency and trans‑
parency alter social presence, uncertainty, and trust in human–AI interaction [50]. Wu and
Shen further show that users’ responses to AI can unfold from perceptions of agentic be‑
havior to inferences aboutmachinemental states and evaluations ofmachine influence [51].
Thus, uncertainty from anAI assistant need not be processed as neutral technical metadata.
A hedge such as “I am not sure” can simultaneously communicate a proposition‑level limit
on certainty and a source‑level cue from which users infer what the agent knows and how
fully it is engaging with the user. Consistent with source‑attribution research, the same
online message can be evaluated differently depending on whether it is attributed to a hu‑
man or computer source [52]. This combination of foundational CMC/CASA theory and
contemporary human–AI communication evidence provides the basis for expecting AIUE
to shape both competence trust and benevolence trust.

The issue matters because platform AI assistants increasingly act like quasi‑advisors
rather than passive information repositories. The confidence of their response becomes
part of the consumer’s choice architecture [5,15,16].

The practical outcome examined here is purchase hesitation. Online shopping hes‑
itation describes a consumer’s tendency to delay, defer, or avoid purchase commitment
even after receiving product information [53]. It is not the same as a low purchase inten‑
tion. A hesitant consumer may still be interested in the product; subjective difficulty in
reaching a preference can itself encourage deferral [54]. For platforms, this matters. Hes‑
itation prolongs search, increases comparison, and raises the chance that a consumer will
abandon the product page or cart. In a health product setting, hesitation can be even more
pronounced because consumers may worry about product fit, side effects, wasted money,
or whether a non‑medical product is appropriate for their condition.

This study builds on three streams of work. The first concerns AI interaction and algo‑
rithmic advice. People sometimes avoid algorithms after seeing them make mistakes [55],
but they may also appreciate algorithmic advice when it seems useful [56]. Acceptance
is also task‑dependent: consumers respond differently when a task feels objective rather
than subjective [57]. More recent work on conversational agents and explainable AI shows
that explanations and disclosure can shift reliance [58,59]. Generative AI and conversa‑
tional recommendation research has begun to examine uncertainty cues and interaction
quality as well [34,60]. Still, uncertainty expression itself is often folded into broader ideas
such as transparency or advice quality, leaving its consumer‑behavior consequences less
clearly specified.

A second stream centers on trust. Classic trust theory separates ability, benevolence,
and integrity as different bases of trustworthiness [61]. Studies of recommendation agents
and decision‑support technologies show that competence‑related and benevolence‑related
attributions influencewhether users accept system advice [43,44,62]. In the present context,
competence trust concerns whether the AI seems able to understand the task and produce
a useful recommendation. Benevolence trust concerns whether it seems oriented toward
the consumer’s interest. Treating these dimensions as interchangeable would hide a key
question: does AIUE damage trust because the AI seems less capable, less helpful, or both?

The third‑stream concerns hesitation and indecisiveness. Some consumers have a
chronic tendency to postpone decisions, feel anxious during choice, and keep worrying
after they have chosen [63–65]. That trait matters here because AIUE is unlikely to affect
all consumers in the same way. Consumers low in indecisiveness often use outside advice
to reach closure; for them, an AI assistant’s uncertainty may be a visible loss of decision
support. Consumers high in indecisiveness, by contrast, may remain hard to reassure even
when the AI gives a confident recommendation. The same sentence from an AI assistant
can therefore carry different weight depending on the consumer’s decision style.
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Taken together, these studies leave three specific gaps. First, uncertainty expression
has rarely been isolated as a linguistic cue in consumer‑facing AI recommendation, and its
conceptual boundary from transparency, explanation, and diagnosticity is often blurred.
Second, e‑commerce and information‑systems research has not fully connected AI uncer‑
taintywording to CMC/CASA accounts of how users socially interpret machine‑generated
languages. Third, existing trust research has not established whether the same uncer‑
tainty cue changes competence trust and benevolence trust through distinct mechanisms
or whether these conditional effects depend on consumers’ decision style.

To address these gaps, we test a moderated dual‑mediation model. AIUE is the mes‑
sage stimulus and linguistic signal; competence trust and benevolence trust are distinct
internal evaluations; and purchase hesitation is the response. Trait indecisiveness mod‑
erates the AIUE‑to‑trust paths. Health risk severity (HRS) served as a contextual exper‑
imental factor, and the focal model was estimated in a design containing both mild and
more serious HRS contexts. The study contributes by specifying the conceptual status of
AIUE, connecting AI communication to CASA/CMC, distinguishing two trust routes, and
identifying a receiver‑side boundary condition.

The health‑product settingmakes the communication problem consequential because
consumers use platform AI to judge product suitability under uncertainty. AI assistants
are not medical professionals, yet they are positioned as decision‑support tools: overly
certain wording may appear irresponsible, whereas uncertainty conveyed without accom‑
panying guidance may leave the consumer with nothing usable to act on. The practical
question is therefore how uncertainty can be communicated transparently and responsibly
while still supporting the consumer’s decision. This tension makes health‑related recom‑
mendations an informative context for studying AIUE.

Uncertainty from AI may also be read differently from uncertainty expressed by a
human salesperson. A human advisor who says “I am not sure” may be seen as honest,
humble, underinformed, or simply unmotivated. An AI assistant that says the same thing
may be interpreted through a different lens: data limitations, model unreliability, weak
diagnostic ability, or platform risk avoidance. AIUE is therefore not just interpersonal
hedging transplanted into a machine voice. It is a cue filtered through consumers’ beliefs
about algorithms, platform incentives, and machine intelligence.

The study speaks to a practical debate in AI‑mediated consumption. In health‑related
settings, whether an AI system should acknowledge the limits of its knowledge is not se‑
riously in question: responsible design requires systems to avoid unwarranted certainty,
and consumers are entitled to know when a recommendation is weakly grounded. The
open question is how that uncertainty should be communicated—transparently and re‑
sponsibly, yet in a form that still provides usable decision support. Evidence from the
consumer side is needed here because uncertainty delivered as a bare caveat can reduce
reliance and intensify decision conflict without helping the consumer resolve anything.
By examining trust mechanisms and a consumer‑level boundary condition, this study clar‑
ifies what consumers infer from uncertainty wording and therefore what responsible un‑
certainty communication has to accomplish in online health product recommendation.

2. Theoretical Foundation and Hypothesis Development
2.1. Theoretical Basis: S–O–R, Signaling Theory, CMC, and CASA

The S–O–R model provides the study’s main structure. Originating in environmen‑
tal psychology, the model holds that external stimuli shape internal psychological states,
which then guide behavioral responses [66]. In consumer research, it has been used to
explain how retail atmospherics, website design, interactivity, information quality, and
platform cues affect cognition, emotion, and behavior [67–69]. The model fits digital com‑
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merce well because online consumers cannot inspect many products directly or observe
sellers’ intentions. They make inferences from interface cues, recommendation messages,
reviews, explanations, and system responses. In AI‑assisted shopping, the AI assistant’s
answer is one such stimulus, and trust is a near‑term psychological state through which
that stimulus becomes behaviorally relevant.

In this study, AIUE refers to the degree to which an AI assistant’s message uses
hedges, conditionality, and explicit limits on definitive judgment. High AIUE includes
wording such as “effects may vary” and “it is difficult to be certain”; low AIUE uses more
definite claims that the product is suitable and likely to work. AIUE is therefore an ex‑
perimentally manipulated property of a recommendation message, not a stable system
attribute or a newly validated reflective scale. In S–O–R terms, AIUE is the observable
stimulus, competence and benevolence trust are organismic evaluations, and purchase hes‑
itation is the response.

Signaling theory explains why this wording has force. In markets with informa‑
tion asymmetry, people rely on visible signals to infer qualities they cannot observe di‑
rectly [70]. In consumer settings, such signals include brand reputation, price, certification,
recommender credibility, website diagnosticity, and message confidence [71,72]. AIUE
works as a linguistic signal for the assistant’s epistemic position. Consumers cannot verify
whether the AI truly understands their physical condition or product fit, so they infer com‑
petence and user orientation from how the assistant speaks. A confident recommendation
may signal usable decision support; a hedged one may signal weak diagnostic capacity or
limited commitment to helping the consumer reach closure.

The two theories are useful together. S–O–R describes the pathway frommessage cue
to internal evaluation to behavior. Signaling theory explains why the message cue is inter‑
preted in the first place. AIUE should not affect purchase hesitation simply because uncer‑
tainty is unpleasant. Rather, uncertainty wording changes what consumers infer about the
AI assistant. Those inferences become competence trust and benevolence trust, and these
trust judgments affect whether consumers can rely on the recommendation and proceed
with the purchase.

This perspective also keeps AIUE separate from the general amount of information
in a message. In digital markets, consumers often rely on incomplete interface cues to
infer quality, credibility, and decision usefulness [73,74]. Signaling theory has similarly
been used to explain how visible cues reduce information asymmetry when direct evalua‑
tion is difficult [75,76]. In AI recommendation, the signal is not only the product descrip‑
tion. It is also the AI assistant’s stance toward its own knowledge. Confidence, hedging,
explanations, and caveats may all tell consumers something about reliability and help‑
fulness. In online health communities, physicians’ paid educational knowledge‑sharing
can signal service quality and ability, whereas free educational knowledge‑sharing can
signal a willingness to help; both are associated with patient visits and consultation pur‑
chases [21]. Although these are physician‑generated behavioral signals rather than AI lin‑
guistic cues, they show that observable health‑platform cues can carry both ability‑ and
helping‑orientation meanings.

S–O–R is also useful because it leaves room for individual differences. The same stim‑
ulus does not have to produce the same internal response for every consumer. In online en‑
vironments, personality, prior experience, technological readiness, health concern, and de‑
cision style can all affect how interface cues are interpreted. Trait indecisiveness is treated
here not as another stimulus but as a receiver‑side characteristic that changes how strongly
consumers respond to the AIUE signal.

The manipulation operationalizes AIUE through certainty‑related language rather
than through changes in product facts. HighAIUE uses epistemic hedges, qualified claims,
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explicit limits on definitive judgment, and lower recommendation commitment; lowAIUE
uses more definite claims and stronger recommendation commitment. This operational‑
ization follows the natural‑language uncertainty tradition [28,77] while adapting it to an
e‑commerce product‑fit judgment. Because commitment is a pragmatic consequence of
expressed certainty, the manipulation cannot be interpreted as changing an isolated word
while holding every message perception constant. It does, however, hold the product, in‑
gredients, informational sequence, and relational greeting constant. Appendix A presents
the exact Chinese stimuli and English translations.

CMC and CASA specify the communication mechanism that complements S–O–R
and signaling theory. CMC research does not imply that text‑based interaction is socially
empty; rather, users form impressions by adapting to available linguistic cues [46]. CASA
further shows that computer‑generatedmessages can elicit social responseswhen the inter‑
face provides cues associated with a social communication partner [47,48]. Contemporary
human–AI interaction research updates this logic for systems that are not merely channels
but perceived communication agents. Machine agency can become psychologically con‑
sequential in mediated interaction [49], and experimental evidence shows that AI‑related
cues can change social presence, uncertainty, and trust [50]. Recent work on machine‑
agency attribution further indicates that users can move from perceiving AI behavior to
making inferential and evaluative judgments about themachine [51]. In the presentmodel,
AIUE is therefore processed at two levels. At the epistemic level, uncertainty wording in‑
forms judgments about whether the assistant knows enough to provide useful guidance,
feeding competence trust. At the relational level, the samewording can signal how commit‑
ted, responsive, or user‑oriented the assistant appears, feeding benevolence trust. Signal‑
ing theory explains why consumers infer unobservable source qualities from the message,
whereas CMC/CASA and contemporary human–AI communication research explain why
language produced by a nonhuman source is nevertheless interpreted through socially fa‑
miliar categories. This integration turns AIUE from a merely technical disclosure into a
communicative cue capable of shaping distinct trust judgments.

2.2. The Interactive Effect of AI Uncertainty Expression and Trait Indecisiveness on
Competence Trust

Competence trust captures whether the consumer believes that the AI assistant has
the ability, knowledge, and task‑relevant expertise to give useful advice. In this study,
competence trust does not imply that the AI has medical authority. It means that the as‑
sistant appears able to interpret the protagonist’s fatigue, connect that condition to prod‑
uct attributes, and offer a recommendation that helps with the purchase judgment. AIUE
captures how explicitly the assistant communicates uncertainty. Trait indecisiveness cap‑
tures a stable tendency to find decisions difficult, delay choices, worry after choosing, and
remain sensitive to unresolved alternatives [63,64]. The first‑stage question is how a lin‑
guistic cue and a decision style meet during trust formation.

Several lines of evidence suggest that uncertainty expression can weaken competence
trust. Users often rely on confidence, coherence, and apparent diagnosticity when evalu‑
ating automated advice [41,44]. In algorithmic decision contexts, visible imperfection can
reduce reliance and trigger algorithm aversion [55], whereas explanations and perceived
accuracy can strengthen trust [15,44]. Communication research on human–AI interaction
providesmore direct support for the uncertainty–trust link: Liu found that AI‑related cues
affecting uncertainty and social presence also changed trust in AI judgments and system
competence [50]. Thus, when anAI assistant says that it cannot be certain whether a health
product will work, consumers may infer that the system lacks enough information or pre‑
dictive ability. The caution may be responsible; it can still make the AI look less capable of
helping the consumer decide. From a CMC/CASA perspective, lexical certainty cues also
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become source cues: because the recommendation is framed as an interactive assistant’s re‑
ply, users can attribute hedging to the agent’s limited ability rather than treating it only as
abstract uncertainty about the product [46–48,50]. Adjacent online health research shows
that information uncertainty strengthens the effect of treatment information on perceived
usefulness but weakens the effect of emotional support for third‑party patients [20].

Competence trust is tied towhether the AI appears able to perform the diagnostic task
built into the recommendation. Work on automation and algorithmic advice shows that
users update competence judgments from cues such as accuracy and performance [78,79].
Explainable AI and technology trust studies add that transparency, diagnosticity, and
system explanations shape whether automated advice is treated as useful [77,80]. In AI‑
mediated service, uncertainty communication can also affect perceived reliability and re‑
liance [81,82]. When AIUE is high, the assistant appears less able to translate product at‑
tributes into a usable recommendation. WhenAIUE is low, the same assistant can seembet‑
ter able to reduce ambiguity and support closure. This distinctionmatters in health‑related
consumption, where consumers expect the AI to help interpret product fit rather than
merely repeat product information [83,84]. Studies of online health advice and medical AI
show that userswatch closely for cues of expertise, credibility, and decision support [35,42].
Digital recommendation and website diagnosticity research reach a similar conclusion:
when product fit is uncertain, perceived usefulness matters [36,85]. Conversational com‑
merce and AI service studies also show that interactional cues affect perceived support
and acceptance [17,86,87]. AIUE should therefore reduce competence trust when it makes
the assistant seem less able to turn product information into actionable guidance [88,89].
Consumers also use platform signals, social cues, and service quality cues to infer whether
digital agents can help them make decisions [90,91]. Research on conversational‑agent de‑
sign and consumer AI experiences further shows that AI assistants are interpreted through
social cues and broader expectations about AI in consumption [92,93]. Broader AI schol‑
arship also calls for closer work on how emerging AI systems affect practice, policy, and
user behavior [94]. Finally, studies of information quality, recommender systems, and AI
advice confirm that competence‑related evaluations remain central to reliance on digital
recommendations [95,96]. Consistent evidence from online health consultation shows that
physician ability predicts cognitive trust and that both cognitive and affective trust posi‑
tively predict willingness to choose [23].

Trait indecisiveness should change the size of this effect. Consumers who are low
in indecisiveness usually make decisions more fluently and are more willing to use out‑
side advice as a cue for action. For them, a confident AI recommendation can close the
loop. If that cue is replaced by uncertainty, the loss is noticeable. Highly indecisive con‑
sumers, in contrast, are already prone to doubt, delay, and post‑decision worry. Even a
low‑uncertainty AI answer may not give them much confidence because part of their hes‑
itation comes from decision style rather than from the message itself. The marginal drop
in competence trust should therefore be smaller among highly indecisive consumers.

This is a person–situation logic. AIUE is the situation‑level cue; TI shapes how the
cue is read. The same hedge may look to a decisive consumer like a failure of decision
support. To an indecisive consumer, ambiguity is less surprising and therefore creates a
smaller contrast between high and low AIUE. Accordingly, we propose:

At first glance, the prediction may seem counterintuitive. One might expect highly
indecisive consumers to be more vulnerable to AIUE because they already struggle with
decisions. Vulnerability, however, is not the same as marginal responsiveness. High‑TI
consumers may be more hesitant overall, but their baseline trust and decision confidence
are already low. A shift from low to high AIUE therefore has less room to produce an ad‑
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ditional loss. Low‑TI consumers have more to update. A low‑AIUE response can support
their decision process, whereas a high‑AIUE response removes that support.

Hypothesis 1.  AI uncertainty expression reduces competence trust more strongly when trait in‑
decisiveness is low than when it is high.

2.3. From Competence Trust to Purchase Hesitation

Competence trust matters in AI‑assisted purchase decisions because recommenda‑
tion agents are supposed to reduce evaluation effort and help consumers judge product
fit [43,44]. In health product shopping, this function is especially salient. Consumers face
uncertainty about whether a non‑prescription product can address everyday symptoms
or health concerns. If the AI assistant seems to understand the task and the product, its
recommendation can work as a decision aid. If it does not seem competent, the recommen‑
dation loses much of its value as a shortcut. Evidence from online health Q&A markets
shows that focal patients’ reported healthcare experience increases peer patients’ likeli‑
hood of purchasing prior consultation records, whereas greater information detail lowers
it; urgency further conditions these relationships [25]. Related research identifies transi‑
tion costs, privacy‑protection beliefs, sunk costs, and health‑service habits as inhibitors
that hinder online health service use intention through perceived‑benefit and perceived‑
cost evaluations [26]. Together, these findings show that health‑platform payment and
use decisions respond to specific informational and switching cues.

Purchase hesitation appears when consumers cannot turn information into action.
Online shopping hesitation involves postponement and extended deliberation rather than
simple rejection [53]. Research onpreference fluency shows that subjective choice difficulty
can increase choice deferral even when the alternatives themselves are unchanged [54].
Competence trust should reduce hesitation because it lets consumers offload part of the
diagnostic work to the AI assistant. If the assistant appears competent, the recommenda‑
tion becomes useful evidence. If it appears incompetent, the consumer has to return to
self‑evaluation, further search, and comparison.

For this reason, competence trust should mediate the effect of AIUE on purchase hes‑
itation. High AIUE weakens competence trust because it signals limited certainty and
diagnostic capability. Lower competence trust then increases hesitation because the AI
has not provided enough guidance for a health‑related purchase. The pathway is mainly
epistemic: AIUE tells consumers what the assistant seems to know or not know. Com‑
petence trust is therefore expected to be the primary route through which AIUE becomes
purchase hesitation.

The health product context makes this mechanism more visible. Consumers are not
deciding only whether the product looks attractive. They are asking whether an AI assis‑
tant can help judge suitability under bodily uncertainty. When competence trust is high,
the recommendation can be used as a credible cue for product fit [97,98]. When compe‑
tence trust is low, consumers may stay in a defensive delay mode: search again, compare
more, or postpone commitment [99,100]. This is why AIUE is expected to translate into
PH primarily through CT.

This competence‑based route fits decision research showing that hesitation grows
when consumers cannot convert available information into a clear preference or ac‑
tion [101], and that an overabundance of options can itself reduce the motivation to
choose [102]. Competent advice lowers the cost of evaluation because it lets consumers
rely on an external decision aid [35,84]. Weak competence trust re‑opens the choice pro‑
cess and keeps the consumer exposed to possible error [87,88]. Competence trust should
therefore do more than improve attitude; it should reduce purchase deferral by lowering
the amount of unresolved diagnostic work left after the AI response. Because TImoderates
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the AIUE‑to‑CT path, the indirect effect through CT should likewise be conditional on TI
and stronger at lower levels of TI.

Hypothesis 2. AI uncertainty expression increases purchase hesitation indirectly through reduced
competence trust, and this indirect effect is stronger when trait indecisiveness is low than when it
is high.

2.4. The Interactive Effect of AI Uncertainty Expression and Trait Indecisiveness on
Benevolence Trust

Benevolence trust captures a different judgment: whether the AI assistant seems ori‑
ented toward the consumer’s interest and willing to provide helpful support. In human
trust theory, benevolence means that the trustee appears willing to do good for the trustor
beyond narrow self‑interest [61]. In AI contexts, the term should not be read as literal
kindness or emotion. It refers to perceived user orientation, need sensitivity, and support‑
iveness [44,62]. In online health product shopping, consumers expect the assistant not only
to know product information but also to help reduce decision burden.

AIUEmay also reduce benevolence trust. On a commercial platform, consumers often
expect the assistant to help them move toward a decision. A confident recommendation
can feel like a committed attempt to help. A hedged, non‑committal reply may instead
sound like withdrawal: the assistant is not quite willing to take the consumer’s problem
far enough. There is, of course, another possible reading. Hedging can also look candid
and restrained, especiallywhen health claims are involved. In the present setting, however,
the AI is positioned as a decision‑support agent inside a shopping interface. A response
that mainly hedges may therefore be read less as benevolent caution and more as insuffi‑
cient help. Benevolence trust is thus expected to serve as a complementary, and probably
weaker, channel alongside competence trust. CMC/CASA also predicts that users can read
relational meaning into such lexical choices; a noncommittal reply may be interpreted as
reduced engagement or willingness to help even though the source is artificial [46–48].
Contemporary chatbot research provides a useful analogue: Meng and Dai showed that
supportive behavior from an AI chatbot shaped users’ perceived supportiveness of the
conversational partner [103]. Although perceived supportiveness is not identical to benev‑
olence trust, this evidence demonstrates that users can make relational, user‑orientation
judgments from an AI partner’s communicative behavior, which is the inference relevant
to the benevolence pathway proposed here.

The moderation by TI has a benevolence‑specific side as well. Low‑TI consumers are
likely to treat a confident recommendation as practical support because it helps themmove
toward action [80,81]. When the assistant hedges, theymay perceive not only less expertise
but also less willingness to help resolve the choice [84,104]. High‑TI consumers may need
reassurance beyondwhat either confident or uncertain AIwording can provide; the benev‑
olence gap between low and highAIUE should therefore be smaller for them [35,105]. This
fits decision‑delay research showing that chronic indecisiveness can make consumers less
responsive to a single cue [87,88]. It also fits AI service research suggesting that users inter‑
pret conversational agents through helpfulness, responsiveness, and social support [89,90].
In platform settings, those cuesmatter because consumers cannot directly observewhether
the assistant is serving the user, the seller, or the platform [95,96]. Benevolence trust should
therefore be most sensitive to AIUE among consumers who normally expect advice to
provide clear decision support [106,107]. Studies of service robots, chatbots, and service
AI similarly show that perceived helpfulness and interactional support influence accep‑
tance [108,109]. AIUE can be read as a withdrawal of support, especially by consumers
who are otherwise ready to decide [39,45].
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Benevolence trust inAI settings is best understood as perceiveduser orientation rather
than human warmth. Service AI and conversational‑agent research shows that consumers
respond not only to technical performance but also to humanness, responsiveness, and
service quality [78,110]. Chatbot and conversational‑commerce studies similarly suggest
that such cues help consumers infer whether the assistant is facilitating the user’s decision
or simply protecting the platform from responsibility [79,89]. AIUE can weaken BT when
the reply feels less like guidance and more like an evasive disclaimer [90,95].

Trait indecisiveness should again shape the effect. Consumers low in indecisiveness
usually expect advice to help them move toward a decision. A confident recommenda‑
tion feels supportive because it reduces ambiguity and points to the next step. When the
same assistant expresses uncertainty, the contrast is clear: the assistant seems less helpful
and less aligned with the consumer’s decision goal. Consumers high in indecisiveness are
chronically reluctant to commit. Even definite advice may not fully meet their need for
reassurance, so the additional benevolence loss created by AIUE should be smaller.

This moderation is not identical to the competence story. AIUE can signal that the AI
lacks knowledge, but it can also signal that the AI is not giving enough decision support.
The first interpretation concerns ability; the second concerns benevolence. Both readings
should be strongest for consumers who normally use advice to reach closure. Thus, the
competence interaction reflects confidence as an epistemic cue, while the benevolence in‑
teraction reflects commitment as a cue of willingness to help.

The benevolence pathway is especially relevant on commercial platforms. Consumers
may wonder whether the assistant is helping them, protecting the platform, or promot‑
ing the product. AIUE does not directly reveal platform motives, but it can change the
perceived helpfulness of the encounter. A highly hedged response may feel less like ad‑
vice and more like a disclaimer. For low‑TI consumers who expect advice to clarify the
choice, that can sharply reduce benevolence trust. For high‑TI consumers, even definite
advice may not fully resolve the need for reassurance, so the perceived benevolence gap
is smaller.

Hypothesis 3.  AI uncertainty expression reduces benevolence trust more strongly when trait in‑
decisiveness is low than when it is high.

2.5. From Benevolence Trust to Purchase Hesitation

Benevolence trust matters because consumers must decide whether the recommenda‑
tion assistant is acting as a useful decision partner. The AI does not have human feelings,
but consumers can still judge whether its response is user‑oriented. A benevolent‑seeming
assistant reduces perceived decision risk bymaking consumers feel that the system is help‑
ing them judge what suits their own interests, not merely pushing a product. This is par‑
ticularly relevant for health products, where concerns about wasted money, inappropriate
use, and seller‑driven persuasion are easy to trigger. A trust‑based study of online health
communities finds that information credibility, community support, and community re‑
sponsiveness promote engagement; engagement predicts knowledge adoption, whereas
community support directly predicts knowledge contribution [22]. In online health con‑
sultation, integrity and benevolence predict affective trust, which, together with cognitive
trust, predicts willingness to choose [23]. More recent experimental evidence shows that
free rather than paid physician value‑added services generally increase consulting inten‑
tion through benevolently inferred intentions, although the advantage reverses under high
disease severity [24].

This pathway differs from the competence mechanism because it concerns defensive
motivation rather than diagnostic ability. When consumers perceive an advisor as user‑
oriented, they are more willing to accept the recommendation as aligned with their wel‑
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fare [96,106]. When benevolence trust is low, they may suspect that the platform is with‑
holding useful support, shifting risk back to the consumer, or using the AI response as a
generic disclaimer [101,102]. Prior e‑commerce trust research suggests that such doubts
increase perceived risk and encourage postponement, additional search, or avoidance [97].
BT should therefore reduce PH by lowering the consumer’s felt need for self‑protection
during the purchase decision.

Low benevolence trust should increase hesitation through self‑protection. When con‑
sumers doubt that an advisor is acting in their interest, they are less willing to rely on that
advisor and more likely to deliberate further. E‑commerce trust and recommendation‑
agent research shows that perceived trustworthiness reduces perceived risk and facilitates
purchase decisions [44,111,112]. When trust weakens, consumers protect themselves by
delaying, searching again, or waiting until uncertainty feels more manageable. Benevo‑
lence trust affects hesitation not by proving product efficacy, but by reducing the need for
defensive decision‑making.

Benevolence trust may therefore provide a complementary relational pathway. Un‑
like competence trust, which follows relatively directly from the AI assistant’s expressed
epistemic certainty, benevolence trust requires an additional interpersonal inference about
whether the assistant’s communicative behavior reflects engagement with and orientation
toward the user’s needs. The benevolence pathway may consequently be more contingent
on how consumers interpret and use the assistant’s wording. This distinction is especially
relevant for trait indecisiveness. Consumers low in indecisiveness are more likely to use a
decisive recommendation as support for reaching closure; when that commitment is weak‑
ened through hedging, they may infer not only reduced capability but also reduced user‑
oriented support. Highly indecisive consumers, by contrast, may already approach recom‑
mendations cautiously and therefore make a weaker benevolence inference from changes
in recommendation certainty. Because TI moderates the AIUE‑to‑BT path, the indirect ef‑
fect through BT should likewise be conditional on TI and stronger at lower levels of TI.
Thus, we propose:

Hypothesis 4. AI uncertainty expression increases purchase hesitation indirectly through reduced
benevolence trust, and this indirect effect is stronger when trait indecisiveness is low than when it
is high.

Figure 1 summarizes the hypothesizedmodel. It shows the two first‑stage paths mod‑
erated by trait indecisiveness (H1 and H3), the two conditional indirect effects through
competence trust and benevolence trust (H2 and H4), and the design containing both HRS
contexts in which the focal model was estimated.
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Figure 1. Theoretical model. Solid arrows represent the focal process paths, and dashed arrows
represent moderation by TI. H1 and H3 denote the moderated first‑stage paths. H2 and H4 denote
the conditional indirect effects throughCT andBT, respectively. The dashed outer frame labeledHRS
indicates that the focal model was estimated in a design containing both HRS contexts. AIUE = AI
uncertainty expression; TI = trait indecisiveness; CT = competence trust; BT = benevolence trust; PH
= purchase hesitation; HRS = health risk severity; H1–H4 = Hypotheses 1–4.

3. Materials and Methods
3.1. Participants

Participants were recruited from Credamo, a Chinese online data‑collection platform
used inmanagement and behavioral research [113,114]. The survey initially yielded 773 re‑
sponses. Before exposure to the scenario, respondents were screened out if they reported
medical, pharmaceutical, clinical, nursing, nutrition, or health‑product‑related profes‑
sional backgrounds or work experience; if they essentially did not shop online; or if they
were completely unwilling to view or refer to platform AI customer‑service or recommen‑
dation assistants. A total of 173 responses failed these prerecruitment criteria. Completed
questionnaires were also screened against an a priori data‑quality exclusion standard: re‑
sponses showing invariant or straight‑line responding across the substantive multi‑item
measures, or other clearly non‑differentiated response patterns, were excluded as low‑
quality responses. No additional completed response met this exclusion standard. The
analytic sample was restricted to adults aged 18 years or older. One completed response
was in the under‑18 age category and was excluded, yielding a final analytic sample of
599 participants.

The final sample remained near‑balanced across the four experimental cells: 150 par‑
ticipants in each of the high‑AIUE cells and the low‑HRS/low‑AIUE cell, and 149 partici‑
pants in the high‑HRS/low‑AIUE cell. Women represented 57.1% of the sample. The me‑
dian and modal age category was 26–35 years; the median and modal education category
was a bachelor’s degree. For monthly income, the median category was CNY 6001–8000,
whereas the modal category was CNY 10,000 or above. Table 1 presents the full distribu‑
tions of these ordinal demographic variables.

Table 1.Demographic characteristics of respondents (N = 599).

Characteristic Category n %

Gender
Female 342 57.1
Male 257 42.9
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Table 1.Cont.

Characteristic Category n %

Age

18–25 186 31.1
26–35 247 41.2
36–45 119 19.9
46–55 27 4.5

56 and above 20 3.3

Education

High school or below 19 3.2
Junior college 60 10.0
Bachelor’s 433 72.3

Master’s or above 87 14.5

Occupation

Company employee (SOE/private/foreign) 408 68.1
Student 94 15.7

Civil servant/public institution 33 5.5
Professional (doctor, teacher, lawyer, etc.) 29 4.8

Self‑employed/freelance 26 4.3
Retired 4 0.7
Other 5 0.8

Monthly
income, after
tax (CNY)

No fixed income 30 5.0
≤2000 38 6.3

2001–4000 56 9.3
4001–6000 84 14.0
6001–8000 111 18.5
8001–10,000 117 19.5
≥10,000 163 27.2

Note. Percentages are based on N = 599 and may not total 100 because of rounding. CNY = Chinese
yuan. N = total sample size; n = category frequency.

3.2. Procedure and Experimental Design

The experiment used a 2 (AI uncertainty expression: high vs. low) × 2 (health
risk severity: high vs. low) between‑subjects design. Participants were randomly as‑
signed to one of four scenarios and explicitly instructed to adopt the first‑person role of
Zhang Lin. Although Zhang Lin was fictional, the repeated wording “I am Zhang Lin”
and the outcome‑item stems asked participants to report how they themselveswould think
and act while occupying that role, rather than to judge or predict the fictional consumer’s
reactions. Accordingly, competence trust, benevolence trust, and purchase hesitation cap‑
tured participants’ own self‑reported reactions under instructed perspective‑taking. The
fictional persona standardized the health‑related context across participants and reduced
confounding from differences in their actual health conditions. This role‑taking vignette
design supports causal isolation of message wording while retaining a plausible shopping
decision [115].

The questionnaire was administered in Chinese. Appendix A reproduces the com‑
plete wording of all four final experimental cells in Chinese together with close En‑
glish translations.

3.2.1. AI Uncertainty Expression Manipulation

AIUEwasmanipulated through verbal hedges and commitment strength. Themanip‑
ulation was newly developed for the online health product context and was informed by
prior work on natural‑language uncertainty expression, verbalized uncertainty, linguistic
calibration, and verbal confidence [28,32,33,40]. In the high‑AIUE condition, the assistant
said that the product might help, that it was difficult to determine whether it would im‑
prove fatigue, and that effects vary across individuals. In the low‑AIUE condition, it stated
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that the product clearly addressed the consumer’s nutritional needs, was expected to im‑
prove fatigue, and was suitable for purchase. Both messages named the same product,
B vitamins, and American ginseng, used the same relational opening, followed the same
information sequence, and were similar in length. Thus, product identity, ingredients,
factual topic coverage, information order, and the relational greeting were held constant,
while certainty‑linked verbs, hedges, and recommendation commitment varied. The inde‑
pendent robustness check further showed that randomizedAIUE remained a large and sig‑
nificant predictor of perceived uncertainty after controlling for recommendation strength,
informativeness, helpfulness, and perceived warmth (Sections 3.2.3 and 4.5).

3.2.2. Health Risk Severity as a Contextual Experimental Factor

Health risk severity (HRS) was varied as a contextual dimension of the health‑
product decision environment. This design choice was substantively motivated by health‑
communication research, in which perceived severity constitutes a central component of
health‑threat appraisal [116]. In the present setting, the same AI recommendation is not
necessarily evaluated against equivalent decision stakes when fatigue is occasional and
readily relieved versus persistent and disruptive to work and daily life. The purpose of
varying HRS was contextual: the focal model was estimated in a design containing both
HRS contexts rather than being tied to a single fixed severity scenario.

The high‑HRS vignette described persistent fatigue that impaired work and daily life,
whereas the low‑HRS vignette described occasional, mild fatigue relieved by rest. HRS
therefore defined the health‑threat context within which participants evaluated the AI rec‑
ommendation. Randomizing HRS alongside AIUE provided deliberate variation in an im‑
portant feature of the health‑product decision environment while holding the product, rec‑
ommendation task, and focal communication manipulation constant. Accordingly, HRS
was retained as a contextual experimental factor, and the focal model was estimated in a
design containing both HRS contexts.

3.2.3. Robustness Check Design and Procedure

Natural‑language certainty cues can affect not only perceived uncertainty but also the
pragmatic force and decision‑support value of a recommendation. We therefore assessed
four closely related message perceptions and tested whether randomized AIUE continued
to predict perceived uncertainty after controlling for recommendation strength, informa‑
tiveness, helpfulness, and perceived warmth. Recommendation strength captured the de‑
gree of purchase endorsement, informativeness captured the information value conveyed
by the reply, helpfulness captured its usefulness for reaching a purchase decision, and
perceived warmth captured its interpersonal tone [3,40,41,117–119].

A separate sample of 200 adult online consumers was recruited through Credamo
and randomly assigned to the same 2 (AIUE: high vs. low)× 2 (HRS: high vs. low) design,
with 50 participants in each cell. The robustness study followed the same first‑person role‑
taking instruction. The HRS scenario page had a 15 s minimum viewing time and the AI
recommendation page had a 20 sminimumviewing time. All 200 complete responseswere
retained. Participants completed the three‑itemHRS check after the health scenario and the
four‑itemAIUE check after the recommendation, followed by informativeness (two items),
perceived warmth (two items), helpfulness (three items), recommendation strength (one
item), and demographics. AppendixD reports the robustness‑checkmeasures and descrip‑
tive results.

3.3. Measures

All questionnaire measures were administered in Chinese. Measures originating
in English were translated into Chinese and back‑translated following established cross‑

https://doi.org/10.3390/jtaer21090291

https://doi.org/10.3390/jtaer21090291


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 291 16 of 39

cultural procedures [120]. Unless otherwise noted, all multi‑item measures in the main
experiment used seven‑point response scales. AIUE and HRS were randomized experi‑
mental factors; the corresponding perceived‑AI‑uncertainty and perceived‑severity scales
described belowwere used to verify the intendedmanipulations rather than to redefine the
manipulated factors as reflective constructs. Appendix B provides the exact administered
Chinese items, close English translations, item‑specific response anchors, original sources,
contextual adaptations, and scoring procedures.

3.3.1. Perceived AI Uncertainty (AIUE Manipulation Check)

Perceived AI uncertainty was assessed with six certainty‑worded items adapted from
Adams et al. [82]. The source measure asked whether the evidence supporting a recom‑
mendation seemed certain, known for sure, established, without any doubt, settled, and
able to be firmly relied on. We retained these six certainty indicators but changed the refer‑
ent to the AI recommendation assistant’s advice and product‑efficacy claims. All six items
were reverse‑scored before averaging so that higher values represented greater perceived
uncertainty. A sample item was “The AI recommendation assistant’s advice sounds cer‑
tain” (reverse‑scored; α = 0.965).

3.3.2. Perceived Health Risk Severity (HRS Manipulation Check)

Perceived HRS was assessed with three items adapted from the perceived‑severity
dimension ofWitte et al. [116]. The severe, serious, and significant health‑threat judgments
were contextualized to Zhang Lin’s fatigue condition. A sample item was “My fatigue
condition is serious” (α = 0.968).

3.3.3. Competence Trust

Competence trust (CT) was assessed with five recommendation‑agent trusting‑belief
items reproduced by Wang and Benbasat [121]. The original “virtual advisor” and digital‑
camera referents were replaced with the “AI recommendation assistant” and the focal
health‑product context. A sample item was “In evaluating this type of health product,
I consider the AI recommendation assistant to be like a true expert” (α = 0.947).

3.3.4. Benevolence Trust

Benevolence trust (BT)was assessedwith three recommendation‑agent trusting‑belief
items reproduced byWang andBenbasat [121]. The “virtual advisor” referentwas replaced
with the “AI recommendation assistant,” while the original focus on the user’s interests,
needs, and preferences was retained. A sample item was “I believe that the AI recommen‑
dation assistant puts my interests first” (α = 0.885).

3.3.5. Purchase Hesitation

Purchase hesitation (PH) was assessed with the five‑item overall‑hesitation measure
reported by Cho et al. [53]. The items were adapted as prospective first‑person reactions to
the focal energy‑tablet decision. A sample item was “Although I have spent time learning
about the energy tablet, I would still hesitate when making the final purchase decision”
(α = 0.960).

3.3.6. Trait Indecisiveness

Trait indecisiveness (TI) was assessed with the 11‑item Indecisiveness Scale recom‑
mended by Rassin et al. [65], following the original scale of Frost and Shows [63]. All 11 rec‑
ommended general‑indecisiveness items were retained, and the six decisiveness‑worded
items were reverse‑scored. Participants reported their own general decision tendencies.
A sample item was “I try to postpone making decisions” (α = 0.950).
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3.3.7. Scenario Realism Measure

Scenario realism was assessed with three questions adapted from Chen et al. [122].
The original situational referents were replaced with the focal online‑shopping situation.
Participants were instructed to leave the Zhang Lin role and evaluate the scenario itself. A
sample item was “In real life, the situation described in the case could occur.”

3.3.8. Demographic Covariates

Gender, age category, education category, and income category were included as de‑
mographic covariates in the focal regression models. Gender was coded 1 = male and
0 = female. Age, education, and income were entered using ascending category codes for
statistical adjustment, but these codes are not interpreted as interval‑scale quantities.

3.4. Statistical Analysis

Statistical analyses were conducted using IBM SPSS Statistics 27, PROCESS v5.0 for
SPSS,Mplus 8.3, and Python 3.14. IBM SPSS Statistics 27 was used for descriptive statistics,
manipulation checks, correlations, analyses of variance, and regression analyses. PRO‑
CESS v5.0 for SPSS was used to estimate conditional indirect effects using 5000 percentile‑
bootstrap samples. Mplus 8.3 was used to obtain standardized item loadings. Python 3.14
was used for numerical calculations and preparation of the interaction plots.

4. Results
4.1. Manipulation Checks

Participants in the high‑HRS conditions reported greater perceived severity (M = 6.26,
SD = 0.52) than those in the low‑HRS conditions (M = 2.75, SD = 1.40), t(597) = 40.56,
p < 0.001, Cohen’s d = 3.31, 95% CI for the mean difference [3.34, 3.68]. The equivalent
one‑way ANOVA was F(1, 597) = 1645.04, partial η2 = 0.734.

Participants in the high‑AIUE conditions reported greater perceived uncertainty
(M = 5.16, SD = 1.36) than those in the low‑AIUE conditions (M = 2.21, SD = 0.74),
t(597) = 33.01, p < 0.001, Cohen’s d = 2.70, 95% CI for the mean difference [2.77, 3.12]. The
equivalent one‑way ANOVA was F(1, 597) = 1089.76, partial η2 = 0.646. The cross‑factor
tests were nonsignificant: AIUE did not alter perceived HRS, HRS did not alter perceived
AIUE, and neither manipulation‑check interaction was significant.

4.2. Robustness Check

The independent robustness check confirmed that the standardized robustness‑study
wording produced a strong AIUE contrast. The four‑item uncertainty index showed high
internal consistency (α = 0.956). Participants in the high‑AIUE conditions perceived sub‑
stantially greater uncertainty (M = 5.25, SD = 1.26) than those in the low‑AIUE conditions
(M = 2.09, SD = 0.57), F(1, 196) = 517.48, p < 0.001, partial η2 = 0.725. HRS did not signifi‑
cantly affect perceived AIUE, F(1, 196) = 0.81, p = 0.369, and the AIUE × HRS interaction
was nonsignificant, F(1, 196) = 0.01, p = 0.943. The HRS manipulation was also strong in
the robustness sample, F(1, 196) = 531.72, p < 0.001, partial η2 = 0.731.

The robustness sample also assessed recommendation strength, informativeness,
helpfulness, and perceived warmth as distinct adjacent message evaluations. Recommen‑
dation strength captured endorsement commitment; informativeness captured perceived
information value; helpfulness captured decision‑support utility; andwarmth captured in‑
terpersonal tone. The robustness analysis reported in Section 4.5 statistically controlled for
all four evaluations. Their descriptive condition differences are reported in Appendix D.
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4.3. Scenario Realism

Scenario realism was high (M = 6.15, SD = 0.55). Neither the AIUE main effect, F(1,
595) = 1.90, p = 0.169, nor the HRS main effect, F(1, 595) = 2.48, p = 0.116, was significant,
and the AIUE × HRS interaction was also nonsignificant, F(1, 595) = 2.97, p = 0.085. Thus,
perceived realism remained high across conditions.

4.4. Measurement Model and Descriptive Statistics

The four‑factor measurement model showed acceptable fit, χ2(246) = 1071.12,
CFI = 0.942, TLI = 0.934, RMSEA = 0.075, and SRMR = 0.050, and fit substantially better
than the alternative models shown in Table 2. Combining CT and BT worsened model fit,
∆χ2(3) = 546.50, p < 0.001; combining PH and TI produced ∆χ2(3) = 2777.42, p < 0.001; and
the one‑factor model produced ∆χ2(6) = 5816.25, p < 0.001. These comparisons support
the empirical distinctiveness of the four constructs. The item‑level measurement model
was assessed following established structural‑modeling practice, including the two‑step
measurement‑model approach and conventional global‑fit guidance [123–126].

Table 2.Confirmatory factor analysis of the four‑factor measurement model.

Model χ2 df χ2/df ∆χ2 ∆df CFI TLI RMSEA SRMR

Four‑factor model (CT, BT, PH, TI) 1071.12 246 4.35 — — 0.942 0.934 0.075 0.050
Three‑factor model (CT + BT, PH, TI) 1617.61 249 6.50 546.50 *** 3 0.903 0.893 0.096 0.060
Three‑factor model (CT, BT, PH + TI) 3848.53 249 15.46 2777.42 *** 3 0.745 0.718 0.155 0.155

One‑factor model 6887.37 252 27.33 5816.25 *** 6 0.530 0.486 0.210 0.187

Note. N = 599. CT = competence trust; BT = benevolence trust; PH = purchase hesitation; TI = trait
indecisiveness. The four‑factor model was estimated from the 24 observed items. *** p < 0.001.
χ2 = chi‑square statistic; df = degrees of freedom; ∆χ2 = change in chi‑square; ∆df = change in degrees
of freedom; CFI = comparative fit index; TLI = Tucker–Lewis index; RMSEA = root mean square error
of approximation; SRMR = standardized root mean square residual.

Table 3 reports the reliability, convergent‑validity, and discriminant‑validity evidence
for the four focal constructs. All standardized loadings exceeded 0.63; complete item‑level
loadings are reported in Appendix C. Specifically, the 11 trait‑indecisiveness items loaded
on their intended factor from 0.633 to 0.882; α = 0.950, CR = 0.950, and AVE = 0.638. Across
all constructs, CR ranged from 0.889 to 0.961 and AVE from 0.638 to 0.833. Each diagonal
square root of AVE exceeded the absolute construct‑score correlations beneath it, and every
HTMT ratio above the diagonal was below 0.71. Focusing on the two trust constructs, CT
loadings ranged from 0.875 to 0.894 (CR = 0.947, AVE = 0.782), whereas BT loadings ranged
from 0.786 to 0.893 (CR = 0.889, AVE = 0.728). The square roots of AVE for CT (0.884) and
BT (0.853) both exceeded their construct‑score correlation (0.632), and the CT–BT HTMT
ratio was 0.692. In addition, merging CT and BT into one factor significantly worsened fit
relative to the hypothesized four‑factor model, ∆χ2(3) = 546.50, p < 0.001. These converging
tests support the item‑level four‑factor measurement structure and the empirical distinc‑
tion between competence trust and benevolence trust. Internal consistency and construct
validity were evaluated using coefficient alpha and latent‑construct criteria, including CR,
AVE, and the Fornell–Larcker comparison [127–129].

AIUE correlated negatively with CT (r = −0.51, p < 0.001) and BT (r = −0.19, p < 0.001)
and positively with PH (r = 0.43, p < 0.001). TI correlated positively with PH (r = 0.57,
p < 0.001). Consistent with their ordinal measurement, Table 4 omits category‑code means
and standard deviations for age, education, and income; their distributions and me‑
dian/modal categories are reported in Table 1 and Section 3.1.
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Table 3.Reliability, convergent validity, and discriminant validity.

Construct Items Loading Range α CR AVE CT BT PH TI

CT 5 0.875–0.894 0.947 0.947 0.782 0.884 0.692 0.708 0.296
BT 3 0.786–0.893 0.885 0.889 0.728 0.632 0.853 0.562 0.277
PH 5 0.857–0.945 0.960 0.961 0.833 −0.674 −0.516 0.912 0.593
TI 11 0.633–0.882 0.950 0.950 0.638 −0.277 −0.250 0.572 0.799

Note. Diagonal values in the CT–TI block are square roots of AVE; values below the diagonal are
construct‑score correlations used for the Fornell–Larcker comparison; values above the diagonal are
HTMT ratios. CT = competence trust; BT = benevolence trust; PH = purchase hesitation; TI = trait
indecisiveness; CR = composite reliability; AVE = average variance extracted. α = Cronbach’s alpha.

Table 4.Descriptive statistics and correlations.

Variable M SD α 1 2 3 4 5 6 7 8 9
1. Gender 0.43 0.50 — —
2. Age — — — 0.10 * —

3. Education — — — 0.06 −0.03 —
4. Income — — — 0.22 *** 0.48 *** 0.25 *** —
5. HRS 0.50 0.50 — 0.07 −0.06 0.06 −0.00 —
6. AIUE 0.50 0.50 — −0.03 −0.03 −0.01 −0.02 0.00 —
7. TI 3.13 1.30 0.95 −0.25 *** −0.24 *** −0.14 *** −0.39 *** −0.01 0.21 *** —
8. CT 4.94 1.45 0.95 0.04 0.07 −0.00 0.04 0.03 −0.51 *** −0.28 *** —
9. BT 5.21 1.26 0.89 0.02 −0.03 0.03 0.02 0.10 * −0.19 *** −0.25 *** 0.63 *** —
10. PH 3.78 1.73 0.96 −0.15 *** −0.11 ** −0.07 −0.20 *** −0.05 0.43 *** 0.57 *** −0.67 *** −0.52 ***

Note. N = 599. Gender: 1 = male, 0 = female; HRS: 1 = high, 0 = low; AIUE: 1 = high, 0 = low.
Age, education, and income were measured as ordered categories; their category‑code means and
standard deviations are not reported because those values are not substantively interpretable. Full
distributions and median/modal categories are reported in Table 1 and Section 3.1. The category
codes are retained only as adjustment variables in the regression models and are not interpreted as
interval‑scale quantities. HRS = health risk severity; AIUE = AI uncertainty expression; TI = trait
indecisiveness; CT = competence trust; BT = benevolence trust; PH = purchase hesitation. * p < 0.05;
** p < 0.01; *** p < 0.001. M = mean; SD = standard deviation; α = Cronbach’s alpha.

4.5. Robustness Analysis

A hierarchical OLS analysis tested whether randomized AIUE remained a significant
predictor of perceived uncertainty after controlling for recommendation strength, infor‑
mativeness, helpfulness, and perceived warmth. AIUE strongly predicted perceived un‑
certainty in the baseline model (b = 3.16, SE = 0.14, t = 22.81, p < 0.001, 95% CI [2.89, 3.43],
R2 = 0.726). After controlling for recommendation strength, informativeness, helpfulness,
and perceivedwarmth, AIUE remained a large and statistically significant predictor of per‑
ceived uncertainty (b = 2.21, SE = 0.19, t = 11.55, p < 0.001, 95% CI [1.83, 2.59], R2 = 0.786;
∆R2 = 0.061, ∆F(4, 193) = 13.74, p < 0.001). All VIFs were below 2.73. Table 5 reports the full
regression results.

Table 5.Robustness regression predicting perceived AI uncertainty.

Predictor Model 1 b (SE) p Model 2 b (SE) p VIF (Model 2)
AIUE 3.160 (0.139) <0.001 2.210 (0.191) <0.001 2.40
HRS 0.125 (0.139) 0.368 0.195 (0.126) 0.123 1.04
Recommendation strength — — −0.314 (0.053) <0.001 2.40
Informativeness — — −0.357 (0.127) 0.005 2.67
Helpfulness — — 0.051 (0.121) 0.673 2.73
Perceived warmth — — 0.063 (0.104) 0.548 1.26
R2 0.726 — 0.786 — —
∆R2 — — 0.061 <0.001 —

Note. N = 200. Unstandardized OLS coefficients are reported. Model 1 includes randomized AIUE
condition and HRS. Model 2 additionally includes recommendation strength, informativeness, help‑
fulness, and perceived warmth. AIUE = AI uncertainty expression; HRS = health risk severity;
SE = standard error; VIF = variance‑inflation factor. Perceived AI uncertainty is the reverse‑scored
mean of the four certainty‑worded robustness‑check items, so higher values indicate greater per‑
ceived uncertainty.
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4.6. Hypotheses Testing

Table 6 reports the first‑stage regressions. AIUE negatively predicted CT (b = −1.35,
p < 0.001), and the AIUE × TI interaction was positive (b = 0.24, p = 0.003). The simple neg‑
ative effect of AIUE was stronger at low TI, b = −1.66, p < 0.001, than at high TI, b = −1.04,
p < 0.001 (Figure 2). AIUE also negatively predicted BT (b = −0.33, p < 0.001), with a signif‑
icant AIUE × TI interaction (b = 0.34, p < 0.001). The BT simple effect was negative at low
TI, b = −0.78, p < 0.001, but nonsignificant at high TI, b = 0.11, p = 0.436 (Figure 3). These
results support the predicted first‑stage moderation patterns.

Table 6.Regression results for competence trust and benevolence trust.

Variable
CT BT

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Control variable

Gender 0.08 −0.06 −0.08 0.04 −0.09 −0.12
Age 0.08 0.04 0.04 −0.05 −0.08 −0.09
Education −0.02 −0.06 −0.06 0.04 0.01 0.00
Income 0.01 −0.03 −0.04 0.02 −0.03 −0.04
HRS 0.09 0.09 0.08 0.25 * 0.25 * 0.24 *

Independent variable AIUE — −1.36 *** −1.35 *** — −0.36 *** −0.33 ***
Moderator TI — −0.21 *** −0.36 *** — −0.25 *** −0.46 ***
Interaction term AIUE × TI — — 0.24 ** — — 0.34 ***
Constant Constant 4.62 *** 5.81 *** 5.83 *** 5.01 *** 5.70 *** 5.74 ***

R2 0.01 0.29 0.31 0.01 0.10 0.13
∆R2 — 0.29 *** 0.01 ** — 0.09 *** 0.03 ***
F 0.74 35.29 *** 32.38 *** 1.59 9.75 *** 11.24 ***

Note. N = 599. Unstandardized coefficients are reported. TI was mean‑centered. AIUE = AI un‑
certainty expression; TI = trait indecisiveness; HRS = health risk severity; CT = competence trust;
BT = benevolence trust. * p < 0.05; ** p < 0.01; *** p < 0.001. R2 = coefficient of determination;
∆R2 = change in R2; F = model F statistic. Simple slopes were evaluated at M ± 1 SD following
standard multiple‑regression interaction procedures [130,131].

Figure 2.Moderating role of trait indecisiveness in the relationship between AI uncertainty expres‑
sion and competence trust. AIUE = AI uncertainty expression; TI = trait indecisiveness.

Table 7 reports the conditional indirect effects. Through CT, the indirect effect was
significant at both low TI (effect = 0.87, 95% CI [0.625, 1.133]) and high TI (effect = 0.55, 95%
CI [0.368, 0.745]), and the index of moderated mediation was significant (index = −0.12,
95% CI [−0.224, −0.032]), supporting H2. Through BT, the indirect effect was significant
at low TI (effect = 0.11, 95% CI [0.019, 0.213]) but not at high TI (effect = −0.02, 95% CI
[−0.071, 0.024]); the index of moderated mediation was also significant (index = −0.05,
95% CI [−0.100, −0.008]). This pattern provides conditional support for H4.

Table 8 shows that CT (b =−0.52, p < 0.001) and BT (b =−0.14, p = 0.003) both predicted
lower PHwhen entered simultaneously. The residual AIUE× TI interaction also remained
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significant (b =−0.30, p < 0.001), indicating TI‑related heterogeneity in the remainingAIUE‑
to‑PH association after the two trust mediators were included.

Figure 3.Moderating role of trait indecisiveness in the relationship between AI uncertainty expres‑
sion and benevolence trust. AIUE = AI uncertainty expression; TI = trait indecisiveness.

Table 7.Conditional indirect effects of AI uncertainty expression on purchase hesitation.

Conditional Indirect Effects of AIUE on PH via CT and BT at M ± SD of TI
Path of Moderated
Mediation Condition of Moderator (TI) Indirect Effect SE Boot LLCI Boot ULCI

AIUE→ CT→ PH
Low (M − 1 SD) 0.87 * 0.13 0.625 1.133
High (M + 1 SD) 0.55 * 0.10 0.368 0.745
Difference (M + 1 SD) − (M − 1SD) −0.32 * 0.13 −0.585 −0.084
Index of moderated mediation −0.12 * 0.05 −0.224 −0.032

AIUE→ BT→ PH
Low (M − 1 SD) 0.11 * 0.05 0.019 0.213
High (M + 1 SD) −0.02 0.02 −0.071 0.024
Difference (M + 1 SD) − (M − 1 SD) −0.12 * 0.06 −0.260 −0.021
Index of moderated mediation −0.05 * 0.02 −0.100 −0.008

Note. N = 599; 5000 percentile‑bootstrap samples. An effect is significant when its 95% confidence
interval excludes zero. AIUE = AI uncertainty expression; TI = trait indecisiveness; CT = competence
trust; BT = benevolence trust; PH = purchase hesitation. * significant conditional effect. M = mean;
SD = standarddeviation; SE = standard error; Boot LLCI = lower limit of the 95%bootstrap confidence
interval; Boot ULCI = upper limit of the 95% bootstrap confidence interval. Conditional indirect
effects and the index of moderated mediation were estimated with bootstrap confidence intervals
following established moderated‑mediation procedures [132–135].

Table 8.Regression results for purchase hesitation.

Variables
PH

Model 1 Model 2

Control variable

Gender 0.01 −0.04
Age 0.04 0.05

Education 0.03 0.00
Income 0.00 −0.02
HRS −0.15 −0.08

Independent variable AIUE 1.08 *** 0.32 **
Moderator TI 0.96 *** 0.70 ***

Interaction term AIUE × TI −0.47 *** −0.30 ***
Mediator CT — −0.52 ***

BT — −0.14 **
Constant Constant 3.12 *** 6.96 ***

R2 0.46 0.64
∆R2 — 0.18 ***
F 61.87 *** 104.64 ***

Note. N = 599. Unstandardized coefficients are reported. TI was mean‑centered. AIUE = AI un‑
certainty expression; TI = trait indecisiveness; HRS = health risk severity; CT = competence trust;
BT = benevolence trust; PH = purchase hesitation. ** p < 0.01; *** p < 0.001. R2 = coefficient of deter‑
mination; ∆R2 = change in R2; F = model F statistic.

https://doi.org/10.3390/jtaer21090291

https://doi.org/10.3390/jtaer21090291


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 291 22 of 39

4.7. Summary of Results

Overall, the results supportH1 andH3by showing that trait indecisivenessmoderates
the effects of AIUE on competence trust and benevolence trust. The conditional indirect‑
effect results supportH2 through competence trust at both low and high TI, with a stronger
indirect effect at low TI. The benevolence‑trust results provide conditional support for H4:
the indirect effect is significant at low TI but not at high TI and therefore should not be in‑
terpreted as an unconditional mediation effect. The focal model was estimated in a design
containing both HRS contexts.

5. Discussion and Conclusions
5.1. Main Findings

This study examined how an AI recommendation assistant’s uncertainty wording
shapes purchase hesitation in online health‑product shopping. Three findings deserve
emphasis. First, high AIUE weakened both competence trust and benevolence trust and
increasedhesitation. As the independent robustness study showed, themanipulatedword‑
ing shifted perceived recommendation strength, informativeness, and helpfulness along‑
side perceived uncertainty. Accordingly, the downstream differences should be inter‑
preted as responses to the naturally co‑varying message pattern, not attributed to an iso‑
lated certainty cue. Second, trait indecisiveness changed the size of the trust response: the
AIUE‑related declines in both trust dimensions were stronger among low‑TI consumers.
Third, the two trust mechanisms diverged in a theoretically informative way. The CT‑
mediated effect remained significant at both low and high TI, whereas the BT‑mediated
effect was significant only at low TI. Thus, the results do not indicate a single trust path‑
way that simply becomes weaker as indecisiveness rises; they reveal different conditional
operating patterns for epistemic and relational trust.

The conditional BT pattern is especially informative. AIUE directly qualifies the as‑
sistant’s epistemic stance, so competence trust can remain sensitive to certainty wording
even among consumers who are chronically indecisive. Benevolence trust requires an ad‑
ditional relational inference: the consumer must read recommendation commitment as
evidence that the assistant is genuinely helping the user move toward a decision. Among
low‑TI consumers, that relational patternwas evident: the high‑AIUE conditionwas associ‑
ated with lower BT and, through lower BT, greater hesitation. Among high‑TI consumers,
the AIUE contrast did not produce a detectable change in BT, and the corresponding indi‑
rect effect was not significant. One interpretation consistent with the proposed decision‑
support logic is that highly indecisive consumers require reassurance beyond what a sin‑
gle confident recommendation can provide, so changes in certainty carry less relational
information about the assistant’s user orientation. The BT route is therefore not a weaker
duplicate of the CT route; it is a more contingent relational mechanism whose operation
depends on how consumers use recommendation commitment as a support cue.

A residual AIUE × TI interaction on purchase hesitation also remained significant
after competence trust and benevolence trust were included. We treat this as a supple‑
mentary conditional pattern in the remaining AIUE‑to‑hesitation association rather than
as evidence of an additional mechanism.

Two qualifications apply to these findings. First, the AIUE manipulation shifted a set
of closely related message perceptions rather than certainty alone. Randomized AIUE re‑
mained a strong predictor of perceived uncertainty after recommendation strength, infor‑
mativeness, helpfulness, and perceived warmth were controlled, supporting the intended
uncertainty contrast. At the same time, the robustness study does not establish that the
downstream differences in trust and hesitation were produced by uncertainty expression
alone; they may also reflect accompanying differences in recommendation commitment
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and perceived decision support. Second, the focal model was estimated in a design con‑
taining bothmild andmore seriousHRS contexts, inwhichHRS functioned as a contextual
experimental factor.

5.2. Theoretical Implications

The study makes three theoretical contributions. First, it reframes AI uncertainty ex‑
pression from a broad transparency or advice‑quality issue into a specific communicative
source signal. AIUE concerns how strongly an AI assistant verbally qualifies the certainty
of its own recommendation, not whether the system is disclosed, how transparent its pro‑
cess is, orwhether it provides an explanation. This distinctionmatters because thewording
performs two functions at once: it communicates proposition‑level uncertainty and gives
consumers a visible cue from which to infer qualities of the source behind the recommen‑
dation. Signaling theory explains the cue‑to‑inference step [70–76], CMC/CASA explains
why language from an explicitly nonhuman source can still acquire social and relational
meaning [46–52,136], and S–O–R organizes the resulting sequence from message cue to
internal evaluation to purchase hesitation [66–69]. The theoretical advance is therefore not
simply that uncertainty can reduce reliance; it is that an AI assistant’s verbal stance toward
its own recommendation becomes a source cue that consumers use to judge the agent.

Second, the study advances AI‑trust research by opening the trust “black box” and
showing that AIUE can operate through two qualitatively different forms of source infer‑
ence. Competence trust captures an epistemic judgment—whether the assistant appears
able to understand the decision problem and provide useful product‑fit guidance. Benevo‑
lence trust captures a relational judgment—whether the assistant appears oriented toward
helping the consumer reach a satisfactory decision [43–45,121]. Themeasurement evidence
supports their empirical separation, but the stronger contribution lies in their different con‑
ditional operating patterns. The CT‑mediated effect remained significant at both probed TI
levels, suggesting a comparatively persistent epistemic route: wording that qualifies what
the AI appears to know continues to carry capability information across decision styles.
The BT‑mediated effect, by contrast, was significant only at low TI. Benevolence requires
an additional social inference from recommendation commitment to user orientation, and
that inferencewas not detectably activated by theAIUE contrast among high‑TI consumers.
This asymmetry refines the architecture of trust in conversational AI: uncertainty expres‑
sion can have an epistemically more persistent consequence and a relationally more con‑
tingent consequence rather than uniformly lowering an undifferentiated trust judgment.

Third, the study refines the boundary‑condition role of trait indecisiveness by separat‑
ing chronic decision difficulty from marginal responsiveness to an external clarity cue. A
simple vulnerability account would predict that consumers who are generally more inde‑
cisive should react most strongly whenever an AI sounds uncertain. The observed pattern
is different: low‑TI consumers showed larger AIUE‑related losses in both competence and
benevolence trust. This suggests that being more chronically hesitant does not necessarily
mean assigning greater marginal weight to each additional uncertainty cue. Low‑TI con‑
sumers are comparatively able to use a clear recommendation as a cue for moving toward
closure; when that cue becomes uncertain, the loss of usable decision support is larger.
High‑TI consumers, by contrast, may require broader reassurance or additional decision
structure before a single recommendation can change their relational appraisal of the assis‑
tant. The conditional H4 pattern makes this distinction especially visible: the BT pathway
operates among low‑TI consumers but not detectably among high‑TI consumers, while the
CT pathway continues to operate at both levels. TI therefore changes not only the magni‑
tude of response to AIwording but alsowhich trust inference carries that wording forward
to hesitation [63–65].
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These findings also connect AI‑assisted health‑product shopping to research on on‑
line health information use and participation. That literature shows that observable
provider and information cues convey service‑related meanings and shape payment
decisions [21,25]. Participation in online health communities is also socially embedded,
with visible peer behavior shaping physicians’ decisions to join onlinemedical teams [137].
Trust‑related antecedents followdistinct paths to engagement, knowledge adoption, knowl‑
edge contribution, and physician choice [22,23], while value‑added‑service configurations
and traditional‑healthcare inhibitors shape consulting and use intentions [24,26]. It also
shows that information uncertainty and the structure of asynchronous exchange condition
perceived usefulness and satisfaction [20,27]. The present study identifies a retail‑adjacent
mechanism within that domain: uncertainty expressed by a platform AI can alter compe‑
tence and benevolence trust and delay commitment even when the user is evaluating a
non‑prescription product rather than seeking formal clinical care. It thereby carries the
domain’s communication‑to‑evaluation logic from human providers and patient‑created
questions to machine‑generated wording, and from knowledge adoption, consultation
choice, and service use to purchase hesitation.

Taken together, the study develops a communication‑to‑decision account of AIUE. A
machine‑generated uncertainty cue is socially interpreted as information about the source,
translated into distinct epistemic and relational trust judgments, and carried forward to
purchase hesitation in ways that depend on the consumer’s decision style. The central
contribution is therefore not simply that uncertain AI language can reduce trust, but that
the same language can activate trust mechanisms with different degrees of robustness
across consumers. Because the manipulation also shifted recommendation commitment
and perceived decision support, the two trust routes should be interpreted as responses to
an uncertainty‑centered message pattern rather than to a construct‑pure certainty cue.

5.3. Practical Implications

First, for AI response design, uncertainty should be communicated as calibrated guid‑
ance rather than as a bare caveat. Because stronger AIUEweakened both trust dimensions
and increased hesitation, a useful response should preserve decision usefulness while
remaining appropriately qualified. A practical response architecture is to state what is
known, identify what remains uncertain, and give the user a concrete next step. In the
health‑product setting, this can mean explaining the product‑fit rationale, identifying the
boundary of the AI’s judgment, and then offering comparison information, a clarifying
question, or an appropriate escalation option. The managerial objective is neither maxi‑
mum confidence nor minimal disclosure; it is uncertainty communication that is transpar‑
ent, responsible, and still actionable.

Second, for platform trust management, competence trust and benevolence trust
should be treated as different design targets. Competence trust can be supported by show‑
ing the evidence or product attributes behind a recommendation, explaining how those
attributes relate to the user’s stated need, and separating supported conclusions from un‑
certain ones. Benevolence trust can be supported by keeping the response visibly user‑
oriented—for example, acknowledging the user’s goal, offering alternatives when fit is
uncertain, and suggesting a useful next step instead of ending with a generic disclaimer.
Script evaluation should therefore distinguish whether a response still makes the assistant
seem capable from whether it still makes the assistant seem genuinely helpful.

Third, for adaptable decision support, the TI pattern argues against relying on
one fixed uncertainty script for every user. Low‑TI consumers were more responsive to
the shift in AIUE, suggesting that consumers who are otherwise ready to decide may par‑
ticularly benefit from concise explanations and clear next‑step guidance when uncertainty
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must be expressed. Platforms can translate this insight into user‑selectable support layers
such as “show the evidence,” “compare alternatives,” or “explain what remains uncer‑
tain,” allowing users to request additional structure without requiring automatic person‑
ality profiling. In A/B testing and deployment, managers can evaluate these designs using
competence trust, benevolence trust, and hesitation alongside conversion so that uncer‑
tainty policies are optimized for decision support rather than conversion alone.

5.4. Limitations and Future Research Directions

Several limitations materially bound the conclusions. First, the eligibility screening
created a selected sample. Participantswith relevantmedical, pharmaceutical, nutrition, or
health‑product professional experience, those who rarely shopped online, and those who
were completely unwilling to consult platform AI recommendations were screened out.
Consequently, the final sample was composed of online shoppers who were at least open
to AI‑assisted purchasing and who lacked relevant professional expertise. This selection
improved the fit between participants and the focal decision context, but it may also have
affected baseline receptivity to AI advice and limits generalization to AI‑averse consumers,
infrequent online shoppers, and domain experts. Future studies should examine whether
the effects are replicated in less selectively screened populations.

Second, although participants reported their own reactions while occupying the pro‑
tagonist’s first‑person role, the decision remained hypothetical. They spent no money, re‑
ceived no actual product, and faced no real health consequence. Perspective‑taking may
therefore have produced less personal involvement and lower perceived stakes than an
actual health‑related purchase decision. The realism ratings establish perceived plausi‑
bility, not behavioral equivalence, and the HRS manipulation should consequently be in‑
terpreted as variation in a standardized imagined health context rather than variation in
participants’ real health risk. Self‑reported hesitation may also differ from click‑through,
search, cart, abandonment, and purchase behavior. Future research should replicate the
findings among consumers facing genuine health concerns and through field experiments
or incentive‑compatible choices.

Third, the study examined one fatigue‑relief supplement, two HRS contexts within
the same basic decision setting, one conversational recommendation setting, and one Chi‑
nese consumer sample. The findings may therefore vary across product categories, deci‑
sion stakes, countries, and cultural settings. Future research should test AIUE in other
health‑related and non‑health contexts and examine whether the trust pathways and TI
contingencies replicate across markets.

Fourth, the independent robustness check showed that recommendation strength,
helpfulness, and informativeness also differed between the AIUE conditions, whereas per‑
ceived warmth did not. After controlling for recommendation strength, informativeness,
helpfulness, and perceivedwarmth, AIUE remained a large and statistically significant pre‑
dictor of perceived uncertainty. The present manipulation therefore captures uncertainty
as it is naturally expressed in a conversational recommendation, where certainty wording
can co‑vary with recommendation commitment and perceived decision support. The find‑
ings should accordingly be read as evidence about naturally occurring uncertainty com‑
munication rather than about an isolated certainty cue, and the design does not identify
the independent downstream contribution of each element. Future research can orthog‑
onally manipulate certainty wording and recommendation commitment to isolate these
neighboring message properties more precisely.

Taken together, these directions suggest a more focused agenda for AI uncertainty
research. Future studies can examine how epistemic qualification and relational sup‑
port should be calibrated separately. Factorial designs that independently vary certainty
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wording, recommendation commitment, and supportive next‑step language could test
whether competence and benevolence trust can be preserved through different commu‑
nication strategies. Field studies can then examine whether the CT–BT asymmetry ob‑
served here extends to actual search, cart abandonment, and purchase behavior, while
cross‑product and cross‑cultural replications can establish where these conditional trust
pathways generalize.

5.5. Conclusions

This study shows that conversational uncertainty in AI product recommendation
is linked to distinct competence‑ and benevolence‑based trust judgments, with trait in‑
decisiveness shaping these pathways. In a design containing both HRS contexts, the
competence‑trust indirect effect was detectable at both low and high TI, whereas the
benevolence‑trust indirect effect emerged only at low TI. These findings position uncer‑
tainty communication as both an epistemic and relational source cue. Because the manip‑
ulation also shifted recommendation strength, helpfulness, and informativeness, the re‑
sults concern uncertainty as it is naturally communicated rather than an isolated certainty
cue. For health‑related recommendation systems, the design challenge is therefore to com‑
municate warranted uncertainty transparently and responsibly while preserving useful
decision support.
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Appendix A. Complete Experimental Stimuli
The main‑study questionnaire was administered in Chinese. The complete Chinese

wording of all four experimental conditions is reproduced below, followed by close En‑
glish translations.
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Appendix A.1. High Health Risk Severity—Chinese

指导语：请认真阅读并仔细体会下面的案例，完全将自己当作案例中的主人公（“我”
就是“张林”）。我是张林。最近一个多月，我一直被疲劳困扰：晚上睡得并不少，可早上
醒来依然浑身乏力，像没睡过一样；白天上班时哈欠连天、注意力难以集中，工作频频出

错；下班后更是累得什么都不想做。这种极度疲惫的状态迟迟不见好转，已经明显影响到

我的工作和日常生活。

Appendix A.2. High Health Risk Severity—English Translation

Please read the case carefully and fully imagine yourself as the protagonist (“I” am
Zhang Lin). I am Zhang Lin. For more than a month, I have been troubled by fatigue.
Although I sleep enough at night, I still wake up feeling weak, as if I had not slept. During
the day I yawn frequently, find it difficult to concentrate, and repeatedly make mistakes
at work. After work I am so tired that I do not want to do anything. This extreme fatigue
has not improved and has clearly affected my work and daily life.

Appendix A.3. Low Health Risk Severity—Chinese

指导语：请认真阅读并仔细体会下面的案例，完全将自己当作案例中的主人公（“我”
就是“张林”）。我是张林。最近一个多月，我偶尔会觉得有点累：晚上睡得还行，但早上
偶尔觉得没睡够、有点提不起精神；白天上班时偶尔犯个困、走点神，不过忙一阵也就过

去了；下班后偶尔懒得动，歇一会儿就缓过来了。这种小疲倦时有时无、大多歇歇就好，

基本不影响我的工作和日常生活。

Appendix A.4. Low Health Risk Severity—English Translation

Please read the case carefully and fully imagine yourself as the protagonist (“I” am
Zhang Lin). I am Zhang Lin. For more than a month, I have occasionally felt a little tired. I
generally sleep adequately, although I sometimes wake feeling that I did not sleep enough
and lack energy. At work I occasionally become sleepy or distracted, but it passes after I
become busy. After work I sometimes do not feel like moving, but I recover after resting.
This mild fatigue comes and goes, is usually relieved by rest, and basically does not affect
my work or daily life.

Appendix A.5. High AI Uncertainty Expression—Chinese

为了改善状态，我打开某电商平台，看到一款主打缓解疲劳的保健食品—“元气力复合
维生素能量片”，正考虑要不要购买。我把上面的身体状况告诉了平台的AI推荐助手，并问
它：“像我这种情况，吃这款能量片有用吗？”AI推荐助手回复如下：“亲亲，非常理解您的
疲惫呢~这款能量片含有维生素B族、西洋参等成分，维生素B族参与人体的能量代谢，西
洋参有助于缓解疲劳，或许能对应上您现在的营养需求。不过它能不能帮您补上营养缺口、

改善疲劳，我这边不太好说，效果因人而异，每个人感受也会有差异哦。这款或许适合您，

可以作为一个选择，您也许可以考虑入手。”

Appendix A.6. High AI Uncertainty Expression—English Translation

To improve my condition, I open an e‑commerce platform and see a health prod‑
uct marketed for fatigue relief—the “Yuanqili Multivitamin Energy Tablet”—and consider
whether to buy it. I tell the platform’s AI recommendation assistant about the condition
above and ask, “For a situation like mine, would this energy tablet help?” The assistant
replies: “Dear, I completely understand your fatigue~ This energy tablet contains B vita‑
mins and American ginseng. B vitamins participate in energy metabolism, and American
ginseng helps relieve fatigue, so it may correspond to your current nutritional needs. How‑
ever, whether it can fill your nutritional gap and improve your fatigue is difficult for me
to say. Effects vary from person to person, and each person may experience it differently.
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This productmay suit you and can be considered as an option; perhaps you could consider
purchasing it.”

Appendix A.7. Low AI Uncertainty Expression—Chinese

为了改善状态，我打开某电商平台，看到一款主打缓解疲劳的保健食品—“元气力复合
维生素能量片”，正考虑要不要购买。我把上面的身体状况告诉了平台的AI推荐助手，并问
它：“像我这种情况，吃这款能量片有用吗？”AI推荐助手回复如下：“亲亲，非常理解您的
疲惫呢~这款能量片含有维生素B族、西洋参等成分，维生素B族参与人体的能量代谢，西
洋参有助于缓解疲劳，挺对应您现在的营养需求的。可以明确地说，它能帮您补上当前的

营养缺口、改善疲劳状态，像您这种情况，用下来效果应该会比较明显。这款能量片挺适

合您的，是个合适的选择，您可以放心入手。”

Appendix A.8. Low AI Uncertainty Expression—English Translation

To improve my condition, I open an e‑commerce platform and see a health prod‑
uct marketed for fatigue relief—the “Yuanqili Multivitamin Energy Tablet”—and consider
whether to buy it. I tell the platform’s AI recommendation assistant about the condition
above and ask, “For a situation like mine, would this energy tablet help?” The assistant
replies: “Dear, I completely understand your fatigue~ This energy tablet contains B vita‑
mins and American ginseng. B vitamins participate in energy metabolism, and American
ginseng helps relieve fatigue, which closely corresponds to your current nutritional needs.
It can be stated clearly that it will help fill your current nutritional gap and improve your fa‑
tigue; for a situation like yours, the effect should be relatively noticeable. This energy tablet
is quite suitable for you and is an appropriate choice; you can purchase it with confidence.”

Appendix B. Measurement Items, Response Anchors, Original Sources,
and Adaptation Procedures

The questionnaire was administered in Chinese. Appendix B documents the eligibil‑
ity screening, manipulation checks, focal measures, scenario‑realism measure, and demo‑
graphic items described in the study. For each item set, the exact Chinese wording shown
to participants is presented first, followed by a close English translation. The English
lines are translations of the administered Chinese questionnaire rather than claims that the
source articles used identical contextual wording. Measures originating in English were
translated into Chinese and back‑translated into English [120]. Contextual adaptation was
limited to changing the referent, product, decision tense, or first‑person scenario wording
where required. Unless otherwise specified, items used seven‑point agreement anchors:
1 = 非常不同意/strongly disagree and 7 = 非常同意/strongly agree. Purchase‑hesitation
items used 1 = 完全不符/completely inconsistent with my reaction and 7 = 完全符合/
completely consistent with my reaction. Reverse‑scored items are identified below.

Appendix B.1. Eligibility Screening

Response format and procedure: multiple selection. Selecting any of Items 1–3 ended
the questionnaire; selecting Item 4 allowed continuation. These eligibility items were de‑
veloped for the present study.

1. Chinese: 我具有医学、药学、临床、护理、营养学或中医药等相关专业背景或职业资
格，或从事过医药、保健品/膳食补充剂的研发、生产、销售或咨询工作。 English: I
have a medical, pharmaceutical, clinical, nursing, nutrition, traditional Chinese
medicine, or related professional background or qualification, or I have worked in
the research, production, sale, or consultation of medicines, health products, or di‑
etary supplements.
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2. Chinese: 我基本不网购，平时没有网购的习惯。 English: I basically do not shop on‑
line and do not have an online‑shopping habit.

3. Chinese: 在网购时，我完全不愿查看或参考平台AI客服/AI推荐助手提供的任何购买
建议。 English: When shopping online, I am completely unwilling to view or refer
to any purchase advice supplied by a platform AI customer‑service or recommenda‑
tion assistant.

4. Chinese: 以上都不符合我。 English: None of the above applies to me.

Appendix B.2. HRS Manipulation Check (3 Items)

Response anchors in the present study: 1 =非常不同意/strongly disagree; 7 =非常同意/
strongly agree. Source and adaptation: Witte et al. [116] measured perceived severity with
three judgments that the focal health threat was severe, serious, and significant, using
five‑point agreement anchors. We retained the three severity judgments, contextualized
the health‑threat referent as Zhang Lin’s fatigue condition, and administered them on the
present study’s seven‑point agreement scale with the same endpoint meanings. Partici‑
pants answered while adopting Zhang Lin’s first‑person role.

1. Chinese: 我的疲劳状况是严重的。 English: My fatigue condition is serious.
2. Chinese: 我的疲劳状况是严峻的。 English: My fatigue condition is severe.
3. Chinese: 我的疲劳状况是重大的（健康问题）。 English: My fatigue condition is a

significant health problem.

Appendix B.3. AIUE Manipulation Check (6 Certainty‑Worded Items; Reverse‑Scored)

Response anchors in the present study: 1 =非常不同意/strongly disagree; 7 =非常同意/
strongly agree. Source and adaptation: Adams et al. [82] measured perceived uncertainty
with six seven‑point items askingwhether evidence supporting a recommendationwas cer‑
tain, known for sure, established, without any doubt, settled, and able to be firmly relied
on. We retained these six certainty indicators but changed the referent to the AI recommen‑
dation assistant’s advice and product‑efficacy claims. All six items were reverse‑scored be‑
fore averaging so that higher index values represented greater perceived AI uncertainty.

1. Chinese: AI推荐助手的建议听起来是确定的。 English: The AI recommendation as‑
sistant’s advice sounds certain.

2. Chinese: AI推荐助手把这款产品的功效说成是确切已知的。 English: The AI recom‑
mendation assistant presents the product’s efficacy as definitely known.

3. Chinese: AI推荐助手的说法听起来是有依据、已被确证的。 English: The AI recom‑
mendation assistant’s statement sounds established and confirmed.

4. Chinese: AI推荐助手的表达听起来是毫无疑问的。 English: The AI recommendation
assistant’s expression sounds free of doubt.

5. Chinese: AI推荐助手对这款产品的功效给出了已有定论的说法。 English: The AI rec‑
ommendation assistant gives a settled account of the product’s efficacy.

6. Chinese: AI推荐助手的建议听起来是可以笃定信赖的。 English: The AI recommen‑
dation assistant’s advice sounds able to be firmly relied on.

Appendix B.4. Competence Trust (5 Items)

Response anchors in the present study: 1 =非常不同意/strongly disagree; 7 =非常同意/
strongly agree. Direct item source and adaptation: the five competence items are repro‑
duced in the Appendix of Wang and Benbasat [121]. “Virtual advisor” was replaced
with “AI recommendation assistant”; digital cameras were replaced with the relevant
health‑product category and energy tablet; and the needs‑and‑preferences wording was
tailored to Zhang Lin’s health‑management situation. Participants answered in the first‑
person role.
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1. Chinese:我（张林）认为，在评估这类保健品方面，该AI推荐助手就像一位真正的专
家。 English: In evaluating this type of health product, I (Zhang Lin) consider the AI
recommendation assistant to be like a true expert.

2. Chinese: 我（张林）认为该AI推荐助手具备理解我的需求和偏好所需的专业知识。
English: I (Zhang Lin) believe that the AI recommendation assistant has the exper‑
tise needed to understand my needs and preferences.

3. Chinese:我（张林）认为该AI推荐助手有能力理解我当前在身体调理方面的需求和偏
好。 English: I (Zhang Lin) believe that the AI recommendation assistant has the abil‑
ity to understand my current health‑management needs and preferences.

4. Chinese: 我（张林）认为该AI推荐助手对这类保健品有丰富的了解。 English: I
(Zhang Lin) believe that the AI recommendation assistant has extensive knowledge
of this type of health product.

5. Chinese:我（张林）认为该AI推荐助手综合考虑了我的需求以及这款能量片的各项重
要属性。 English: I (Zhang Lin) believe that the AI recommendation assistant com‑
prehensively considered my needs and the important attributes of the energy tablet.

Appendix B.5. Purchase Hesitation (5 Items)

Response anchors in the present study: 1 = 完全不符/completely inconsistent with
my reaction; 7 =完全符合/completely consistent with my reaction. Direct item source and
adaptation: Cho et al. [53] reported a five‑item overall online‑shopping hesitationmeasure
using seven‑point frequency anchors (never–always). For the present scenario experiment,
the same hesitation content was phrased as anticipated first‑person reactions to the focal
energy‑tablet decision and rated using seven‑point applicability anchors. Higher scores
indicate greater purchase hesitation.

1. Chinese: 即使到了下单付款的环节，我（张林）也会推迟做出最终的购买决定。 En‑
glish: Even at the order‑payment stage, I (Zhang Lin) would delay making the final
purchase decision.

2. Chinese: 尽管已经花时间了解了这款能量片，我（张林）在最终决定是否购买时仍会
犹豫。 English: Although I (Zhang Lin) have spent time learning about the energy
tablet, I would still hesitate when making the final purchase decision.

3. Chinese: 我（张林）几乎已经准备好购买这款能量片了，但还是无法做出最终决定。
English: I (Zhang Lin) would be almost ready to buy the energy tablet but still unable
to make the final decision.

4. Chinese: 虽然我（张林）是带着购买意向浏览这款能量片的，但在浏览的当下仍不会
做出最终购买决定。 English: Although I (Zhang Lin) browsed the energy tablet with
purchase intent, I still would not make the final purchase decision at that time.

5. Chinese: 即使已经花时间了解了这款能量片，我（张林）最终还是会放弃购买它。

English: Even after spending time learning about the energy tablet, I (Zhang Lin)
would ultimately give up purchasing it.

Appendix B.6. Benevolence Trust (3 Items)

Response anchors in the present study: 1 =非常不同意/strongly disagree; 7 =非常同意/
strongly agree. Direct item source and adaptation: the three benevolence items are repro‑
duced in the Appendix of Wang and Benbasat [121]. “Virtual advisor” was replaced with
“AI recommendation assistant,” and participants answered in the first‑person role.

1. Chinese: 我（张林）认为该AI推荐助手把我的利益放在首位。 English: I (Zhang Lin)
believe that the AI recommendation assistant puts my interests first.

2. Chinese: 我（张林）认为该AI推荐助手把我的利益放在心上。 English: I (Zhang Lin)
believe that the AI recommendation assistant keeps my interests in mind.

https://doi.org/10.3390/jtaer21090291

https://doi.org/10.3390/jtaer21090291


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 291 31 of 39

3. Chinese: 我（张林）认为该AI推荐助手希望了解我的需求和偏好。 English: I (Zhang
Lin) believe that the AI recommendation assistant wants to understand my needs
and preferences.

Appendix B.7. Scenario Realism (3 Items)

Response anchors in the present study: 1 =非常不同意/strongly disagree; 7 =非常同意/
strongly agree. Direct item source and adaptation: Chen et al. [122] used three realism
questions with five‑point response anchors to assess whether participants might realisti‑
cally experience the described supervisor, team events, and career situation. We replaced
those referents with the focal online‑shopping situation and administered the three ques‑
tions on the present study’s seven‑point scale. Before answering, participants were in‑
structed to leave the Zhang Lin role and evaluate the scenario itself.

1. Chinese: 在现实生活中，刚才案例所描述的情境是有可能出现的。 English: In real
life, the situation described in the case could occur.

2. Chinese: 在现实生活中，我有可能在网购时遇到与刚才案例类似的情境。 English: In
real life, I could encounter a situation similar to the case while shopping online.

3. Chinese: 在今后的网购过程中，我本人有可能遇到与刚才案例类似的情况。 English:
In future online shopping, I may personally encounter a situation similar to the case.

Appendix B.8. Trait Indecisiveness (11 Items)

Response anchors in the present study: 1 =非常不同意/strongly disagree; 7 =非常同意/
strongly agree. Direct item source and adaptation: Rassin et al. [65] recommended the
11‑item general Indecisiveness Scale after excluding four domain‑specific items from Frost
and Shows’ original 15‑item scale [63]. We retained all 11 recommended items and admin‑
istered themon the present study’s seven‑point agreement scale; the originalmeasure used
five‑point agreement anchors. Participants answered about themselves rather than the fic‑
tional role. Items 2–7 below correspond to the six reverse‑scored decisiveness‑worded
items; higher composite scores indicate greater indecisiveness.

1. Chinese: 我会尽量推迟做决定。 English: I try to postpone making decisions.
2. Chinese: 我总是确切地知道自己想要什么。 English: I always know exactly what I

want. (R)
3. Chinese: 我觉得做决定很容易。 English: I find it easy to make decisions. (R)
4. Chinese: 我喜欢处在能做决定的位置上。 English: I like to be in a position to make

decisions. (R)
5. Chinese: 一旦做出决定，我会相当确信这是一个好的决定。 English: Once I make a

decision, I am fairly confident that it is a good decision. (R)
6. Chinese: 我通常很快做出决定。 English: I usually make decisions quickly. (R)
7. Chinese: 一旦做出决定，我就不再为它担心。 English: Once I make a decision, I stop

worrying about it. (R)
8. Chinese: 做决定时，我会感到焦虑。 English: I become anxious when making

a decision.
9. Chinese: 我经常担心做出错误的决定。 English: I often worry about making the

wrong decision.
10. Chinese: 在选择或决定了某件事之后，我常常认为自己做出了错误的选择或决定。

English: After choosing or deciding something, I often believe that I made the wrong
choice or decision.

11. Chinese: 似乎连最琐碎的事情，也要花我很长时间才能决定。 English: It seems that
deciding even the most trivial matter takes me a long time.
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Appendix B.9. Demographic Response Options

These categorical questions were developed for the present study andwere answered
about the participant, not the fictional role.

Gender/性别: 男/male;女/female.
Age/年龄: 未满18岁/under 18; 18–25岁/18–25; 26–35岁/26–35; 36–45岁/36–45;

46–55岁/46–55; 56岁及以上/56 or above.
Education/最高学历: 高中/中专及以下/high school or technical secondary school or

below; 大专/junior college; 本科/bachelor’s degree; 研究生及以上/postgraduate degree
or above.

Occupation/职业类型: 学生/student;企业职员（含国企、民企、外企）/company em‑
ployee (state‑owned, private, or foreign enterprise);公务员或事业单位人员/civil servant or
public‑institution employee; 专业技术人员（医生、教师、律师等）/professional or tech‑
nical worker; 个体经营或自由职业者/self‑employed or freelance; 离退休人员/retired;
其他/other.

Monthly personal after‑tax income/个人月收入（税后）: 无固定收入/no fixed in‑
come; 2000元及以下/CNY 2000 or below; 2001–4000元/CNY 2001–4000; 4001–6000元/CNY
4001–6000; 6001–8000元/CNY6001–8000; 8001–10,000元/CNY8001–10,000; 10,000元及以上
/CNY 10,000 or above.

Appendix C. Standardized Item Loadings (N = 599)
All 24 focal items in the hypothesized measurement model were modeled individu‑

ally. Table A1 reports their standardized maximum‑likelihood factor loadings. TI items
were scored so that higher values indicate greater indecisiveness.

Table A1. Standardized factor loadings.

Construct Item Standardized Loading

CT

CT1 0.880
CT2 0.894
CT3 0.875
CT4 0.890
CT5 0.882

BT
BT1 0.893
BT2 0.877
BT3 0.786

PH

PH1 0.945
PH2 0.916
PH3 0.916
PH4 0.925
PH5 0.857

TI

TI1 0.814
TI2 0.633
TI3 0.854
TI4 0.697
TI5 0.720
TI6 0.858
TI7 0.772
TI8 0.882
TI9 0.856
TI10 0.824
TI11 0.833

Note. CT = competence trust; BT = benevolence trust; PH = purchase hesitation; TI = trait indecisive‑
ness.
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Appendix D. Robustness Check
Appendix D.1. Procedure and Measures

The robustness check used the same four‑cell HRS×AIUE structure. A separate sam‑
ple of 200 adult online consumers recruited through Credamo was randomly and evenly
assigned to the four cells (50 per cell). The HRS scenario had a 15 s minimum viewing
time and the AI recommendation had a 20 s minimum viewing time; all 200 complete re‑
sponses were retained. The questionnaire then presented themeasures in the order shown
below. All substantive items used seven‑point agreement anchors (1 = strongly disagree,
7 = strongly agree).

HRSmanipulation check (3 items): (1)我的疲劳状况是严重的。/My fatigue condition
is serious. (2)我的疲劳状况是严峻的。/My fatigue condition is severe. (3)我的疲劳状况是
重大的（健康问题）。/My fatigue condition is a significant health problem.

AIUEmanipulation check (4 certainty‑worded items): (1) AI推荐助手的建议听起来是
确定的。/TheAI recommendation assistant’s advice sounds certain. (2) AI推荐助手把这款
产品的功效说成是确切已知的。/The AI recommendation assistant presents the product’s
efficacy as definitely known. (3) AI推荐助手的表达听起来是毫无疑问的。/The AI recom‑
mendation assistant’s expression sounds free of doubt. (4)AI推荐助手对这款产品的功效给
出了已有定论的说法。/The AI recommendation assistant gives a settled account of the
product’s efficacy. These four items were reverse‑scored and averaged so that higher val‑
ues represented greater perceived AI uncertainty.

Informativeness (2 items): (1) 我（张林）认为该AI推荐助手的回答是有信息量的。/I
(Zhang Lin) believe that the AI recommendation assistant’s reply is informative. (2)我（张
林）从该AI推荐助手的回答中了解到了一些新的信息。/I (ZhangLin) learned somenew in‑
formation from the AI recommendation assistant’s reply.

Perceivedwarmth (2 items; tonemeasure): (1)我（张林）认为AI推荐助手回答的语气
是友善的。/I (Zhang Lin) think the tone of the AI recommendation assistant’s reply is
friendly. (2) 我（张林）认为AI推荐助手回答的语气是温暖的。/I (Zhang Lin) think the
tone of the AI recommendation assistant’s reply is warm. The two items were averaged
as one perceived‑warmth construct, consistent with the two‑item warmth operationaliza‑
tion adapted from Roy and Naidoo [117] and used in chatbot communication‑style re‑
search [118].

Helpfulness (3 items): (1) 我（张林）认为该AI推荐助手的回答对我是有帮助的。/I
(Zhang Lin) believe that the AI recommendation assistant’s reply is helpful to me. (2)在考
虑是否购买这款产品时，我（张林）很可能会在购买决策中参考该AI推荐助手的回答。
/When considering whether to purchase the product, I (Zhang Lin) would be likely to refer
to the AI recommendation assistant’s reply inmy purchase decision. (3)我（张林）认为该
AI推荐助手的回答有助于我决定是否购买这款产品。/I (Zhang Lin) believe that the AI rec‑
ommendation assistant’s reply helps me decide whether to purchase the product.

Recommendation strength (1 item):总体而言，该AI推荐助手强烈推荐购买这款产品。
/Overall, the AI recommendation assistant strongly recommends purchasing this product.

Demographics: participants then reported gender, age in years, andhighest education
level. These questions referred to the participant rather than to the fictional role.

Appendix D.2. Robustness Check Results

The standardized robustness‑study wording strongly changed perceived AI uncer‑
tainty and also affected several adjacent message perceptions. Table A2 reports the AIUE
main effects from the balanced 2 × 2 factorial models. HRS main effects were nonsignif‑
icant for informativeness, perceived warmth, helpfulness, and recommendation strength
(all p ≥ 0.269), and no AIUE × HRS interaction was significant for these adjacent percep‑
tions (all p ≥ 0.514).
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Table A2.Robustness check: AIUE main effects (N = 200).

Measure High AIUE M (SD) Low AIUE M
(SD) F(1, 196) p Partial η2

Perceived AI uncertainty 5.25 (1.26) 2.09 (0.57) 517.48 <0.001 0.725
Informativeness 5.29 (0.90) 5.64 (0.64) 10.33 0.002 0.050
Perceived warmth 5.87 (0.64) 5.82 (0.70) 0.34 0.562 0.002
Helpfulness 5.32 (0.94) 5.80 (0.65) 17.44 <0.001 0.082
Recommendation strength 3.25 (1.46) 5.94 (0.83) 255.51 <0.001 0.566

Note. AIUE = AI uncertainty expression; HRS = health risk severity. The four‑item uncertainty index
hadα = 0.956, informativenessα = 0.675, perceivedwarmthα = 0.521, and helpfulnessα = 0.818. Tone
was operationalized as perceivedwarmth using the twopublished indicators “friendly” and “warm”;
the two items were averaged as one construct rather than analyzed as separate variables. Higher
uncertainty scores reflect reverse‑scored certainty items. All tests are AIUE main effects from 2 × 2
factorial models including HRS and the AIUE × HRS interaction.
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