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Abstract

Influential celebrity endorsement (ICE) and peer
customer endorsement (PCE) are two widely adopted
promotional strategies in social commerce. Prior
literature has primarily examined the effect of ICE,
largely overlooking the effect of PCE. Drawing on
social influence theory, we investigate how PCE affects
subsequent product ratings. On the one hand, PCE
could increase product ratings by providing an
alternative information source to reduce the product
uncertainty (i.e., informational social influence). On the
other hand, PCE may decrease product ratings by
shaping high pre-purchase expectation and negative
post-purchase  expectation  disconfirmation (i.e.,
normative social influence). Using a difference-in-
difference approach, we find that PCE significantly
decreases 9.5% of product ratings. The negative effect
is more pronounced for products with higher customer
engagement and insurance service. Our study
contributes to research by examining how and why PCE
affects product ratings. We also inform sellers to
strategically manage the potential negative effects of
PCE.
Keywords: Social commerce, Social influence, Peer
customer endorsement, Difference-in-difference

1. Introduction

Social commerce endorsement is a prevalent
strategy for enlisting influencers to promote products
and facilitate consumer purchase decision-making on
social commerce platforms. The influencer industry was
valued at USD 6.0 billion in 2020, and it is projected to
reach USD 84.89 billion by 2028 (GlobeNewswire,
2021). Effective influencers can be either social
celebrities or peer customers who post endorsement
messages about products on social commerce platforms
and appear as experts or trustworthy sources of product
information for their audiences. Social commerce
endorsement greatly appeals to social commerce
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researchers and practitioners because of the strong and
pervasive effects of endorsement messages on the
decision-making and behaviors of their audiences.

The information system (IS) research community
has also begun to shed light on two types of social
commerce endorsement: (i) influential celebrity
endorsement (ICE) and (ii) peer customer endorsement
(PCE). Unlike ICE, which leverages the popularity and
influence of social celebrities to promote products and
generate sales, PCE utilizes the endorsed product posts
and positive product recommendations from peer
customers in promotional campaigns. PCE can
effectively deliver endorsement product messages to
invoke unit grouping, which builds social similarity and
interpersonal trust among customers (Sia et al., 2009).
These endorsement messages serve as key, valuable
informational sources to customers who lack first-hand
purchase experiences. Despite the growing popularity of
marketing campaigns and the increasing customer
interest in social commerce endorsement, prior IS
studies primarily investigate the effect of ICE across
different purchase stages (Cao & Belo, 2024; Cheng &
Zhang, 2024). However, limited IS research has
examined how PCE helps or hurts product ratings in the
social commerce platform.

PCE could reduce product uncertainty and cause
expectation disconfirmation for customers, therefore
making its effect on product ratings complex in the
social commerce platform. On the one hand, as an
alternative informational source, PCE provides
additional product information from peer customers
who are informational predecessors because of their
prior purchasing and usage experiences. This objective
product information can significantly reduce product
uncertainty for customers in making purchase decisions
and shaping product ratings (i.e., informational social
influence). On the other hand, compared to product
information from sellers, product information from peer
customers is believed to be more objective and
persuasive. When consumers are repeatedly exposed to
PCE, they generate high prepurchase expectations and
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comply with the expectations of their peer customers to
purchase without thoughtful consideration (i.e.,
normative social influence). The high expectation
brought by PCE could further transform into negative
post-purchase  expectation confirmation, thereby
reducing product ratings. Considering the IS research
gap toward the dual effect of PCE on product ratings,
we propose the following research questions: To what
extent does PCE affect product ratings in the social
commerce platform?

We answered the questions by leveraging a 16-week
panel dataset of 34,720 observations from 2,170
products from March 2024 to July 2024 on a popular
social commerce platform. Using a difference-in-
differences (DID) with the propensity score matching
(PSM) and look-ahead PSM (LAPSM) techniques, we
find that PCE significantly decreases product ratings by
9.5% on average. The mechanism test shows that PCE’s
normative social influence outweighs its informational
social influence, thereby denoting an overall negative
effect on product ratings. Furthermore, the
heterogeneity test indicates that the negative effect of
PCE is more pronounced for products in the presence of
customer engagement and insurance service.

Our study offers several contributions. First, our
study advances IS research on social commerce by first
examining the causal effect of PCE on product ratings,
as well as its underlying mechanisms and boundary
conditions. Second, our study extends IS research on
social commerce endorsement by shifting the current
research focus from SIE to PCE in the post-purchase
stage. Third, our study enriches social influence theory
by contextually identifying informational and normative
social influences and how the two types of social
influences underlying PCE operate in the social
commerce platform.

2. Theory and hypotheses

2.1. Social commerce

Social commerce refers to “the forms of Internet-
based social media which allow people to participate
actively in the marketing and selling of products and
services in online marketplaces and communities”
(Stephen and Toubia 2010, p.215). Social commerce has
attracted the attention of sellers who seek to leverage
social interactions and social relationships to expand
their consumer base (Hong et al., 2017). Additionally,
the large number of consumers who actively participate
in social commerce has created a large potential for the
effectiveness of social influence marketing. According
to the consumer purchase stage, extensive literature on
social commerce has mainly investigated three types of

outcomes: consumer prepurchase attitude, purchase
decision, and postpurchase behavior.

Among the first stream that focuses on consumer
pre-purchase attitude, some studies have explored how
different social cues can influence consumer
information seeking intention and search experience
(Bhattacharyya & Bose, 2020; Yi et al., 2017). For
example, Bhattacharyya and Bose (2020) revealed that
the volume of likes for a product advertised on
Facebook can affect consumer intention to visit the
linked e-commerce site. Yi et al. (2017) found that
product tags help enhance consumer perceived
diagnosticity of product search through locating and
evaluating relevant alternatives. Meanwhile, studies
have also compared distinct promotional strategies and
customization systems in shaping consumer perceptions
of the product (Cao et al., 2021; Schlager et al., 2018).
For instance, Cao et al. (2021) found the price
promotion attenuated the effectiveness of referral
marketing since it aroused consumer quality concerns.
Schlager et al. (2018) found that public (vs. private)
customization systems positively affect consumers’
conformity to peer input, further influencing their
evaluation of customized products.

Among the second stream that focuses on consumer
purchase decisions, studies have investigated multiple
social drivers from both sellers and peers. In studying
the social cues from sellers, Ye et al. (2021) suggested
the positive relationship between social media status and
the sales of paid viewership. Ren et al. (2023) revealed
that seller social media engagement can lead to a mean
20.67% sales increase, with the sellers that sell low-
involvement products benefit more. In studying the
social cues from peers, Dewan et al. (2017) found both
information on total favorites and information on
friends’ favoriting behavior can affect consumer music
consumption choices. Sun et al. (2021) studied how
firms can leverage consumers’ social connections to
promote sales using different incentive designs.

Among the third stream that focuses on consumer
post-purchase behavior, some researchers identified the
impact of online friends on consumer reviewing
behavior, suggesting that the formation of a friendship
can significantly affect review polarity (L. Wang et al.,
2023) and lead to rating similarity between friends (C.
(Alex) Wang et al., 2018). Some recent studies also
explored the determinants of consumer repurchase and
loyalty in social commerce. For instance, Gao et al.
(2022) revealed that sellers’ social pricing strategy can
help increase consumer purchase frequency. Gong et al.
(2022) examined how network effects and network
types in the context of mobile payment applications
influence consumer loyalty.

In social commerce, peer customer endorsement is
an increasingly prominent strategy that is encouraged by
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the platform and sellers. Despite its prevalence, its
actual effectiveness is still unknown to both
practitioners and scholars. By investigating the causal
impact of peer customer endorsement on customer post-
satisfaction and the underlying mechanism of social
influence, this study enriches the social commerce
literature.

2.2. Social commerce endorsement

Social commerce endorsement refers to the use of
public recommendations, likes, or promotions within
social commerce, which aim at driving purchasing
decisions and facilitating direct sales. It can provide
valuable advice to potential consumers with limited
first-hand experiences and leverage interpersonal
influence to shape consumer behavior. Based on the
source of endorsement, existing studies have mainly
explored two forms of endorsement in social commerce:
influential celebrity endorsement (ICE) and peer
consumer endorsement (PCE).

By utilizing the power of public recognition,
celebrity endorsements connect a brand or product with
the fame of a celebrity, ultimately influencing consumer
purchasing decisions. Among this stream, some studies
have investigated the effectiveness of the sponsorship
disclosure of celebrity endorsement. For example, Cao
& Belo (2024) found that explicit sponsorship
disclosure can enhance potential consumer awareness
and promote favorability by increasing transparency
regarding sponsored content. However, Cheng & Zhang
(2024) highlighted that posting sponsored content harms
the reputation of the endorser, and a better celebrity—
brand fit can help mitigate such reputation-burning
effect. Focusing on the followership of celebrities,
Beichert et al. (2024) found that low followership levels
perform better on the return on investment due to the
increased engagement. Wei et al. (2024) showed that the
followership of celebrities exerts an inverted U-shaped
effect on engagement, with higher content
customization weakening the inverted U-shape.

The second stream, which our study is closely
related to, studies the role of peer customer
endorsements. Peer customer endorsement is an
increasingly important strategy, as customers are more
likely to trust their peers who have similarities and
shared interests with them. In this stream, existing
studies have mainly investigated the antecedents and
outcomes of friends' endorsement (i.e., "likes" on
Facebook). For example, Li (2018) suggested the higher
average of review ratings as a positive determinant of
Facebook friends' endorsement. Li & Wu (2018)
showed that endorsement from friends can help increase
demand by raising product awareness. Agarwal et al.
(2024) showed that friends' endorsement can activate an

individual's persuasion knowledge, further leading to
lower clicking performance.

To the best of our knowledge, existing studies on
social commerce endorsement mainly focus on
customer pre-purchase and purchase stages (e.g.,
attitude, engagement, and purchase intention) with
limited attention to the effect on post-purchase
outcomes. Hence, this study aims to fill this gap by
investigating the impact of peer customer endorsement
on post-purchase satisfaction.

2.3. Social influence theory

Social influence is a process in which individuals
alter their emotions, opinions, or behaviors as a result of
interactions with socially important referents in a social
environment (Amblee & Bui, 2011). Prior work has
identified two forms of social influence: informational
social influence and normative social influence
(Burnkrant & Cousineau, 1975).

Informational social influence relates to a person's
use of the information provided by others to determine
what is likely to be right, proper, or effective (Cohen &
Golden, 1972). Through informational social influence,
individuals infer information from others’ behavior to
reduce uncertainty, using social influence as a credible
source of information (Burnkrant & Cousineau, 1975).
Normative social influence refers to the conformity of
complying with the expectations of other individuals
(Kassarjian, 1971). Under normative social influence,
people adjust their own judgments to align with the
actions of other members or in order to establish social
identification, even at the cost of their personal beliefs
(Kuan et al., 2014).

2.3.1 Informational social influence. Informational
social influence posits that people rely on others'
opinions to gain accurate knowledge in ambiguous
situations (Hur et al., 2023). In social commerce, PCE
can act as a credible source of first-hand information
from informed customers. These authentic customer
experiences offer concrete details about the product,
helping subsequent customers infer product quality
when objective information is scarce. This process of
knowledge enhancement can help reduce product
uncertainty and facilitate more informed purchase
decisions. Consequently, purchases made based on this
enhanced knowledge derived from informational social
influence are significantly more likely to lead to higher
post-purchase satisfaction. Therefore, we hypothesize
that:

Hla: The presence of peer customer endorsements
will increase subsequent customer post-purchase
satisfaction due to the informational social influence.
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2.3.2 Normative social influence. Normative influence
motivates individuals to conform to others' expectations
in order to gain social approval or avoid disapproval. In
social commerce, peer customers with shared interests
and similarities can be important others for individual
customers (Song & Zahedi, 2005). Compared to product
information from sellers, PCE with visually appealing
experiences and enthusiastic recommendations can be
more persuasive to subsequent customers. When
consumers are frequently exposed to PCE, they tend to
develop high expectations before making a purchase and
conform to their peers to buy without giving it much
thought. However, these elevated expectations can lead
to negative expectation confirmation after the purchase
if the product does not meet their anticipations (Guan et
al., 2023), resulting in lower product ratings. Therefore,
we hypothesize that:

H1b: The presence of peer customer endorsements
will decrease subsequent customer post-purchase
satisfaction due to the normative social influence.

3. Research method
3.1. Sample and data collection

In this study, we chose Mogu, one of the leading
social commerce platforms in China, as our main
context. Mogu was founded in 2011, and it reached 30
million active users in June 2021. In the first quarter of
2025, Mogu had a total revenue of 17.3 million dollars
(Business Wire, 2025). Main pages on Mogu include,
(a) the product page includes the product information,
like price, sales, and product ratings; (b) the seller page
displays the detailed seller information like seller score,
number of followers, and seller self-introduction; (c) the
endorsement page shows the several most popular
endorsements to a seller; and (d) the detailed
endorsement page includes the endorsement content,
endorsement creator, likes and comments to the
endorsement.

Mogu serves as an ideal context for studying the
social influence of customer endorsements. As an
influencer-led social commerce platform, Mogu
encourages user social interactions and leverages the

consumer-generated content to boost sales. Specifically,
the "customer endorsement" system enables customers
to generate posts after purchases. In customer
endorsement, peer customers usually share their product
usage experiences, styling tips, and recommendations
through visually appealing posts.

We collected data generated on the Mogu platform
from March 2024 to July 2024 using web crawling
techniques. The comprehensive dataset encompasses
product-related  data, seller-related data, and
endorsement-related data. Table 1 illustrates the key
variables and descriptive statistics. Consistent with prior
literature (Bendig et al., 2023) to mitigate outlier effects,
we preprocessed continuous variables by winsorizing at
the 1% and 99% levels. Samples with large amounts of
missing data were eliminated, resulting in a final dataset
of 2,170 products.

3.2. Variables and measures

3.2.1. Dependent variable The main dependent
variable in this study is ProductRating;;, which refers to
the rating of product i in week ¢. On the platform, a 1 to
5 rating system is provided to represent customer post-
purchase satisfaction. The average rating of all the
observations is 4.92 stars.

3.2.2. Independent variable The main independent
variable in this study is Endorsement;, which captures
whether the product i has customer endorsement in
week ¢. Endorsement;; is a dummy variable which equals
1 if a product i has customer endorsement in week ¢, and
0 otherwise.

3.2.3. Control variables In this study, control variables
include product- and seller-level characteristics that
may affect product ratings in the platform. Specifically,
product-level control variables include Price; (i.e., the
price of product i in week #) and CommentNum; (i.e., the
total comments of product i in week f). Seller-level
control variables include SellerScore; (i.e., the seller
service score of product i in week ¢) and SellerFans;
(i.e., the number of fans of the seller selling product i in
week 7).

Table 1. Variables and descriptive statistics

Variables Measures Mean S.D.
Dependent variable

ProductRatingi The rating of product 7 in week z. 4.92 0.28
Independent variable

Endorsementi: Whether the product i has customer endorsement in week . 0.08 0.27
Control variables

Pricei The price of product i/ in week ¢. 93.80 298.39
CommentNumi The total comments of product i in week ¢. 253.97 1243.97
SellerScorei The seller service score of product i in week ¢. 4.53 0.24
SellerFansi The number of fans of the seller selling product i in week . 634,339.70 45,338.50
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4. Empirical analysis and results
4.1. Main results

We utilized a DID model with the PSM and
LAPSM techniques to estimate the causal effect of
customer endorsement on  product  ratings.
Specifically, DID makes use of the observational
panel data to estimate the causal effect of a treatment
by comparing the changes in outcomes over time
between the treatment and control groups. During our
observation time, the treatment group includes
products with peer customer endorsement on the
product page, whereas the control group comprises
products without customer endorsement on the
product page. Specifically, we estimate the DID model
in Equation (1):

ProductRating;; = o + B1Endorsement;,
+ yControls;; + u; + 6 + &;¢
)

ProductRating; is the dependent variable, which
indicates the average ratings of product i in week ¢.
Endoresement; is the independent variable which
equals one if product i has received customer
endorsement in week ¢ and zero otherwise. Controls;
are a series of time-variant control variables. y; is the
product-fixed effect to control for time-invariant
product-level characteristics. J, is the time-fixed effect
to control for unobserved time trends. We cluster the
error terms at the product level to account for
autocorrelation over time.

To address different endogeneity mechanisms
from the potential selection bias in our DID design, we
further used different identification strategies.
Specifically, we combined our DID estimation with
propensity score matching (PSM) to address the
concern that the selection process is driven by
observable characteristics between treated and control
products. We further leveraged our DID estimation
with look-ahead PSM (LA-PSM) to address the
concern that the selection process is determined by
unobservable characteristics between treated and
control products. Table 2 reports the DID estimation
results based on the full sample (column 1), the PSM
sample (column 2), and the LAPSM sample (column
3). We found that the coefficient of Endorsement on
ProductRating; is significantly negative across all the
samples, which indicates that customer endorsement
significantly reduces subsequent product rating.

Table 2. Main results

Variables ProductRating
(1 (2) (3)
Full PSM LA-PSM

Endorsement —0.095""  -0.097""  —0.083""
0.028)  (0.029)  (0.033)

Controls Yes Yes Yes
Product FE Yes Yes Yes
Week FE Yes Yes Yes
Observations 34,720 19,760 4,032
R-squared 0.564 0.500 0.569

Note. ***p <0.01, **p < 0.05, *p <0.10. Robust standard
errors clustered at the product level in parentheses.

4.2. Underlying mechanisms

Previous results showed that PCE leads to lower
product ratings. We further investigated the
underlying mechanisms through which PCE affects
product ratings: informational influence effect and
normative influence effect. On the one hand, the
appearance of peer customer endorsement can provide
additional information and help mitigate customer
uncertainty, which is a form of informational influence
in boosting the subsequent customer's post-purchase
satisfaction. On the other hand, the peer customer
endorsement can evoke subsequent customer high pre-
purchase expectation and post-purchase expectation
disconfirmation, which form a normative influence
that decreases the customer's post-purchase
satisfaction.

4.2.1. Informational social influence. PCE can be
uploaded in both text, image, and video forms. Among
the three, the video content typically conveys the most
detailed cues and can provide the highest
informational influence for subsequent customers.
Therefore, to empirically examine the informational
influence, we added an interaction term of VideoNum
and the Endorsement to the main model. As shown in
Equation (2), VideoNum; means the number of videos
in customer endorsement that appear for product i at
week 7.
ProductRating;; = B + B Endorsement;,

+ B,Endorsement;, X VideoNum;,

+ yControls;; + u; + 6 + €;¢

2)

From the results in column (2) of Table 3, the
coefficient of f; is consistently significantly negative.
However, the coefficient of S, is positive and
significant, indicating that the negative effect is much
less salient when a customer endorsement is posted
with more videos. As expected, the informational
influence serves as a positive mechanism underlying
the impact of customer endorsement on customer post-
purchase satisfaction.

Table 3. Mechanism results of informational social
influence

Variables ProductRating

(M @
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Endorsement —0.095%** —0.100%**
(0.028) (0.031)
Endorsement % 0.001**
InsuranceService (0.001)
Controls Yes Yes
Product FE Yes Yes
Week FE Yes Yes
Observations 34,720 34,720
R-squared 0.564 0.564

Note. ***p < 0.01, **p < 0.05, *p <0.10. Robust standard
errors clustered at the product level in parentheses.

4.2.2. Normative social influence. Each PCE is
shown along with the information related to the seller,
such as the SellerScore, which measures the overall
seller reputation on the platform. When customer
endorsement is shown with a higher seller reputation,
it is more likely to generate a normative influence to
raise customer expectations pre-purchase, leading to
their dissatisfaction post-purchase. Therefore, to
validate the existence of normative influence, we
conduct subsample regression on different seller
reputation groups. Specifically, we divide all the
products with peer customer endorsements into high
and low seller reputation groups and investigate if the
outcomes are different in these two groups. In each
group, we conduct the same DID analysis as in
Equation (1). Table 4 shows the results of the full
sample (column 1), low seller reputation groups
(column 2), and high seller reputation groups (column
3). From the results in columns (2) and (3), we can
observe that customer endorsements lead to a
significant decline of product ratings in the high-seller
reputation group, whereas there’s no significant effect
in the low-seller reputation group. The above results
underscore the normative influence mechanism as
previously posited: As consumers see an endorsement,
especially for a high-reputation seller, they are likely
to comply with others' opinions and generate high
prepurchase expectations, leading to a higher
likelihood of dissatisfaction post-purchase.
Table 4. Mechanism results of normative social

influence

Variables ProductRating

M 2 3)

Base Low High
Endorsement —0.095%** -0.036 —0.122%**

(0.028) (0.043)  (0.038)
Controls Yes Yes Yes
Product FE Yes Yes Yes
Week FE Yes Yes Yes
Observations 34,720 12,652 21,798
R-squared 0.564 0.612 0.587

Note. ***p < 0.01, **p < 0.05, *p < 0.10. Robust standard
errors clustered at the product level in parentheses.

4.3. Heterogeneous analysis

The main results and mechanism tests showed
that customer endorsement demonstrates an overall
negative effect on customer post-purchase satisfaction
through the underlying informational and normative
influence effects. In this section, we further conducted
heterogeneity analyses to explore potential factors that
could affect the relative strength of customer
endorsement on subsequent customer post-purchase
satisfaction.  Specifically, we chose customer
engagement as one prominent factor of a customer
endorsement. We also chose a key factor of the
product, product insurance service, to investigate
whether the effect of PCE is dependent on these
factors.

4.3.1. Customer engagement. Once a PCE is posted,
other customers can comment on the endorsement,
usually including praise for the endorsement and
further information exchange related to the product.
High customer engagement (e.g., numerous comments
on an endorsement) can create visible social proof that
intensifies normative influence. Such amplified
normative influence will also dominate the
informational influence, since the additional
information in comments needs higher cognitive effort
for subsequent customers. Therefore, we expect that
higher customer engagement will both enlarge
normative influence and informational influence, with
the normative effect being larger than the
informational effect. To empirically examine this
question, we divide all of the treated products into two
groups: high and low customer engagement groups
based on the median number of comments to the
endorsement, and we investigate the effects separately
for each group. From the results in columns (2) and (3)
in Table 5, the effect of customer endorsement is
significant and negative only in the high-customer
engagement group, indicating that the normative effect
is larger than the informational effect, and therefore,
customer endorsements with high engagement hurt
subsequent customers’  post-purchase satisfaction.
Table 5. Heterogeneous effects of customer

engagement

Variables ProductRating

(1) Base (2) Low (3) High
Endorsement —0.095%** -0.067 —0.085%**

(0.028) (0.048) (0.040)
Controls Yes Yes Yes
Product FE Yes Yes Yes
Week FE Yes Yes Yes
Observations 34,720 17,276 17,444
R-squared 0.564 0.561 0.576

Page 3075



Note. ¥**p <0.01, **p <0.05, *p <0.10. Robust standard
errors clustered at the product level in parentheses.

4.3.2. Insurance services. Insurance service, such as
the return insurance, has been shown as an effective
signal of high product quality (Zheng et al., 2023). We
expect that insurance services will give rise to higher
expectations and exaggerate the normative influence
in the customer purchase process, therefore amplifying
the decline in post-purchase satisfaction. To examine
the moderating effect of the number of insurance
services on subsequent product ratings, we add an
interaction term of the Endorsement and
InsuranceServiceit in the model specification as
shown in Equation (3), where InsuranceServiceit
means the number of insurance services that are
provided for product i at time ¢.

ProductRating;; = Bo + f1Endorsement;,
+ f,Endorsement;,
X InsuranceService;;
+ yControls; + pu; + 6, + €;¢
3)
The results in column (1) of Table 6 show that the
coefficient of the interaction term is marginally
significant and negative, meaning that for products
that offer a broader range of insurance services, PCE
tend to have a more negative impact on subsequent

outcome variables because no treatment effect is
possible before the treatment event has actually
occurred. Table 7 illustrates the results of the placebo
tests. We can observe that PCE has nonsignificant
effects on product rating when randomly setting
falsification events, thereby validating the robustness
of our causal inference.
Table 7. Treatment effects over time

Variables ProductRating

1) ) 3)
Endorsement -0.020 -0.013 -0.013

(0.021)  (0.021)  (0.025)
Controls Yes Yes Yes
Product FE Yes Yes Yes
Week FE Yes Yes Yes
Observations 34,176 34,176 34,176
R-squared 0.563 0.563 0.563

ratings.
Table 6. Heterogeneous effects of insurance
service
Variables ProductRating
(1) )
Endorsement —0.095%** 0.041
(0.028) (0.080)
Endorsement x -0.047*
VideoDisclosure (0.027)
Controls Yes Yes
Product FE Yes Yes
Week FE Yes Yes
Observations 34,720 34,720
R-squared 0.564 0.564

Note. ***p < 0.01, **p < 0.05, *p <0.10. Robust standard
errors clustered at the product level in parentheses.

4.4. Placebo test

The traditional DID strategy faces the concern
that some random events other than the treatment
event drive the changes in product ratings. We
alleviated the concern by conducting a series of
placebo tests. Specifically, we randomly set false
events at arbitrary times (i.e., one, two, and three
weeks) prior to the actual treatment event and used the
new samples to re-run the DID estimations. These
events should not have significant effects on the

Note. ***p <0.01, **p < 0.05, *p <0.10. Robust standard
errors clustered at the product level in parentheses.

4.5. Parallel trend assumption

The classical DID estimation largely relies on the
parallel trend assumption, which denotes that the
product rating in the treatment group should have a
similar trend to the control group before being treated.
We evaluate the parallel trend assumption by using a
relative time model to plot dynamic coefficients across
periods relative to the timing of the treatment.
Specifically, we estimate the relative time model in
Equation (4):

m
ProductRating;; = By + Z aj (Pre;(j) X Treat;)
j=1

n

+ Z vj (Prey (k) x Treat;)
k=0

+ AControls; + 6; + puy + &;¢

4)
The newly added Pre;(j) is an indicator variable
that equals one if week ¢ is j weeks prior to the
treatment. Post;(k) is an indicator variable that equals
one if week ¢ is j weeks after the treatment. Following
prior studies (Deng et al., 2022; Guan et al., 2023), we
set all the pretreatment periods that are greater than or
equal to six weeks prior to the treatment into one
dummy. Similarly, we assemble all the post-treatment
periods that are greater than or equal to six weeks after
the treatment into one dummy. To avoid the dummy
variable trap, we used Prei(—1) as the baseline and
omitted it from the estimation. Figure 1 visually plots
the estimation results of the relative time model, which
reveals that the product ratings have no systematic
differences between the treatment and control groups
during the pretreatment periods, thereby confirming
the parallel trend assumption.
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Figure 1. Treatment effects over time
4.6. Staggered treatment effect

The staggered DID design may yield biased
estimates because the treatment group receives
treatment at different times. The estimator for the two-
way fixed effect model in the staggered DID approach
is a weighted sum of many different treatment effects,
which may generate negative weights when the
average treatment effects are heterogeneous across
groups or periods (Goodman-Bacon, 2021). To
alleviate the concern, we first conducted the
Goodman-Bacon decomposition and two-stage DID
analyses. First, we conducted the decomposition
theorem proposed by Goodman-Bacon (2021) and
plotted the 2*2 DID estimators with their
corresponding weights. The 2*2 DID estimators
derive from comparisons between different groups: (i)
timing and (ii) never vs. timing. Table 8 illustrates the
results of the Goodman-Bacon decomposition. We can
observe that the majority of the estimated treatment
effects (94.2%) are from the second -category
comparison, which is a reasonable comparison
between control units (i.e., never) and treated units
(i.e., timing). Meanwhile, the first -category
comparison (5.6%) receives a much smaller weight
compared with the second category comparison
(94.2%), suggesting that the variation in treatment
effects did not substantially bias our results.

Table 8. Goodman-Bacon decomposition results
DID comparison Coffeicient Weight

Timing groups -0.072 0.056
Never treated vs. timing  -0.098 0.942
Within 0.507 0.003

5. Conclusion and discussion

By examining the causal effects of PCE on
product ratings and uncovering the underlying
mechanisms, this study addresses a critical gap in prior
IS research that overlooks the influence of prevalent
PCE strategy, especially in post-purchase stages.
Using a comprehensive dataset of 34,720 observations
across 2,170 products, we demonstrate that PCE exerts
a net negative impact on product ratings, reducing
them by 9.5% on average. Our findings underscore the
complex underlying informational and normative
social influences, revealing that normative social
influence dominates in driving PCE’s negative effects.
Furthermore, we identify customer engagement and
insurance service availability as contextual factors that
amplify this negative relationship.

Our study offers several theoretical contributions.
First, PCE in social commerce has been widely
adopted as an influential strategy to persuade
customers into purchases. However, the effectiveness
of PCE has not been empirically examined in previous
research. Leveraging the difference-in-difference
method and multiple robustness checks, this study first
reveals the negative impact of PCE, thereby
contributing to the social commerce literature. Second,
while ICE has been extensively studied for its role in
driving sales during pre-purchase phases, the role of
PCE and its downstream effects on product ratings
remains underexplored. Thus, we advance literature
on social commerce endorsement by shifting the focus
from ICE to PCE during the post-purchase stage.
Third, our study enriches social influence theory by
contextually identifying how two types of social
influences (i.e., informational and normative social
influences) operated by PCE in the social commerce
platform. We also show how context-specific factors,
like customer engagement and insurance services, can
serve as the boundary of social influence, moderating
the impact of PCE in the social commerce platform.

Our study also offers implications for
practitioners. First, sellers should recognize that PCE
is not universally beneficial but can undermine
product ratings if customers' expectations are
mismanaged. To mitigate potential risk, sellers
promoting PCE should explicitly communicate
product limitations or provide detailed usage scenarios
to align consumer expectations with reality. Second,
platform providers should design a more effective
customer endorsement system, in which subsequent
customers can be more informed and see the reliable
endorsements. For instance, providers may consider
incorporating Q&A  sections with customer
endorsements that could help consumers have more
thorough assessments about peer recommendations.
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While our study advances the understanding of
PCE in social commerce, it is subject to several
limitations. First, our study only investigates the
impact of PCE on product rating. Future research may
study other business outcomes, such as sales. Second,
future work can extend our work by exploring other
heterogeneity effects of PCE, such as product type
(i.e., search product or experience product). Third, our
dataset is from a single platform in China, limiting
generalizability. Future studies across diverse
platforms and cultures may help reveal whether PCE’s
effects vary in different contexts.
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