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Abstract

The rapid integration of AI customer service in e-commerce raises an important managerial
question: Can AI effectively reduce product-related information asymmetry and improve
sales performance across different product types? While prior research highlights both
the uncertainty-reducing benefits of information and the risks of algorithm aversion, little
is known about how AI customer service performs under varying levels of product un-
certainty and information asymmetry. Using a difference-in-differences design with fixed
effects across time, products, shops, and categories, we examine the impact of replacing
customer service with AI on sales outcomes, distinguishing between search and experience
goods. We further test how the depth and breadth of product information moderate these
effects. Our findings indicate that AI customer service reduces sales for experience goods
but not for search goods, unless accompanied by sufficient informational depth and breadth.
We argue that this effect arises because AI technically inherits and amplifies the information
asymmetry inherent in experience products, while greater informational depth and breadth
of product information can mitigate this amplified asymmetry. Additionally, we find that
this mitigating effect is more pronounced among products with high return rate. These
findings clarify when AI-generated information mitigates product uncertainty and when
it exacerbates it. Our results provide actionable guidance for firms seeking to deploy AI
strategically in digital commerce environments.

Keywords: artificial intelligence; customer service; information asymmetry; experience;
search; information disclosure

1. Introduction
Artificial intelligence (AI) has emerged as a pivotal infrastructure for information

exchange in digital markets [1–3]. Among its many applications, AI customer service
is increasingly utilized to address consumer inquiries, convey product details, and fa-
cilitate purchase decisions [4,5]. By providing continuous availability and standardized
responses, AI customer service is widely regarded as an efficient alternative to human
agents, leading to its rapid adoption across e-commerce platforms globally. For exam-
ple, Amazon’s AI assistant can search for products by use case, add items to the cart,
check for the best prices, identify top daily deals, auto-purchase at preset prices, and
convert handwritten lists into cart items (https://www.aboutamazon.com/news/retail/
amazon-rufus-ai-assistant-personalized-shopping-features (accessed on 14 March 2026)).
Recent reports indicate that Taobao’s upgraded AI customer service “Dian Xiao Mi 5.0”
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has demonstrated in pilot tests the ability to enhance store conversion rates by over
35% while simultaneously reducing the transfer rate to human agents by more than 20%
(https://finance.sina.com.cn/tech/roll/2025-09-05/doc-infpmuwf0786571.shtml (accessed
on 14 March 2026)). Appendix A Figures A1 and A2 illustrate the user interfaces of these
two tools.

Despite the rapid adoption of AI customer service in e-commerce, firms face a strategic
dilemma: Should AI customer service be deployed uniformly across product categories,
or does its effectiveness depend on the nature of product uncertainty and information
asymmetry? In particular, while search goods allow consumers to evaluate attributes prior
to purchase, experience goods involve higher post-purchase uncertainty [6,7]. It is unclear
whether AI reduces this uncertainty effectively, or whether consumers exhibit distrust
towards AI in high-uncertainty contexts.

Prior research indicates that AI customer service can enhance efficiency and facili-
tate decision-making in certain contexts [2,8,9]. However, it may perform inadequately
when consumers encounter complex evaluations or heightened uncertainty [10,11]. These
contrasting findings suggest that the effects of AI customer service are highly context-
dependent. An important yet insufficiently examined context pertains to the differences
across product types. Products vary in the extent to which consumers can evaluate quality
prior to purchase [6,12]. For search goods, key attributes are relatively observable, whereas
for experience goods, quality is difficult to assess without consumption, resulting in higher
information asymmetry [12,13]. In such scenarios, interactive information exchange plays a
central role in consumer decision-making. AI customer service differs from human agents
in this aspect. Instead of interpreting or enriching information, automated AI customer
service primarily retrieves and relays seller-provided content in response to consumer
inquiries [14]. Consequently, AI customer service may not alleviate information asymmetry
for experience goods and may even exacerbate existing informational limitations by trans-
mitting them at scale. Whether this process leads to differential sales effects for experience
goods compared to search goods remains an open empirical question.

Existing research also has several additional limitations. First, current studies pri-
marily articulate the negative consequences of AI customer service from the consumer
perspective, emphasizing psychological mechanisms such as trust, perceived competence,
and algorithm aversion [15–17]. While these insights are valuable, they provide limited
understanding of how AI customer service influences the transmission of product informa-
tion during customer interactions. Second, prior research largely treats firms’ utilization
of AI customer service as a binary decision [3,18], implicitly suggesting that unfavorable
outcomes necessitate a reduced reliance on AI. This perspective neglects the reality that,
even after adopting AI customer service, merchants maintain discretion over the content
and organization of the product information conveyed to consumers. The extent to which
such information disclosure strategies can modify the consequences of AI usage remains
largely unexplored.

To address these gaps, we investigate whether AI reduces product uncertainty and
information asymmetry in online customer service, and whether this effect systematically
differs between search and experience goods. Furthermore, we examine whether the
informational depth and breadth of different products moderate this effect. From this
perspective, the performance impact of AI customer service depends not only on the type
of product but also on the merchant’s information disclosure strategies, which determine
the informational depth and breadth available to the AI system. Disclosure depth captures
the amount of unique product-related information provided by the seller, while disclo-
sure breadth reflects the diversity of product attributes and informational dimensions
covered [19,20].
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We test our arguments using quasi-experimental data from 6921 products on a promi-
nent Chinese e-commerce platform that implemented AI customer service to replace human
agents. Utilizing a difference-in-differences (DID) design, we demonstrate that the introduc-
tion of AI customer service has a significantly more negative effect on the sales of experience
goods compared to the sales of search goods, for which no adverse effects are observed.
Consistent with our theoretical framework, we further find that greater levels of disclosure
depth and disclosure breadth substantially mitigate the negative impact of AI customer
service on experience goods. These moderating effects are particularly pronounced for
products with higher return rates, where information asymmetry is more severe.

This study makes three significant contributions. First, our analysis reveals a contex-
tual effect of AI customer service on product sales performance. The results indicate that
AI customer service reduces the sales of experience goods, while leaving the performance
of search goods largely unaffected, thereby clarifying when the use of AI customer ser-
vice is likely to be beneficial or detrimental. Second, we propose an information-based
explanation for this effect, arguing that AI customer service operates as an automated
information transmission mechanism that inherits and amplifies the information asymme-
tries associated with experience goods, ultimately undermining their sales performance.
This perspective extends beyond dominant consumer psychological explanations [2,21–23].
Third, the study elucidates how merchants can strategically intervene in this information
process. By adjusting the depth and breadth of information disclosure, merchants can
mitigate the adverse consequences of AI customer service, emphasizing that firms are not
merely passive recipients of AI outcomes.

2. Theoretical Foundation and Hypotheses Development
2.1. AI Customer Service in Online Selling

In the online retail environment, generative AI has been extensively utilized across var-
ious stages of the retail process, including the pre-purchase, purchase, and post-purchase
phases [17]. For instance, during the pre-purchase and purchase stages, chatbot interfaces
powered by generative AI autonomously engage with customers, addressing inquiries,
and providing product recommendations to facilitate purchasing decisions [8,24]. In the
post-purchase stage, generative AI enhances the efficiency and effectiveness of after-sales
management responses [25]. By integrating data with machine learning algorithms, AI can
also predict whether dissatisfied repeat customers are likely to revise their subsequent rat-
ings upward, thereby enabling firms to manage customer complaints more proactively [26].

Despite the growing body of research on AI customer service in online selling, em-
pirical findings remain mixed. Some studies highlight positive effects, while others reveal
potential drawbacks. For example, the real-time responsiveness and high efficiency of
AI customer service enable it to perform sales tasks more effectively compared to human
agents [8,9,27]. Because consumers often have lower expectations of AI, its implementation
can reduce dissatisfaction and negative emotions in adverse situations [2,28]. Additionally,
AI is perceived as more objective and neutral than human agents, which can enhance con-
sumer receptiveness to recommendations [16,23]. Conversely, concerns regarding perceived
privacy and time risks, alongside technology-related anxiety, can diminish the willingness
to utilize AI customer service [18] and undermine trust in brands [3]. In complex or critical
interactions, distrust toward AI can lead to lower satisfaction and retention rates [11,29].
Furthermore, emotional states and service failures can exacerbate these negative effects [30],
sometimes even provoking adverse consumer behavior [10].

The heterogeneous outcomes indicate that AI customer service is highly context-
dependent. Effectiveness varies according to product or brand characteristics. For example,
consumers prefer AI support for brands emphasizing competence, while they favor human
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service for brands that convey sincerity [31]. AI is perceived as more transparent and
credible when recommending search products, whereas no significant difference exists for
experience goods [16,32]. Task characteristics also play a crucial role. In unfavorable tasks,
AI’s perceived impartiality enhances the likelihood of purchase; conversely, in favorable
tasks, consumers exhibit a more positive response to human agents [23]. Trust in AI further
varies by task type: consumers prefer AI for objective information but favor human agents
for subjective content [15]. Additionally, emotional states significantly influence outcomes,
with anger reducing satisfaction and purchase intentions during AI interactions [30]. In
contrast, other emotions, such as embarrassment or neutrality, yield more moderate effects.

While prior research has acknowledged the context-specific effects, significant gaps
remain in the literature. Most studies have focused on consumer experiments that pri-
marily investigate perceptions, satisfaction, and purchase intentions [31,33], leaving the
influence on actual product sales insufficiently explored. Furthermore, there is a dearth
of research examining how firms can actively manage these effects. Existing mitigation
strategies, such as humanization or algorithmic optimization [34], often demand consider-
able resources and are limited to operators with in-house AI capabilities [3,35,36]. Lastly,
prior studies predominantly emphasize consumer-level psychological mechanisms [15,16],
neglecting the role of information asymmetry in online environments [12,37]. Given that
technological interventions can either mitigate or exacerbate these asymmetries [38,39],
information asymmetry emerges as a crucial yet underexplored mechanism that drives
heterogeneous outcomes.

2.2. Information Asymmetry in Online Markets

Online markets are significantly affected by information asymmetry, which arises from
imperfect information, principal–agent problems, and physical separation between buyers
and sellers [40,41]. This asymmetry between merchants and consumers represents a central
challenge in online shopping [42,43]. Prior research identifies two primary sources of this
information asymmetry.

The first source is related to the seller. Merchants may withhold crucial information re-
garding product characteristics or future intentions [41]. This type of seller-side information
asymmetry can be categorized into two distinct forms. Firstly, hidden information occurs
when sellers conceal product-related details, making it challenging for consumers to accu-
rately assess quality prior to purchase (adverse selection) [41]. Secondly, post-transaction
asymmetry emerges when consumers are unable to fully observe sellers’ behavior after the
purchase, which creates the potential for reduced effort or deviations from commitments
(moral hazard) [41,43,44].

The second source of information asymmetry pertains to product attributes, particu-
larly experiential features. Physical separation constrains consumers’ ability to evaluate
products prior to purchase, a phenomenon that is particularly pronounced for experience
goods [43]. In contrast to search goods, which allow for the assessment of key quality
attributes through comparison and evaluation—thereby resulting in lower uncertainty—
experience goods can only be fully appraised through consumption. This leads to a higher
degree of quality-related information asymmetry [6,12]. Furthermore, experience goods are
also subject to matching-related asymmetry [7,39], as consumers often find it challenging
to ascertain whether products align with their preferences before making a purchase [7,45].

The rise of digital technologies, particularly AI, has significantly transformed informa-
tion exchange in online markets. While technology can alleviate consumers’ information
scarcity [46,47], it may also inherit and amplify structural asymmetries. For example, online
advertising algorithms may prioritize advertisers’ cost-minimization objectives, thereby
limiting access to critical information for certain groups [48]. In the healthcare sector, AI
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systems trained on human-generated data can amplify latent cognitive biases, resulting
in distorted judgments [38]. More broadly, machine learning systems that process human
language can reproduce historical stereotypes and structural inequalities, leading to system-
atic and persistent biases [49]. Despite their importance, these technology-induced forms
of information asymmetry remain underexplored. As an increasing number of merchants
adopt AI customer service to mediate product information, it becomes increasingly critical
to examine this mechanism to understand the differentiated effects of AI in online selling.

2.3. AI-Powered Customer Service and Product Sales

For experience products, the use of AI customer service is likely to reduce sales
performance due to its exacerbation of information asymmetry. This negative effect can be
understood through several interrelated factors that hinder the effectiveness of AI customer
service in conveying experiential information.

First, AI customer service is predicated on structured information processing, which
limits its ability to communicate the complex and ambiguous information embedded in
experience products. Such products are characterized by subjective feelings, emotional re-
sponses, and situational experiences that are difficult to fully standardize or structure [7,12].
AI systems typically process information through feature selection, weight allocation, and
pattern matching [50,51]. When applied to experience products, this process compresses
rich experiential content into simplified representations, weakening subtle distinctions
and emotional cues. Furthermore, repeated interactions with AI can further reinforce this
simplification over time [38,49], ultimately amplifying pre-existing information asymmetry.

Second, when information is conveyed through AI, experiential products are more
likely to suffer from reduced perceived information quality [32]. This phenomenon occurs
because consumers tend to question the evaluative capability of systems when they rec-
ognize that algorithms are performing tasks that inherently require subjective judgment
or contextual understanding. Consequently, this skepticism diminishes their trust in the
information provided [11,15,51,52]. Such erosion of algorithmic credibility complicates
consumers’ ability to regard AI-generated information as a reliable foundation for decision-
making, thereby intensifying information asymmetry concerning experience products.

Third, AI customer service lacks the human judgment cues that are especially valuable
in experiential contexts. In human-mediated interactions, empathy, analogical reason-
ing, and intuitive inference can partially mitigate the uncertainty surrounding experience
products [53,54]. Conversely, AI customer service lacks embodied experience and contex-
tual embeddedness, which restricts its ability to convey judgment cues rooted in firsthand
experience [51]. As a result, consumers receive less decision-relevant information, un-
dermining sales performance. Consequently, in the context of experience products, the
deployment of AI customer service technologically amplifies information asymmetry and
leads to negative effects on sales performance.

In contrast, AI customer service is unlikely to influence sales performance for search
products. Search products are characterized by objective, verifiable, and highly structured
attributes, which can be evaluated prior to purchase [6,12]. These attributes are easily
quantifiable and can be effectively communicated. Given AI’s comparative advantage in
processing structured information [50], replacing human customer service with AI does
not diminish the quantity or quality of decision-relevant information for search products.
Appendix A Table A1 presents a structured comparison of AI and human customer service
across experience and search products. Therefore, we propose:

Hypothesis 1. Compared with search products, the use of AI customer service has a more negative
effect on the sales of experience products.
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2.4. Moderating Effects of Information Disclosure Strategies

Information disclosure strategies refer to the methods employed by online merchants
to present product-related information, including the types, amount, and sources of dis-
closed information [41]. Given the inherent information asymmetry present in online
environments, online merchants’ disclosure strategies play a central role in influencing
consumers’ purchase decisions [12,55]. In this study, we focus on two key dimensions of
information disclosure: depth, which captures the amount and granularity of product-
related information, and breadth, which reflects the diversity of information types or
sources [19,20]. We argue that an increase in both disclosure depth and breadth can miti-
gate the negative effect of AI customer service on experiential product sales by improving
the interpretability, credibility, and comprehensiveness of experiential information.

Information disclosure depth mitigates the negative impact of AI customer service by
enhancing the diagnosticity of product information. Deeper disclosure enables merchants
to provide more detailed, layered, and causally structured descriptions, which alleviates
the difficulty AI systems face in encoding and conveying experiential attributes [20]. For
example, instead of vague claims such as “warm” or “suitable for winter,” merchants can
specify insulation materials, applicable temperature ranges, and performance across various
usage scenarios. Such fine-grained and causally anchored information is more amenable to
algorithmic encoding and transmission [56], allowing experiential attributes that would
otherwise depend on subjective judgment to be represented in a more structured manner.
By improving the interpretability and diagnosticity of information delivered through AI
customer service [50], deeper disclosure reduces information loss arising from excessive
abstraction and partially compensates for AI’s limited ability to convey judgment cues
grounded in firsthand experience. As a result, information asymmetry in experiential
product contexts is diminished. Thus, we propose:

Hypothesis 2. Higher information disclosure depth weakens the negative effect of AI customer
service on the sales of experience products.

Information disclosure breadth mitigates the negative impact of AI customer service by
expanding the range of decision-relevant cues available to consumers. Beyond merchants’
self-provided descriptions, broader disclosure incorporates information from multiple
sources, such as customer reviews, influencer evaluations, and third-party certifications [57].
The availability of information from diverse sources facilitates cross-validation, which
helps reduce consumers’ skepticism toward AI-mediated information when evaluating
experiential products [7]. By allowing information from different sources to corroborate one
another, broader disclosure also limits biases that may arise from AI-mediated information
transmission [38].

Moreover, experience products are characterized by highly heterogeneous consumer
preferences, such that different consumers attend to different attributes of the same
product [7,58]. Greater disclosure breadth increases the likelihood that at least some of
the disclosed information aligns with consumers’ specific concerns. Consequently, when
disclosure breadth is high, consumers can rely on multiple complementary cues to form
trust and understanding, even when information is mediated by AI customer service.
This reduces declines in perceived information quality caused by AI customer service and
mitigates the amplification of information asymmetry in experiential product contexts.
Thus, we propose:

Hypothesis 3. Higher information disclosure breadth weakens the negative effect of AI customer
service on the sales of experience products.

https://doi.org/10.3390/jtaer21030097

https://doi.org/10.3390/jtaer21030097


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 97 7 of 27

Figure 1 illustrates the theoretical framework of this study.
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Figure 1. Theoretical framework.

3. Methodology
3.1. Research Background

The empirical setting of this study is a large online retail platform in China. Founded
in 2009, the platform opened its marketplace to third-party retailers, allowing them to
establish independent online stores, list and update products, disclose product information,
and interact and transact with consumers.

Between 2017 and 2020, the platform operator independently developed an AI-
powered customer service chatbot. The chatbot was trained using platform-generated
data and is capable of automatically responding to consumers’ inquiries based on product-
related information provided in the backend system. After conducting internal pilot testing
and calibration, the platform made the chatbot freely available to all retailers, who could
independently decide whether to adopt it. Importantly, the chatbot is fully developed,
maintained, and updated by the platform operator, and third-party retailers cannot modify
or customize its algorithms. Consequently, the quality and performance of the AI customer
service system are standardized across all third-party retailers.

The AI customer service operates as follows. First, retailers independently decide
whether to implement the AI customer service, which, if adopted, fully replaces human
customer service for all products in the store. Second, the AI system automatically integrates
the product information provided by the retailer into the backend system. Third, the AI
customer service responds exclusively to consumer-initiated inquiries via the chat interface.
Fourth, responses are generated solely based on the product information available in the
backend and do not extend beyond what the retailer has disclosed. Finally, all purchase
decisions are made independently by consumers.

This setting supports our research design and identification strategy in several ways.
First, adoption decisions are made independently by merchants and without restrictions,
such as usage fees, contractual constraints, or technical barriers, which minimizes selection
bias. Second, the discretion exercised by merchants in their adoption decisions naturally
creates a treatment group (products with AI customer service) and a control group (prod-
ucts without AI), facilitating a DID design. Third, since the AI tool is uniform across all
merchants, variations in AI quality do not confound the analysis. Finally, the platform
offers a diverse range of product categories and rich transactional and informational data,
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enabling us to distinguish between experience and search products and to examine how
merchants’ information disclosure strategies moderate the effects of AI service adoption.

3.2. Sample and Data

We randomly sampled a set of products from the platform’s 2021 data. Following a
series of data preprocessing steps, including removing products with zero sales and those
exhibiting fraudulent or abnormal sales patterns (e.g., extreme price anomalies or extremely
short selling periods), we retained a final sample of 6921 products spanning 53 product
categories. Products that initially relied on human customer service and subsequently
adopted AI customer service in a given month during 2021 are classified as the treatment
group, comprising 4312 products. In contrast, products that never adopted AI customer
service during the observation period are classified as the control group, consisting of
2609 products. Among all sampled products, 5196 are categorized as experience products,
and 1725 are search products. We collected monthly sales-related data for all sampled
products, resulting in a final panel dataset comprising 37,313 product–month observations
for empirical analysis. Given that products adopted AI at different times, we employed a
staggered DID design for our empirical analysis.

3.3. Measurements
3.3.1. Independent and Dependent Variables

The key independent variable in this study is the adoption of AI customer service. We
operationalize AI adoption using a DID indicator constructed as the interaction between
Treat and Post. Specifically, Treat equals 1 for products that initially used human customer
service and subsequently adopted AI customer service during 2021, and 0 for products
that never adopted AI. Post equals 1 for the month of adoption and all subsequent months,
and 0 for all prior months. For non-adopters, Post is 0 in all periods. Accordingly, the DID
indicator captures whether a given product uses AI customer service in a given month. The
dependent variable is Product Sales, measured as the natural logarithm of each product’s
monthly sales revenue.

3.3.2. Moderating Variables

Following Nelson [12], we classify product attributes into search and experience cate-
gories. Search products are those with objective attributes whose quality can be evaluated
prior to purchase (e.g., books and basic electronic products), whereas experience products
are characterized by attributes that can only be fully assessed through consumption or use
(e.g., apparel and hotels) and thus involve greater subjectivity. Based on this classification,
we construct a binary indicator, Experience, which equals 1 for experience products and
0 for search products. Appendix A Table A2 reports the detailed classification of products
in our sample.

We characterize merchants’ product information disclosure strategies along two di-
mensions: depth and breadth. Information disclosure depth reflects the extent to which sellers
provide fine-grained, specific, and diagnostic information about a product’s key attributes,
reflecting how thoroughly each attribute is described [19,20]. We measure disclosure depth
as the average number of unique, product-related information elements associated with
each product, with higher values indicating greater depth.

Information disclosure breadth reflects the diversity of product-related information,
capturing the range of distinct attributes, aspects, or information sources associated with a

https://doi.org/10.3390/jtaer21030097

https://doi.org/10.3390/jtaer21030097


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 97 9 of 27

given product [19]. Shannon entropy is a widely used measure of information diversity
that captures the dispersion of information across categories [59,60], calculated as:

H(x) = −
n

∑
i=1

Pi logPi

where Pi represents the probability of observing information of type i. Higher values
of H(x) indicate a more even distribution of information across categories, reflecting
greater disclosure breadth, while lower values reflect concentration in fewer categories and
lower diversity.

To operationalize disclosure breadth, we first use text-mining techniques to segment
and identify all information elements disclosed for each product. We then compute Shannon
entropy based on these elements to quantify the diversity of merchants’ information
disclosure strategies.

3.3.3. Control Variables

We include a set of time-varying control variables that may affect product sales.
First, we control for the overall volume of consumer demand on the platform (platform de-
mand) to account for demand-side fluctuations driven by marketing campaigns or changes
in aggregate demand [61]. Second, we control for product-level factors, including price
discount, product return, and consumer review, which influence purchase decisions and re-
flect product performance [53,57]. Third, we account for competitive intensity within
the same product category (peer competition), capturing the effect of category-level com-
petition on sales outcomes [62]. Month, store, and product category fixed effects were
included, with standard errors clustered at the product level. Table 1 reports descriptive
statistics and the correlation matrix for all variables. Appendix A Table A3 summarizes the
variable operationalization.

Table 1. Correlation matrix (N = 37,313).

Mean SD 1 2 3 4 5 6 7 8 9 10

1 Sale(logged) 6.941 2.413 1.000
2 DID 0.422 0.494 −0.192 1.000
3 Platform demand 12.864 0.202 0.134 −0.103 1.000
4 Price discount −0.131 0.847 0.054 −0.047 0.018 1.000
5 Product return 0.111 0.197 −0.051 0.056 −0.111 −0.022 1.000
6 Consumer review 0.876 0.318 0.018 0.046 −0.121 −0.042 0.157 1.000
7 Peer competition 8.597 0.841 −0.190 0.037 0.059 0.002 −0.032 0.097 1.000
8 Experience 0.876 0.330 −0.299 0.024 −0.145 −0.048 −0.038 0.098 0.264 1.000
9 Disclosure Depth 1.463 0.402 −0.028 −0.058 0.017 0.016 −0.053 −0.019 −0.087 −0.013 1.000
10 Disclosure Breadth 6.463 0.997 −0.286 0.032 −0.020 0.007 0.077 0.047 −0.117 −0.070 −0.208 1.000

Note. |Correlation| > 0.09 are all significant at the p < 0.05 level.

3.4. Coarsened Exact Matching Between Treatment and Control Groups

To address potential endogeneity concerns in testing our hypotheses, we employ
Coarsened Exact Matching (CEM) to preprocess the sample [63,64]. CEM improves causal
inference by reducing covariate imbalance between treated and control groups prior to
estimation. We consider CEM covariates at three levels. At the product level, we match on
product category, product price, and product quality (proxied by the return rate). At the
consumer level, we include the level of customer reviews, and customer demand intensity
(measured by the product’s annual number of orders). At the store level, we control for
store size, measured by annual sales revenue.

Table 2 reports the L1 statistic after CEM. The L1 statistic provides a comprehensive
measure of global imbalance, calculated as the L1 distance between the multidimensional
histograms of all pretreatment covariates in the treated and control groups [64]. As shown
in Table 2, the multivariate L1 statistic decreases substantially from 0.665 before matching
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to 0.198 after matching, indicating a significant improvement in covariate balance between
the treatment and control groups. As a result of the matching procedure, the total number
of observations decreases from 37,313 to 25,692. In addition, Appendix A Table A4 reports
univariate imbalance before and after matching. The results show that the imbalance across
all six covariates is substantially reduced after matching.

Table 2. Results of coarsened exact matching.

Treated = 0 Treated = 1 Multivariate L1
Before Matching

Multivariate L1
After Matching

ALL 12,657 24,656
Matched 11,842 13,850 0.665 0.198
Unmatched 815 10,806

In the subsequent analyses, to further ensure the robustness of our findings, we con-
duct the main regression analyses using both the full sample and the CEM-matched sample.

3.5. Model Specification

To examine the differential effects of AI customer service on the sales of experience
and search products, we specify the following baseline empirical model:

Saleit = β0 + β1DIDi,t−1 + β2Experiencei + β3DIDi,t × Experiencei + β4CVit + Ii + Tt + Cc + Ss + εit (1)

where Saleit denotes the sales performance of particular product i at month t; DIDi,t index
the interactive term between treat and post. The coefficient β3 on DIDi,t × Experiencei
captures the differential sales effect of AI customer service on experience products relative
to search products. We employ a four-way fixed effects specification to address potential
sources of unobserved heterogeneity. Specifically, product fixed effects Ii control for time-
invariant characteristics specific to each product; month fixed effects Tt absorb temporal
shocks common across firms (e.g., seasonality or macroeconomic factors), category fixed
effects Cc capture structural differences across product categories, and store fixed effects Ss

absorb time-invariant differences across the stores to which products belong. Additionally,
CVit denotes a vector of control variables, and εit represents the error term.

4. Results
4.1. Hypothesis Tests
4.1.1. Main Results

A key identifying assumption of the DID approach is that, prior to treatment, the
treatment and control groups follow parallel trends [65] (pp. 241–246). To assess this
assumption, we construct event-time graphs that depict dynamic treatment effects across
periods relative to the timing of AI customer service adoption. We conduct parallel trends
tests separately for the full sample, the matched sample, the experience product subsample,
and the search product subsample. The results are presented in Figures 2 and 3. As illustrated
in these Figures, there are no statistically significant differences in pre-treatment sales
trends between the treatment and control groups across all the samples, indicating that the
parallel trends assumption is satisfied. Furthermore, sales exhibit a significant downward
trend in the full sample and among experience products after the adoption of AI customer
service, which aligns with our theoretical expectations.

We subsequently conduct the main regression analyses utilizing both the full sample
and the CEM-matched sample. The results are reported in Table 3. Models 1 and 3 focus
solely on the main effect of AI customer service on product sales, while Models 2 and 4
additionally incorporate the interaction between AI customer service and product type to
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assess the differential effects on experience products. Overall, the findings derived from
both the full sample and the matched sample are highly consistent, indicating that our
results are robust and unlikely to be driven by sample selection bias.

Figure 2. Parallel trends test for matched sample (left) and full sample (right).

Figure 3. Parallel trends test for experience goods subsample (left) and search goods subsample (right).

Table 3. Main results.

Full Sample Matched Sample

(1) (2) (3) (4) (5) (6)Variables
Sale Sale Sale Sale Sale Sale

DID −0.089 ***
(0.034)

0.393 ***
(0.094)

−0.148 ***
(0.042)

0.370 ***
(0.143)

DID × Experience −0.529 ***
(0.093)

−0.554 ***
(0.143)

Platform demand 5.023 ***
(0.150)

4.903 ***
(0.159)

5.008 ***
(0.159)

4.555 ***
(0.183)

4.361 ***
(0.193)

4.450 ***
(0.193)

Price discount −0.124 ***
(0.024)

−0.124 ***
(0.024)

−0.125 ***
(0.024)

−0.097 ***
(0.026)

−0.097 ***
(0.026)

−0.098 ***
(0.026)

Product return −0.710 ***
(0.049)

−0.709 ***
(0.049)

−0.708 ***
(0.049)

−0.736 ***
(0.061)

−0.733 ***
(0.061)

−0.730 ***
(0.061)

Consumer review 0.417 ***
(0.028)

0.421 ***
(0.028)

0.420 ***
(0.028)

0.393 ***
(0.033)

0.401 ***
(0.033)

0.400 ***
(0.033)

Peer competition 0.302 ***
(0.066)

0.312 ***
(0.066)

0.235 ***
(0.067)

0.358 ***
(0.081)

0.385 ***
(0.082)

0.318 ***
(0.083)

Time FE YES YES YES YES YES YES
Product FE YES YES YES YES YES YES
Shop FE YES YES YES YES YES YES
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Table 3. Cont.

Full Sample Matched Sample

(1) (2) (3) (4) (5) (6)Variables
Sale Sale Sale Sale Sale Sale

Category FE YES YES YES YES YES YES

Constant −59.120 ***
(1.623)

−57.649 ***
(1.733)

−58.338 ***
(1.735)

−53.693 ***
(1.993)

−51.424 ***
(2.108)

−51.986 ***
(2.108)

Observations 37,313 37,313 37,313 25,692 25,692 25,692
Number of
products 6921 6921 6921 5339 5339 5339

R2 0.201 0.201 0.203 0.179 0.180 0.181
Note: Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

As shown in columns (3) and (6) of Table 3, the coefficient on the interaction term
DID × Experience is negative and statistically significant (β = −0.554, p < 0.01), and its sign
is opposite to that of the main DID effect. This result indicates that the negative effect of AI
customer service is predominantly observed in experience products. Overall, the evidence
provides robust support for H1.

To illustrate the distribution of this moderating effect, we plotted the interaction be-
tween AI customer service and experience products in Figure 4. As the experiential attribute
variable Experience transitions from 0 to 1, the relationship between AI customer service
and product sales shifts from positive to negative, indicated by a reversal in the slope.

 

Figure 4. Moderating effect of product attribution.

Furthermore, we conduct subsample analyses by estimating separate regressions for
experience products and search products. The results, reported in Appendix A Table A5,
reveal that substituting human customer service with AI customer service has a significantly
negative effect on the sales of experiential products, whereas no significant effect is observed
for search products. These findings further substantiate our argument.

4.1.2. Endogeneity Concerns

To further address potential endogeneity concerns in our model, we conduct an
instrumental variable (IV) analysis. We utilize peer adoption of AI customer service at the
category level as an instrument, measured as the monthly proportion of same-category
products adopting AI customer service. This instrument satisfies both the relevance and
exclusion restrictions. The peer adoption rate is directly correlated with the likelihood of
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a focal product adopting AI customer service, while it does not exert a direct influence
on the focal product’s sales outcomes, except through its impact on the focal product’s AI
adoption decision.

Table 4 reports the results of the instrumental variable analysis. In the first stage,
the coefficient for the Peer Rate is positive and statistically significant (β = 0.505, p < 0.01),
confirming the relevance of the instrument. Moreover, the Kleibergen–Paap Wald rk F
statistic is well above the conventional threshold of 10, alleviating concerns about weak
instruments [66]. In the second stage, the treatment effect of AI customer service remains
negative and statistically significant (β = −0.984, p < 0.01). The moderating effect of product
experiential attributes also remains significant (β = −0.924, p < 0.01). These results indicate
that our main findings remain robust after accounting for potential endogeneity concerns.

Table 4. Results of the instrumental variable analysis.

Variables
First Stage Second Stage

DID Sale Sale

Peer Rate (IV) 0.505 *** (0.025)
DID −0.984 *** (0.214) −0.697 *** (0.214)
DID × Experience −0.924 *** (0.115)
Constant 10.512 *** (0.363) −42.827 *** (3.934) −34.988 *** (4.016)
Controls YES YES YES
Time FE YES YES YES
Product FE YES YES YES
Shop FE YES YES YES
Category FE YES YES YES
Observations 37,313 37,313 37,313
Number of products 6921 6921 6921
R2 0.578 0.202 0.206
Kleibergen-Paap Wald rk F statistic 851.27

Note: Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

4.1.3. Robustness Tests

We conduct two sets of robustness checks. First, we employ an alternative dependent
variable by replacing monthly sales revenue with the monthly number of orders. The
results are reported in Appendix A Table A6. As shown in columns (2) and (4) of the
table, after substituting the dependent variable, the coefficient on the interaction term
DID × Experience remains statistically significant in both the full sample and the matched
sample. These results further reinforce our main conclusions.

Second, we conduct a placebo test to assess whether our findings could be driven
by model misspecification or unobserved trends rather than the treatment itself [67,68].
Specifically, we randomly partition the sample into G groups, where G equals the number
of actual treatment periods in the original data. Each group contains the same number of
products as in the original sample. We then randomly assign a placebo treatment time to
each group and construct a placebo interaction term analogous to the DID indicator. Using
these placebo variables, we re-estimate the baseline model for both the full sample and the
experiential product subsample.

Because treatment assignment in the placebo test is random, the estimated coefficients
are expected to be statistically insignificant and centered around zero. To strengthen the
inference, we repeat this procedure 500 times. The distributions of the estimated placebo
coefficients are presented in Figures 5 and 6. As shown in the figures, the placebo estimates
for both the full sample and the experience product subsample are tightly centered around
zero, whereas our actual estimated coefficients lie well outside the simulated distribu-
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tions. This evidence suggests that our estimates capture a substantively and statistically
meaningful treatment effect, rather than spurious correlations driven by random noise or
underlying trends.

 

Figure 5. Placebo test for the full sample.

 

Figure 6. Placebo test for the experience goods sample.

4.2. Moderating Effects

We further examine the moderating role of merchants’ product information disclo-
sure strategies. Building on Equation (1), we introduce two three-way interaction terms,
DIDi,t × Experiencei × Breadthi and DIDi,t × Experiencei × Depthi, to assess whether infor-
mation disclosure depth and breadth mitigate the negative effect of AI customer service on
experience product sales. The significance and sign of the three-way interaction coefficients
indicate the direction and strength of these moderating effects.

We conduct the analyses using both the full sample and the CEM-matched sam-
ple. The results are reported in Tables 5 and 6. As shown in the tables, the coefficient
on the interaction term DID × Experience × Depth is positive and statistically signifi-
cant (β = 0.497, p < 0.05), indicating that greater information disclosure depth weakens
the negative impact of AI customer service on the sales of experiential products. Simi-
larly, as reported in column (4) of Table 5 and column (4) of Table 6, the coefficient on
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DID × Experience × Breadth is also positive and statistically significant (β = 0.936, p < 0.05).
This result suggests that when merchants disclose more diverse product information, the
negative effect of AI customer service on experience product sales is attenuated. Together,
these findings provide support for Hypotheses 2 and 3.

Table 5. Moderating effects of information disclosure strategy (Full sample).

(1) (2) (3) (4)
Variables

Sale Sale Sale Sale

DID 0.393 *** (0.094) 0.453 *** (0.122) 0.701 *** (0.269)
DID× Experience −0.529 *** (0.093) −0.676 *** (0.124) −1.061 *** (0.279)
DID × Depth −0.098 (0.131)
DID × Experience × Depth 0.282 ** (0.139)
DID × Breadth −0.342 (0.268)
DID × Experience × Breadth 0.584 ** (0.281)
Constant −59.120 *** (1.623) −58.338 *** (1.735) −58.196 *** (1.735) −58.269 *** (1.736)
Controls YES YES YES YES
Time FE YES YES YES YES
Product FE YES YES YES YES
Shop FE YES YES YES YES
Category FE YES YES YES YES
Observations 37,313 37,313 37,313 37,313
Number of products 6921 6921 6921 6921
R2 0.201 0.203 0.204 0.204

Note: Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

Table 6. Moderating effects of information disclosure strategy (Matched sample).

(1) (2) (3) (4)
Variables

Sale Sale Sale Sale

DID 0.370 *** (0.143) 0.562 *** (0.209) 0.843 *** (0.319)
DID × Experience −0.554 *** (0.143) −0.861 *** (0.212) −1.363 *** (0.334)
DID × Depth −0.289 (0.195)
DID × Experience × Depth 0.497 ** (0.204)
DID × Breadth −0.567 (0.346)
DID × Experience × Breadth 0.936 ** (0.363)
Constant −53.693 *** (1.993) −51.986 *** (2.108) −51.921 *** (2.108) −51.860 *** (2.109)
Controls YES YES YES YES
Time FE YES YES YES YES
Product FE YES YES YES YES
Shop FE YES YES YES YES
Category FE YES YES YES YES
Observations 25,692 25,692 25,692 25,692
Number of products 5339 5339 5339 5339
R2 0.179 0.181 0.182 0.182

Note: Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

We further validate the moderating effects of information disclosure strategies through
subsample analyses. The results, reported in Appendix A Table A7, indicate that in the
experience product subsample, both information disclosure depth and breadth positively
moderate the negative effect of AI customer service adoption. In contrast, for search
products, neither disclosure strategy demonstrates a significant moderating effect. These
results offer additional support for Hypotheses 2 and 3.

To provide a more intuitive illustration of these moderating effects, we plot Figures 7 and 8.
As depicted in these figures, when information disclosure depth increases from low to
high, the negative relationship between AI customer service and experience product sales
becomes less pronounced (Experience = 1 & Depth = High). Similarly, when informa-
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tion disclosure breadth increases from low to high, the negative impact of AI customer
service on experience product sales is also weakened (Experience = 1 & Breadth = High).
These visualizations corroborate the regression results and highlight the mitigating role of
merchants’ information disclosure strategies.

 
Figure 7. Three-way moderating effect of disclosure depth.

 

Figure 8. Three-way moderating effect of disclosure breadth.

4.3. Additional Tests

A key assumption of our study is that AI customer service inherits and amplifies
information asymmetry in experiential products, thereby reducing product sales. If this
mechanism is valid, the mitigating effects of information disclosure strategies should be
stronger when initial information asymmetry is higher.

Since information asymmetry is a key driver of consumer return behavior, we use
product return rates as a proxy for the underlying level of information asymmetry [53,69].
We divide the sample into high- and low-return-rate groups based on the median return
rate and re-estimate the moderating effects of information disclosure strategies within each
subgroup. The results are reported in Tables 7 and 8.
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Table 7. Subsample regression results by return level (Full Sample).

Model 1 Model 2 Model 3 Model 4
Variables

Return = Low Return = High Return = Low Return = High

DID 0.303 (0.191) 0.437 *** (0.154) 0.284 (0.509) 0.842 *** (0.301)
DID × Experience −0.437 ** (0.198) −0.740 *** (0.155) −0.667 (0.524) −1.206 *** (0.313)
DID × Depth 0.009 (0.219) −0.122 (0.154)
DID × Experience × Depth 0.163 (0.233) 0.333 ** (0.164)
DID × Breadth 0.026 (0.520) −0.530 * (0.295)
DID × Experience × Breadth 0.343 (0.539) 0.697 ** (0.311)
Constant −70.362 *** (5.326) −53.061 *** (1.975) −70.451 ***(5.326) −53.161 *** (1.977)
Controls YES YES YES YES
Time FE YES YES YES YES
Product FE YES YES YES YES
Shop FE YES YES YES YES
Category FE YES YES YES YES
Observations 15,023 22,290 15,023 22,290
Number of products 2532 4389 2532 4389
R2 0.213 0.211 0.214 0.210

Note: Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

Table 8. Subsample regression results by return level (Matched sample).

Model 1 Model 2 Model 3 Model 4
Variables

Return = Low Return = High Return = Low Return = High

DID 0.547 (0.400) 0.560 ** (0.268) −0.041 (0.669) 1.132 *** (0.344)
DID × Experience −0.801 ** (0.406) −0.930 *** (0.271) −0.473 (0.687) −1.551 *** (0.367)
DID × Breadth −0.212 (0.321) −0.347 (0.233)
DID × Experience × Breadth 0.433 (0.335) 0.664 *** (0.248)
DID × Depth 0.484 (0.833) −0.970 ** (0.385)
DID × Experience × Depth −0.044 (0.851) 1.200 *** (0.410)
Constant −59.253 *** (7.546) −47.986 *** (2.436) −59.351 *** (7.548) −47.943 *** (2.439)
Controls YES YES YES YES
Time FE YES YES YES YES
Product FE YES YES YES YES
Shop FE YES YES YES YES
Category FE YES YES YES YES
Observations 10,953 14,795 10,953 14,795
Number of products 2042 3283 2042 3283
R2 0.201 0.184 0.201 0.183

Note: Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

As shown in models 1 and 3 of Table 7 (and Table 8), the coefficients on the three-
way interaction terms DID × Experience × Depth and DID × Experience × Breadth are not
statistically significant in the low-return-rate subsample. This indicates that when initial
information asymmetry is relatively low, the depth and breadth of disclosure strategies
do not meaningfully moderate the effect of AI customer service. In contrast, for products
with high return rates (Models 2 and 4), both three-way interaction terms are positive
and statistically significant in the high-return-rate subsample. These results suggest that
information disclosure depth and breadth more effectively mitigate the negative impact of
AI customer service on experience product sales when the initial information asymmetry is
more severe.

Collectively, these findings support the proposed information asymmetry mechanism
and provide further evidence that AI customer service negatively affects experience product
sales by inheriting and amplifying information asymmetry.
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5. Discussion
Adopting an information asymmetry perspective, this paper advances understanding

of when AI customer service reduces versus amplifies product uncertainty in online mar-
kets. Specifically, we investigate the effects of replacing human customer service with AI
customer service on the sales of different product types (experience versus search products),
as well as the merchant information disclosure strategies that moderate this relationship.
Our analyses are based on quasi-experimental data from 6921 products on a major Chinese
online retail platform.

First, by integrating CEM with a DID design, our analysis reveals an asymmetric and
differentiated effect of AI customer service across product types. We find that substituting
human customer service with AI for conveying product information leads to a significant
decline in the sales of experience products, whereas no comparable effect is observed
for search products. We argue that this divergence occurs because AI customer service
technologically inherits and amplifies the information asymmetry inherent in experience
products. Experience product information is intrinsically unstructured, contextual, and
subjective, which creates a structural misfit with AI’s information-processing paradigm that
relies on structured, codifiable representations. This misalignment amplifies information
asymmetry in AI-mediated interactions and ultimately results in reduced sales of experience
products. By articulating this mechanism, our findings offer a new perspective on the
contextualized effects of AI customer service, complementing prior research that has largely
emphasized consumer psychological mechanisms [15,16].

Second, we examine how merchants’ information disclosure strategies can actively
regulate the effects of AI. Our moderation analyses show that both the depth and breadth of
information disclosure significantly mitigate the negative impact of AI customer service on
experiential product sales. When merchants provide more detailed, fine-grained product
information and disclose information from more diverse and complementary sources, the
adverse effects of AI customer service on experience products are substantially attenuated.
These findings not only reinforce our information-asymmetry-based explanation, but also
complement prior research by highlighting how firms can proactively intervene in the
contextual effects of AI.

In addition, we find that the positive moderating effects of information disclosure
strategies are more pronounced for experience products with higher return rates. Prior
research widely recognizes product returns as a proxy of information asymmetry in online
transactions [44,53]. Accordingly, in product contexts characterized by higher return rates
and thus more severe information asymmetry, AI customer service is more likely to amplify
pre-existing information gaps and biases. Conversely, by increasing the depth and breadth
of information disclosure, online sellers can more effectively mitigate the information
asymmetry issue. As a result, the negative effects associated with the adoption of AI
customer service are less pronounced in high-return settings.

5.1. Theoretical Contributions

This study makes several theoretical contributions.
First, we extend research on the contextualized effects of AI by examining tangible

market outcomes in addition to psychological outcomes. While prior experimental research
has extensively documented consumer perceptions, such as trust and evaluations [15,16,32],
evidence regarding the impact of AI on actual sales remains scant. Addressing this gap,
our study shows that AI customer service generates asymmetric and differentiated effects
on product sales: specifically, it tends to inhibit the sales of experience products while
remaining neutral for search products.
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Second, our findings suggest that the effectiveness of AI deployment depends on its
alignment with product uncertainty and information structure. Uniform AI implementa-
tion across product categories may be suboptimal. Current literature primarily attributes
AI’s impact to psychological factors like trust [15,29], perceived transparency [16], per-
ceived intent [23], or expectation levels [17,28]. In contrast, we argue that AI customer
service inherits and amplifies information asymmetries inherent in digital markets. By
pivoting the theoretical lens from how consumers perceive AI to how AI mediates infor-
mation transmission, we provide a novel information mechanism for the context-specific
effects of AI.

Third, this study highlights the role of technology as a potential source of information
asymmetry, thereby enriching the online information asymmetry literature. Traditionally,
information asymmetry is viewed as a byproduct of seller opportunism or intrinsic product
characteristics [6,41]. We suggest that the choice of information intermediary (AI vs. human)
can itself constitute a potential source of asymmetry. This perspective offers novel insights
into how information asymmetry emerges and operates in digital contexts.

Fourth, this study suggests that online merchants can actively shape AI outcomes
through improving informational disclosure depth and breadth. By identifying bound-
ary conditions under which AI enhances versus harms sales performance, this research
provides a contingency framework for AI-driven information design in online markets.
Prior research offers limited insight into how AI outcomes can be managed or intervened
in. Some studies have examined interventions such as anthropomorphism or algorithmic
optimization [3,35,36], yet these approaches are largely confined to the capabilities of AI.
In contrast, our study adopts a strategic and operational perspective and demonstrates
that firms can manage the outcomes of AI customer service by adjusting the product
information disclosure strategies.

Finally, this study shows how AI customer service can lead to bias in online pur-
chase decisions, thereby contributing to the emerging literature on algorithmic bias. Prior
research suggests that algorithmic systems tend to absorb and inherit preexisting struc-
tural biases embedded in their input data, and that these biases are reinforced through
continuous iteration and repeated use [38,49,70]. We argue that the AI customer service
can similarly inherit and amplify the preexisting information asymmetry associated with
experience goods when conveying information to customers. This insight extends current
understanding of how algorithmic bias forms and operates in digital contexts.

5.2. Managerial Implications

This study offers valuable managerial implications for online merchants’ AI adoption
decisions, information disclosure strategies, and online operational practices.

First, when introducing AI customer service, firms should adopt a differentiated
deployment strategy based on the informational attributes of their products, rather than
indiscriminately replacing human agents. Our findings suggest that AI customer service is
relatively more effective for search goods, whereas in the context of experience goods, it
may generate adverse effects due to the non-structured nature of the information involved.
Accordingly, when deploying AI customer service, firms should carefully assess whether
the informational characteristics of their products are suitable for AI consumer interactions.

Second, firms should treat information disclosure as a key managerial lever to offset
the limitations of AI. Our results show that greater disclosure depth and breadth can
significantly mitigate the negative effects of AI customer service for experience goods.
Accordingly, when firms rely on AI as the primary information intermediary, they should
enhance the structure and interpretability of product information, for example, by providing
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more detailed usage scenarios, comparative information, or authentic customer feedback.
Such practices can reduce consumer uncertainty arising from AI-mediated communication.

Third, firms should exercise greater caution in deploying AI customer service for
high-return-rate product categories. Our findings indicate that for products with higher
return rates, information disclosure strategies play a particularly critical role in mitigating
the adverse effects of AI customer service. This suggests that for goods characterized by
high uncertainty and information asymmetry, firms should place stronger emphasis on
their product information disclosure.

5.3. Limitations and Future Research

This study has several limitations. First, although we rely on large-scale transactional
data from a real online platform and thus enjoy strong external validity, the research con-
text is still confined to e-commerce platforms. Future research could extend our findings
to other types of online platforms, such as online crowdfunding platforms or B2B plat-
forms [8]. On these platforms, customer characteristics and product attributes may differ
substantially, potentially leading to different outcomes of AI deployment. For instance, on
platforms where customer service agents are responsible for providing product quotations,
consumers’ psychological expectations play an important role in shaping the outcomes of
AI service [23]. Thus, the interaction between psychological expectations and product type
represents a promising direction for future research. Second, in our research setting, the AI
system is uniformly deployed, with no variation in its capabilities. This limits our ability to
distinguish differences in AI customer service across levels of capability, interaction depth,
or degree of anthropomorphism [4]. For example, prior studies have shown that anthro-
pomorphism can alleviate consumers’ distrust toward AI [30,35]. Therefore, examining
how different levels of AI anthropomorphism interact with product characteristics may
represent a promising direction for future research. Third, another promising direction is
to examine hybrid human–AI service systems. In many real-world settings, AI customer
service is not used as a complete substitute for human agents but rather operates in com-
bination with them [71]. Future research could explore how different configurations of
human–AI collaboration affect consumer decision-making, particularly for products char-
acterized by high uncertainty. Fourth, prior research has highlighted the important role of
consumers’ emotions in shaping the outcomes of AI-enabled services [28,30]. Future studies
could integrate consumer emotions into the current model to examine whether emotions
moderate the heterogeneous effects of AI across different product types. Finally, although
we identify information asymmetry as a key mechanism, the validation of this mechanism
remains indirect. Future studies could combine experimental methods or process-level
data (e.g., clickstream data, reading time, or eye-tracking data) to more directly observe the
underlying mechanism.
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Appendix A

 
Figure A1. Amazon’s Rufus AI assistant.

Figure A2. Taobao’s Dian Xiao Mi 5.0.

Table A1. Comparison of AI and Human Customer Service Across Product Types.

Experience Products Search Products

Nature of Product
Information

Subjective, emotional, context-dependent,
difficult to standardize, difficult to fully

codify before purchase

Objective, verifiable, structured,
quantifiable
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Table A1. Cont.

Experience Products Search Products

Information conveyed by
AI customer service

Limited effectiveness: AI primarily relies on
structured data processing and pattern

matching, which may compress rich
experiential information into

simplified representations

High effectiveness: AI can efficiently
process structured attributes and provide
clear, standardized product information

Information conveyed by
Human customer service

High effectiveness: Human agents can
communicate experiential information

through empathy, contextual interpretation,
analogical explanation, and judgment based

on experience

High effectiveness: Human agents can
also convey structured product attributes

clearly, although without a distinct
processing advantage over AI systems

Table A2. Search and Experience Goods Classification.

Product Categories Product Type Number of Products

3C Accessories Search 136
OA Office Supplies Search 52
OTC Pharmaceuticals/Medical Devices Search 113
Refrigerators, Washing Machines & Related Accessories Search 290
Kitchen Tools Search 68
Kitchen & Bathroom Appliances Search 109
Computers Search 6
Second-hand Goods Search 2
Home Textiles Search 16
Home Audio-Visual Equipment & Related Accessories Search 112
Home Improvement Materials & Hardware Search 242
Air Conditioners & Related Accessories Search 248
Small Home Appliances Search 251
Mobile Phones Search 20
Digital Cameras & Photography Equipment Search 1
Virtual Recharge Services Search 22
Contact Lenses & Accessories Search 1
Telecom Operator Products Search 11
Smart Devices Search 22
Central Integrated Systems Search 2
Watches & Clocks Search 1
Local Services/Travel & Vacation Experience 1
Catering/Dining Services Experience 1
Adult Products Experience 22
Pet Supplies Experience 26
Apparel, Shoes & Hats Experience 37
Personal Care Products Experience 483
Handicrafts Experience 3
Baking Supplies Experience 39
Outdoor/Hiking/Camping/Travel Gear Experience 4
Alcoholic Beverages Experience 117
Frozen & Chilled Foods Experience 125
Grains, Oils & Seasonings Experience 1198
Beauty & Cosmetics Experience 283
Mother & Baby Products Experience 490
Cleaning Products Experience 356
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Table A2. Cont.

Product Categories Product Type Number of Products

Daily Necessities Experience 237
Meat, Poultry & Eggs Experience 99
Life Services Experience 35
Fresh Food Experience 33
Vegetables, Fruits & Dried Goods Experience 128
Prepared Foods/Ready-to-eat Meals Experience 5
Aquatic Products/Seafood Experience 19
Cultural Products (New) Experience 13
Bags & Leather Goods Experience 4
Footwear & Boots Experience 4
Snack Foods Experience 788
Beverages Experience 404
Nutrition & Health Supplements Experience 60
Sports/Yoga/Fitness/Fan Merchandise Experience 14
Sportswear/Casual Wear Experience 1
Athletic Shoes Experience 3
Breakfast & Instant Drinks Experience 164
Total 6921

Table A3. Variable operationalization.

Variables Measures References

AI customer service Binary variable: equals 1 if the product adopts AI service in a
given month, and 0 otherwise. [72]

Product sale The natural logarithm of monthly sales revenue. [73]

Experience Binary variable: equals 1 if the product is classified as an
experience good, and 0 if it is classified as a search good. [12]

Information disclosure depth The average number of unique, product-related information
elements associated with each product [19,20]

Information disclosure breadth Shannon entropy, capturing the range of distinct attributes,
aspects, or information sources associated with a product [59,60]

Platform demand volume The platform-level online search index, captures consumers’
attention to the platform. [74]

Price discount The relative discount rate compared with the average price. [57]
Product return The ratio of returned units to total units sold. [57]
Consumer review The proportion of positive consumer reviews. [53]

Peer competition Monthly number of products listed within the same
product category [62]

Table A4. Univariate Imbalance after Coarsened Exact Matching.

Univariate Imbalance L1_Before Matching L1_After Matching

Product Category 0.340 0.085
Price 0.087 0.000
Return level 0.344 0.000
Customer review 0.063 0.000
Customer demand 0.065 0.000
Shop size 0.108 0.000

Multivariate L1 distance 0.665 0.198
Note: A smaller L1 value indicates a lower degree of covariate imbalance.
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Table A5. Subsample regression results by product type (Experience vs. Search goods).

Full Sample Matched Sample

Experience = 1 Experience = 0 Experience = 1 Experience = 0Variables

Sale Sale Sale Sale

DID −0.119 *** (0.035) 0.172 (0.137) −0.166 *** (0.043) 0.076 (0.191)
Constant −46.405 *** (1.533) −42.896 *** (3.728) −41.434 *** (1.790) −35.835 *** (5.057)
Controls YES YES YES YES
Time FE YES YES YES YES
Product FE YES YES YES YES
Shop FE YES YES YES YES
Category FE YES YES YES YES
Observations 32,678 4635 23289 2503
Number of products 5196 1725 4228 1088
R2 0.199 0.245 0.174 0.248

Note: Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

Table A6. Robustness tests using an alternative dependent variable.

Full Sample Matched Sample

(1) (2) (3) (4)Variables

DV = Orders DV = Orders DV = Orders DV = Orders

DID 0.084 *** (0.030) 0.393 *** (0.094) 0.062 * (0.037) 0.339 *** (0.102)
DID × Experience −0.529 *** (0.093) −0.297 *** (0.102)
Constant −33.465 *** (1.228) −58.338 *** (1.735) −30.541 *** (1.460) −30.833 *** (1.462)
Controls YES YES YES YES
Time FE YES YES YES YES
Product FE YES YES YES YES
Shop FE YES YES YES YES
Category FE YES YES YES YES
Observations 37,313 37,313 25,692 25,692
Number of products 6921 6921 5339 5339
R2 0.472 0.203 0.456 0.456

Note: Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.

Table A7. Moderating regression results by product type (Experience vs. Search goods).

Model 1 Model 1 Model 1 Model 1
Variables

Experience = 1 Experience = 0 Experience = 1 Experience = 0

DID −0.207 *** (0.042) 0.223 (0.158) −0.344 *** (0.085) 0.490 * (0.292)
DID × Depth 0.182 *** (0.046) −0.084 (0.131)
DID × Breadth 0.243 *** (0.084) −0.344 (0.270)
Constant −46.235 *** (1.531) −43.025 *** (3.737) −46.281 *** (1.533) −43.051 *** (3.739)
Controls YES YES YES YES
Time FE YES YES YES YES
Product FE YES YES YES YES
Shop FE YES YES YES YES
Category FE YES YES YES YES
Observations 32,678 4635 32,678 4635
Number of products 5196 1725 5196 1725
R2 0.200 0.245 0.199 0.246

Note: Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.
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