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Abstract
Communication on online review platforms has Please check if the affiliations are captured and presented correctly and amend 
if necessarytraditionally involved reviewers detached from the entities under review. However, many platforms have now 
introduced the capability for targets (e.g., business owners) to respond directly to reviews, thereby transforming the nature 
of interactions within review spaces. This change indicates that reviewers may now engage with both a general audience 
and the review targets themselves. To address this shift, this study explores how targets’ responses influence subsequent 
reviews by investigating changes in review characteristics such as length, cognitive content, and affective expression. Yelp 
and TripAdvisor have permitted businesses to respond to reviews since 2009; thus, data from these platforms were used to 
employ a difference-in-differences model to analyze the impact of response intensity, response diversity, and review-response 
similarity on subsequent review attributes. Our findings indicate that greater response intensity and diversity are positively 
associated with the length of the text and the cognitive language used in subsequent reviews. Moreover, higher review-
response similarity enhances the affective tone of subsequent reviews. These results highlight the complex impact of review 
responses from the reviewed targets on review space by changing platforms’ information quality and relationship dynamics.
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Introduction

In the context of computer-mediated communication, two 
parties—the sender and receiver—communicate through 
a specific channel (Walther, 1996). When this channel is 
a product or service review platform, the online review 
becomes a form of communication between reviewers 
(Moore & Lafreniere, 2020). Specifically, message send-
ers are those who write reviews to express their opinions, 
and receivers read the reviews to gather information. In the 
review context, senders and receivers were initially similar, 
as they were distanced from the review target. That is, com-
munication on review platforms was limited to past, current, 
and potential consumers and did not involve the review tar-
get. However, this has changed as some platforms now allow 
a review target (e.g., the owner or manager of a reviewed 
business) to respond to reviews. Prior to this, reviewers may 
have been uncertain about whether their voices were heard; 
however, the targets’ ability to respond now signals that 
reviewers’ messages are being monitored (Chevalier et al., 
2018). This shift indicates that reviews can be written not 
only to provide useful information to other consumers but 
also to business owners. Although businesses’ actions are 
similar to those of reviewers in receiving and sending mes-
sages, they differ in that they focus on their own business 
in response to reviews. As these responses can signal busi-
nesses’ attitudes and expectations (Chen et al., 2019; Deng 
& Ravichandran, 2024), their existence may influence how 
reviewers write messages (Hung et al., 2024) and thus affect 
the overall dynamic of review spaces.

Most prior studies on review responses have understood 
them as a business strategy for improving customer-related 
business performance by decreasing the adverse impact 
of negative reviews and magnifying positive ones (Deng 
& Ravichandran, 2024; Ku et al., 2024; Li et al., 2018; 
Rathjens et al., 2023; Wang & Chaudhry, 2018; Wu et al., in 
press). Particularly, these studies focus on ratings (Hung 
et al., 2024; Proserpio & Zervas, 2017; Ren et al., 2024; 
Sheng et al., 2021; Wu et al., in press), customer emotions 
(Hung et al., 2024), consumption likelihood (Wang et al., 
2020), and revenue growth (Wu et al., in press). However, 
this perspective of considering responses as strategies may 
limit the understanding of the review space in the era of 
artificial intelligence (AI). As AI technology becomes 
increasingly prevalent, it allows for the creation and cus-
tomization of responses at a significantly lower cost (Tan 
et al., 2025; Zhang et al., 2025). This makes it easier to 
achieve customer-related performance goals with relatively 
little effort. Consequently, the immediate outcomes of these 
responses may provide clearer insights into how the review 
landscape will evolve in the near future, rather than focus-
ing solely on strategic efforts and subsequent performance 

metrics. It is important to recognize that understanding 
the changes in review dynamics, prompted by the ability 
of review targets to respond, requires a perspective that 
goes beyond businesses’ strategic initiatives for managing 
reviews.

In addition, prior to review targets’ participation, reviews 
were primarily created and consumed by a relatively homo-
geneous group whose main intention was to decide whether 
to use certain products or services. In contrast, targets differ 
from consumers in their intentions, as their ultimate goal is to 
shape consumers’ perceptions and influence their behaviors 
(Lopes et al., 2023; Wang et al., 2020). Targets’ participation 
affects subsequent reviews by changing the atmosphere and 
overall informational value of the review space, potentially 
influencing how these spaces evolve. Numerous studies on 
online communication have examined how prior users’ mes-
sages affect subsequent communication (Choi et al., 2022;  
Flanagin, 2017). However, most research has overlooked 
the role of participant heterogeneity in shaping subsequent 
reviews. Thus, investigating review space dynamics from the 
perspective of user heterogeneity can provide deeper insights 
into how communication evolves when past interactions influ-
ence future ones.

Therefore, this study aims to explore how the responses of 
a target influence the nature of subsequent reviews. It seeks 
to explain the impact of these responses by examining how 
they alter the dynamics of the review space, specifically in 
terms of review length as well as the cognitive and emotional 
characteristics of later reviews. Review length is important as 
it can indicate the helpfulness of a review (Lutz et al., 2022; 
Mudambi & Schuff, 2010), thereby influencing the audience’s 
evaluation (Mudambi & Schuff, 2010). Cognitive character-
istics refer to a review’s informativeness (Wang et al., 2023), 
signaling its information quality (Mackiewicz & Yeats, 2014). 
Perceptions of a review may affect readers’ evaluations of 
products and services (Jiang et al., 2021); thus, the perceived 
helpfulness and informativeness of reviews can impact con-
sumers’ overall evaluation of the review space and the quality 
of the information it provides. Affective characteristics often 
refer to the relational value of a review (Huang et al., 2017). 
A review space ultimately acts as a communication channel 
between users; thus, its relational value can affect how those 
within the space communicate through reviews (Derks et al., 
2008). Therefore, review length as well as cognitive and affec-
tive language can help explain review space characteristics.

To answer our research question, we implemented a 
difference-in-differences model using field data from two 
leading restaurant review sites, Yelp and TripAdvisor, which 
have both allowed business owners to respond to reviews 
since 2009. In our research design, the treatment group 
consists of 43,747 reviews from 56 restaurants that began 
allowing review responses during the observation period, 
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whereas the control group includes 27,952 reviews from 37 
restaurants that did not implement this feature. To under-
stand how responses affect subsequent review characteris-
tics, we first capture these characteristics in three aspects: 
the frequency of responses (response intensity), the diversity 
of responses in terms of length (response diversity), and the 
textual similarity between responses and reviews (review-
response similarity). Then, we test how they affect the length 
as well as the cognitive and affective characteristics of sub-
sequent reviews.

The following section provides a detailed review of the 
existing literature related to our research and its theoretical 
background. Following this, we suggest our hypotheses and 
test them using empirical analysis. We then discuss the results 
in detail. The practical and theoretical implications of the find-
ings are presented alongside the limitations and suggestions 
for future studies.

Literature review

Review responses as a strategy to enhance business 
performance

Reviews have become a dominant information source on 
platforms. Consumers’ value reviews as they offer evalu-
ations of products and services (Lee et al., 2021; Ruiz-
Mafe et al., 2018). For instance, consumers may choose 
to access reviews to support their decision-making before 
purchasing products, visiting restaurants, reserving hotels, 
or ordering food (Sun et al., 2019). Previously, businesses 
had little control over the situation; however, they can 
now engage on such platforms by responding to reviews. 
These responses are of managerial importance as they can 
enhance customer engagement and enable the delivery of 
customized services and experiences (Lopes et al., 2023; 
Wang et al., 2020). Consequently, many researchers have 
studied the effectiveness of review responses. Most litera-
ture in this domain views review responses as strategic 
customer management initiatives; thus, the predominant 
areas of interest within these studies can be summarized as 
follows: (1) which aspects of a business can be improved 
based on the responses, and (2) what kinds of response 
strategies can be implemented and how those strategies 
can be articulated depending on the situation.

For the benefit of businesses, related research has stud-
ied the effect of responses on increasing review volume 
(e.g., Lopes et al., 2023; Proserpio & Zervas, 2017; Xie 
et al., 2014), as a sufficient volume is necessary for lever-
aging reviews for strategic business use. Studies have also 
examined how to use responses to increase review useful-
ness (Zhou et al., 2023) and decrease the harm of negative 

reviews (Li et al., 2018; Wang & Chaudhry, 2018). These 
actions can help improve customer-related performance indi-
ces, such as ratings (Proserpio & Zervas, 2017; Ren et al., 
2024; Sheng et al., 2021; Wu et al., in press), customer emo-
tions (Hung et al., 2024), consumption likelihood (Wang 
et al., 2020), and revenue growth (Wu et al., in press). Spe-
cifically, Li et al. (2018) found that responses can indeed 
mitigate the adverse impact of negative reviews by reducing 
the attribution of these reviews to the target firms. Further-
more, Wu et al. (2024) distinguished between the impacts 
of responses to positive and negative reviews, finding that 
the ratio of review responses to positive reviews leads to 
an increase in subsequent customer review ratings and rev-
enue. However, the ratio of review responses to negative 
reviews can decrease customer review ratings and revenue 
in the short run, but still contribute to improvements in the 
long run, suggesting that, although the effect timing varies 
depending on the review type, responses can help improve 
product and business-related performance.

As the impact of the responses becomes clear, researchers 
have begun to examine various response strategies. Some 
have emphasized the review-response pair strategy, which 
compares responses to the corresponding reviews, such as 
addressing a reviewer in a response (Chen et al., 2019; Kumar 
et al., 2018; Zhang et al., 2024), tailoring response topics 
similar to the corresponding review (Deng & Ravichandran, 
2024; Wu et al., in press; Zhou et al., 2023), and using a simi-
lar language style in responses (Darani et al., 2023; Ren et al., 
2024). Others have focused on a response variation strategy, 
which compares responses, including different responses to 
each review (Li et al., 2018; Liu et al., 2021; Lopez-Lopez 
et al., 2025), response promptness and intensity (Sheng et al., 
2021), and leaving rational or emotional cues in responses 
(Ravichandran & Deng, 2023; Zhang et al., 2023).

Specifically, Zhou et al. (2023) revealed that topic con-
sistency between the review response and the corresponding 
review can enhance helpfulness. Similarly, Ren et al. (2024) 
examined the effect of language style matching between 
reviews and responses and found that the match leads to a 
subsequent consumer rating increase. Furthermore, Ravi-
chandran and Deng (2023) found that responding to cus-
tomer complaints with rational cues rather than emotional 
ones can positively affect future review valence. Hung et al. 
(2024) also found that the emotions presented in previous 
reviews can impact subsequent reviews; thus, responses can 
be used to regulate these emotions, such as by expressing 
gratitude to reinforce positive emotions and apologizing, 
explaining, and empathizing to address negative emotions. 
Further delving into these strategies demonstrates the impor-
tance of articulating and tailoring a response depending on 
the situation. For instance, Li et al. (2018) suggested that 
when dealing with product failure reviews, accommodative 
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responses are more effective than defensive ones; however, 
when confronting general negative reviews, an opposing 
strategy is more ideal. Through experimentation, Wang 
et al. (2020) revealed that using highly tailored responses 
to negative reviews can be a good strategy for fostering 
consumption intentions, as the response’s applicability to 
reviews can likely address complaints. However, for positive 
reviews, a less tailored response may be more effective, as 
highly tailored ones may be perceived as simply reiterating 
the original message. They also examined three strategies 
for selecting which reviews to respond to in order to encour-
age continued consumption: responding to all, responding at 
random, or only responding to extreme reviews. They sug-
gested that random responses are more effective for positive 
reviews; however, all negative and extreme reviews should 
receive a response. Rathjens et al. (2023) examined the mod-
erating effect of restaurant ratings on the impact of responses 
to negative reviews and found that restaurants with relatively 
higher ratings were more effective at increasing customer 
satisfaction by providing tailored review responses to nega-
tive reviews. Additionally, Zhou et al. (2023) revealed that 
topic consistency between reviews and responses enhances 
review helpfulness when the positive emotional intensity in 
the review is high. Deng and Ravichandran (2024) catego-
rized reviews based on review sentiment and evaluation cri-
teria and determined which response strategies—tailored or 
standardized—are more effective. They found that a tailored 
response is more appropriate for reviews with both posi-
tive and negative sentiments that evaluate service or prod-
uct characteristics or reviews with only positive sentiments 
evaluated by a reviewer’s subjective criteria. Conversely, 
standardized responses are ideal only for positive reviews 
that evaluate product characteristics or reviews that are both 
positive and negative, based on subjective criteria. Jin et al. 
(2023) investigated the role of personalized review responses 
and demonstrated that these responses enhance review help-
fulness. Their findings were moderated by review inconsist-
ency (negative ratings with positive textual sentiment) and 
mediated by perceived response helpfulness. That is, per-
sonalized review responses to inconsistent negative reviews 
significantly shape consumers’ helpfulness assessments of 
reviews through perceptions of review helpfulness. Further-
more, Ku et al. (2024) showed that appropriate response 
strategies vary by situation. For example, active-constructive 
responses are suitable for increasing the impact of positive 
reviews, whereas passive-constructive responses can miti-
gate the damage from negative reviews.

Although the previous literature has provided valuable 
knowledge on online reviews and responses, considering 
responses solely as a business strategy may be an overly sim-
plistic approach to understanding the entirety of the review 
space. From this perspective, the goal of responses is per-
ceived as increasing customer-related performance metrics 

such as ratings and purchase intentions. Although examin-
ing the effects of strategically tailored response efforts on 
customer-related performance metrics provides valuable 
insights for businesses, understanding these responses as 
strategic endeavors may fail to address the reality of review 
spaces, as it becomes increasingly easy to manipulate 
responses and the resulting customer-related performance 
metrics. Recent research has shown that AI can easily gener-
ate review responses resembling those written by humans, 
and people tend to react in the same way they do to human 
responses unless they are aware they are AI-generated (Tan 
et al., 2025; Zhang et al., 2025). As AI adoption expands 
across industries, the importance of response-tailoring strat-
egies may diminish as reviewers take response efforts for 
granted. Therefore, moving away from using responses as a 
strategy to improve business performance, it is necessary to 
examine the more immediate consequences of responses to 
extend and enrich our knowledge on the topic. We believe 
understanding responses as a fundamental form of commu-
nication and how they change online review space dynamics 
can help achieve this goal.

Review responses from the perspective of online 
review space dynamics

Existing studies on online communication have focused 
on the importance of changes in the communication space, 
shown by shifts in users’ communication styles. These stud-
ies tend to focus on how the social features in communi-
cation spaces (Lopes et al., 2023; Tep et al., 2022) or the 
characteristics of original posts on social media (Qian et al., 
2023) affect dynamics. However, few have investigated the 
impact of interactions between reviewers and business own-
ers on subsequent reviewers’ behavior from the perspective 
of online communication and space dynamics in the online 
review context. Therefore, understanding the changes in 
review space dynamics is important from the perspectives 
of both online communication and business performance. 
If reviews change due to responses, the entire review space 
and the resulting information can also be altered. Numerous 
studies in various fields have already shown how responses 
can change reviewers’ contribution efforts (Sheng, 2019) and 
perceptions toward review systems (Xu et al., 2020), sug-
gesting that a target’s responses can influence review space 
dynamics.

We propose that social presence may be behind this 
dynamic change. Social presence refers to “the degree of 
salience of the other person in the interaction and the con-
sequent salience of the interpersonal relationships” (p.65, 
Short et al., 1976). In a computer-mediated communication 
environment, social presence is defined by the individuals’ 
awareness of their connections with others or their interac-
tivity (Huang et al., 2017). In online spaces, users’ sense 
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of social ambience (referred to here as social presence) is 
shaped by cues such as text, voice, or visual aids (Hess et al., 
2009; Sia et al., 2002).

When social presence reaches a certain level, it can influ-
ence how users behave in a space. For example, higher social 
presence can enhance positive attitudes (Cyr et al., 2007), 
foster agreeableness (Hess et al., 2009), and affect how indi-
viduals express their preferences, opinions, and even hostil-
ity (Pu et al., 2020). A stronger presence tends to encourage 
individuals to present themselves more positively (Molinillo 
et al., 2018) and alters linguistic patterns, such as the use 
of cognitive or affective words, through changes in mental 
processing (Huang et al., 2017).

Given its behavioral impact, building social presence 
through appropriate tools and strategies has become a 
key interest for those managing online spaces (Kou et al., 
2025). In the online review space, social presence is pri-
marily constructed through user-generated reviews. When 
the target (e.g., a business owner) being reviewed gains the 
ability to respond to reviews, the combination of reviews 
and responses jointly shapes the perceived social presence. 
Although the target cannot directly control reviews, their 
responses are under their control. Thus, they may strategi-
cally decide how to respond. As a result, social presence can 
be established through response frequency, reply prompt-
ness, and message content (Sheng et al., 2021). Active and 
thoughtful responses can signal that the reviewer’s com-
ments are being monitored and valued, thereby increasing 
feelings of social presence (Shen et al., 2015) and eventually 
changing the dynamics of the review space.

In this study, we take the perspective that the target’s 
response management is a form of social presence, exam-
ining how such cumulative efforts influence the overall 
dynamics of online review spaces.

Linguistic changes due to shifts in review space 
dynamics

Review characteristics are inherently represented by linguis-
tic features, as the dynamics of a review space are deter-
mined by how people send and receive review messages, 
and the reviews are primarily written in text. In particular, 
the function of reviews extends beyond merely transmitting 
facts about a product. Rather, they also allow consumers to 
express their subjective experiences, emotions, and senti-
ments (Fan et al., 2022; Park et al., 2023). Such character-
istics highlight that online reviews embody not only infor-
mational value but also relational value. The coexistence of 
these two dimensions implies that both value types can exert 
a salient and consequential influence on potential consum-
ers’ decision-making processes and review authors’ moti-
vations. For example, the cognitive and affective processes 

guiding a writer’s choices can be discerned through linguis-
tic features like word selection (Wang et al., 2023). The emo-
tions represented in word choices can impact the affective or 
cognitive mode of those who read the text and further influ-
ence their writing behaviors (Greifeneder et al., 2011). This 
suggests that the linguistic features of a review affect the 
tone and demeanor of the associated platform, thereby shap-
ing its overall atmosphere (Hou & Ma, 2022). Examining the 
linguistic patterns in subsequent reviews offers insights into 
how responses shape the broader discourse within the review 
space, providing a more stable and less easily manipulated 
indicator of the underlying dynamics (Lopes et al., 2023). 
Moreover, as AI-generated responses aim to increase cus-
tomer satisfaction, they can help enhance a firm’s financial 
performance; thus, it is important to examine how strategi-
cally tailored responses reshape the dynamics of the entire 
review space by influencing the language used in subsequent 
reviews, rather than solely focusing on customers’ immedi-
ate reactions.

Particularly, this study focuses on changes in review 
space dynamics by examining the linguistic features of sub-
sequent reviews, represented by text length (Pu et al., 2020), 
which can indicate the helpfulness of reviews (Lutz et al., 
2022; Mudambi & Schuff, 2010; Zhou et al., 2023) and word 
choice, referring to text sentiment (Huang et al., 2017). Spe-
cifically, word choice encompasses the cognitive characteris-
tics that determine a review’s informativeness (Wang et al., 
2023) and the affective characteristics that imply its rela-
tional value (Huang et al., 2017). Therefore, we investigate 
how response delivery induces subsequent review generation 
by examining text length (Sun et al., 2019) and the cognitive 
or affective characteristics in texts (Li & Huang, 2020) to 
explore how review space dynamics change.

Hypotheses development

To explore how review responses affect the dynamics of 
review spaces, we analyze the characteristics of subsequent 
reviews in terms of text length and the cognitive and affec-
tive language used by investigating how responses and their 
content are managed and tailored. Based on a synthesis 
of the existing literature, we examine response intensity, 
response diversity, and review-response similarity.

Studies on response intensity suggest it acts as a signal 
from respondents that they are indeed engaged in the review 
space (Sheng et al., 2021). Literature on response strategy 
also emphasizes its importance, specifically in responding 
to reviews in a tailored manner (Li et al., 2018; Wang et al., 
2020). Responsiveness can be measured based on response 
diversity, referring to varied writing styles instead of stand-
ardized responses (Sheng et al., 2021), and review-response 
similarity, which is the textual similarity between the review 
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and the associated response (Deng & Ravichandran, 2024; 
Wang & Chaudhry, 2018; Zhou et al., 2018).

The impact of response intensity

This study defines review response intensity as the fre-
quency with which a business responds to reviews on a 
review page. This intensity indicates responders’ concerns 
over reviewers’ reactions to products or services (Song & 
Tian, 2020). As the communication between reviewers and 
responders is public and thus visible to all participants in 
the review space (Wei et al., 2013), the response intensity 
signals that future reviews will likely be read (Cheung et al., 
2014). It also indicates responders’ willingness to address 
reviewers’ feedback and improve their products or services 
(Zhang et al., 2019). Therefore, the positive signal from high 
response intensity favorably affects reviewers’ perceptions 
of products or services (Sheng et al., 2021) and their trust 
in them (Sparks et al., 2016), thus enhancing their online 
engagement (Kwok & Xie, 2016; Li et al., 2017; Xie et al., 
2014). Greater engagement means that reviewers spend more 
time and effort in review spaces, which can also be reflected 
in longer reviews (Grewal & Stephen, 2019; Pan & Zhang, 
2011). Thus, we argue that response intensity can increase 
review length and propose the following hypothesis:

H1: The more review responses on a review page, the 
longer the length of subsequent reviews will be.

The impact of response diversity

Regarding review response diversity, if responses are tai-
lored to vary their content, readers assume the respond-
ers prioritize communication with reviewers (Xu & Zhao, 
2022). In contrast, if responses are uniform, often repre-
sented by automatically generated response content, review-
ers may feel that the responders are unconcerned (Sheng 
et al., 2021) and lack effort, attention, and sincerity (Wu 
et al., 2024). Thus, reviewers may consider these responses 
less credible and even perceive them as general advertise-
ments (Mauri & Minazzi, 2013). Uniform or monotonous 
responses that do not offer additional information are per-
ceived as less effective (Palese et al., 2021). In contrast, 
diverse responses, along with reviews, provide readers 
with more useful information about products or services. 
As reviews can include reviewers’ heterogeneous prefer-
ences (Li & Hitt, 2008), the responses can provide further 
information in meeting these diverse preferences, implicitly 
offering readers guidance on how to process the information 
to address their needs (Garaus et al., 2015; Gillespie et al., 
2018; Kopp et al., 2018). Comprehending diverse responses 
inevitably requires readers’ cognitive processing (Jackson 
& Farzaneh, 2012; Sun et al., 2019). Due to social norms, 

people feel pressured to engage in behaviors similar to those 
in their social surroundings, even in online review spaces 
(Choi et al., 2022). Thus, readers who use cognitive process-
ing to comprehend information will also apply this same 
process when writing reviews. In other words, when review-
ers find review spaces informative due to diverse responses, 
they may feel they should also leave informative reviews by 
using more cognitive language to provide information and 
constructive feedback.

Additionally, a more informative review space is often 
characterized by longer reviews. The text length of online 
reviews can serve as an indicator of quality (Chua & Baner-
jee, 2015) and reflects the reviewer’s level of involvement 
(Pan & Zhang, 2011). Prior studies have consistently shown 
that longer reviews contain more detailed descriptions and 
specifics about consumers’ experiences, providing readers 
with more useful information to make informed decisions 
(Chevalier & Mayzlin, 2006; Srivastava & Kalro, 2019). 
Therefore, we suggest that review response diversity posi-
tively affects review informativeness, particularly by increas-
ing the cognitive language used in subsequent reviews and 
their length. Thus, we propose the following hypothesis.

H2: The more diverse the responses become, (a)the more 
cognitive language and (b) the longer the length will be 
in subsequent reviews.

The impact of review‑response similarity

Regarding review-response similarity, if a responder uses 
language similar to that of a reviewer, the reviewer may per-
ceive an enhanced intimacy with the responder (Sheng et al., 
2021). Active listening theory emphasizes the importance 
of engaging with what reviewers express by using tech-
niques such as repeating, paraphrasing, and adapting lan-
guage. These actions are essential for building connections 
and improving communication effectiveness (McMains & 
Lanceley, 2003; Vecchi et al., 2005; Wu et al., in press). Sim-
ilarly, empathy theory suggests that responses that signifi-
cantly align with review content demonstrate personalized 
attention, helping to alleviate reviewers’ adverse feelings 
by showing that the responders understand their emotions 
(Dickinger & Bauernfeind, 2009). Thus, such empathetic 
responses are expected to influence subsequent reviewers’ 
positive evaluations and emotions (Ren et al., 2024; Zhang 
et al., 2020). The empathy, intimacy, and emotion estab-
lished in the review space through review-response textual 
similarity can increase the use of affective language in sub-
sequent reviews. Therefore, we hypothesize the following:

H3: The more similar the textual form of a response is 
to a review, the more affective language will appear in 
subsequent reviews.
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Empirical strategy

Data

We obtained our data from two leading restaurant review 
sites in the USA: Yelp and TripAdvisor. These sites adopted 
review response features in April and March 2009, respec-
tively, and in our dataset, TripAdvisor’s review response 
has appeared since July 2014. Yelp and TripAdvisor are 
appropriate for analyzing the impact of review responses on 

different platforms, as both have review response features 
and provide similar restaurant lists.

We collected review data for a matched set of restau-
rants in five major cities in the USA: New York, Los Ange-
les, Chicago, Philadelphia, and Phoenix. The data contains 
93 restaurants appearing on both websites from April 2004 
to July 2021, covering the periods before and after the 
platforms allowed review responses. Our dataset com-
prises review content, review responses, reviewer infor-
mation (such as the reviewer’s screen name and locality), 

Fig. 1   Yelp review page without 
review responses

Fig. 2   Yelp review page with 
review responses
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Fig. 3   TripAdvisor review page 
without review responses

Fig. 4   TripAdvisor review page with review responses

Table 1   Descriptive statistics of 
the target data

Before review 
responses

After 
review 
responses

Reviews Total number of reviews 39,460 32,239
Average number of reviews per restaurant 424.301 346.656

Responses Total number of responses 4,667
Average number of responses per restaurant 50.183
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and restaurant information (such as restaurant type, price 
range, and address). Figures 1, 2, 3, and 4 present screen-
shots of review pages for each website, and Table 1 dis-
plays the descriptive statistics of the target data.

Measurements

Dependent variables

We employed Linguistic Inquiry and Word Count (LIWC), 
a text analytics tool, to measure the linguistic features of 
reviews. LIWC calculates the scores of various sentiment 
categories within text documents based on the ratio of the 
number of words matched to previously defined keyword dic-
tionaries (Pennebaker et al., 2015). This tool has previously 
been used in online review literature (Ren et al., 2024), mak-
ing it relevant to our study. We leveraged LIWC’s word count 
measures for review j of restaurant i at time t ( ReviewLenijt ), 
the sentiment score for the cognitive language of review j 
of restaurant i at time t ( CognitiveLangijt ), and the senti-
ment score for the affective language ( AffectiveLangijt ) of 
review j of restaurant i at time t. Owing to high skewness, we 
employed a natural log for each measurement as a variable; 
thus, we used ln

(

ReviewLenijt
)

, ln
(

CognitiveLangijt
)

, and 
ln(AffectiveLangijt).

Independent variables

For responses, we measured ResponseIntensityijt (Sheng 
et  al., 2021), ResponseDiversityijt (Li et  al., 2018; Liu 

et  al., 2021; Lopez-Lopez et  al., 2025; Wu et  al.,  in 
press), and ReviewResponseSimilarityijt (Darani et  al., 
2023; Deng & Ravichandran, 2024; Ren et  al., 2024; 
Zhou et al., 2023), as shown in Table 2. Because of the 
high skewness of the variables, we employed the natu-
ral log for each independent variable; thus, we used 
ln(ResponseIntensityijt) ,  ln(ResponseDiversityijt) ,   and  
ln(ReviewResponseSimilarityijt).

Control variables

We controlled the factors related to review generation 
and considered the characteristics of the restaurant and 
the reviewer. As summarized in Table  2, we measured 
NumPriorReviewsijt (the natural log is used for this meas-
ure and is represented as ln

(

NumPriorReviewsijt
)

 , restau-
rant i’s menu type ( Menui ), the price range of restaurant i 
(PriceLinei ), and reviewer characteristics ( SameStateijt).

Analysis

We employed a difference-in-differences (DID) model to 
estimate the causal influence of review responses (Bertrand 
et al., 2004). The model uses continuous variables such as 
response intensity, response diversity, and review-response 
similarity as treatment variables. Notably, the restaurant on 
each website adopted review response features at different 
times. Therefore, we employed a two-way fixed effect DID 
model with continuous treatment and staggered timing (Call-
away et al., 2024). It provides a methodology for analyzing 

Table 2   Summary of the variable measurements

Variable type Variable Measurement

Independent variables ResponseIntensityijt The number of existing review responses within a focal restaurant review page at time t, at 
which review j of restaurant i was written

ResponseDiversityijt Variance of the length of existing responses at time t, at which review j of restaurant i was 
written

ReviewResponseSimilarityijt The sentence similarity between review responses and the corresponding review at time 
t, at which review j of restaurant i was written (generated by calculating the average simi-
larity score of existing review-response pairs using cosine similarity with a Word2Vec 
model)

Dependent variables ReviewLenijt The number of words contained in review j of restaurant i at time t
CognitiveLangijt The number of words that are associated with cognitive functions like thinking, knowing, 

and understanding (e.g., “because,” “not,” or “make”) divided by the total number of 
words contained in review j of restaurant i at time t

AffectiveLangijt The number of words that are related to emotions (e.g., “happy,” “sad,” or “fun”) divided 
by the total number of words contained in review j of restaurant i at time t

Control variables NumPriorReviewijt The number of existing reviews at time t, at which review j of restaurant i was written
PriceLinei Price level of restaurant i, categorized into five levels
Menui Restaurant cuisine type of restaurant i, categorized based on the description written on the 

restaurant review page (170 categories)
SameStateijt Whether the reviewer of review j of restaurant i at time t lives in the same city as the 

restaurant (1: in-state, 0: out-of-state)
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continuous treatment effects where the treatment timing dif-
fers across treated units. The following equation describes 
the estimation model. First, LinguisticFeaturesijt represents 
the dependent variables: ReviewLengthijt, CognitiveLangijt , 
and AffectiveLangijt . Second, ResponseFactorsijt repre-
sents the independent variables: ResponseIntensityijt , 
ResponseDiversityijt  ,  and  ReviewResponseSimilarityijt . 
AfterResponseijt represents whether a review was responded 
to at the time when it was written, and Controlsijt represents 
the control variables. Ri is a restaurant fixed effect, Tt is a 
time fixed effect, and Sj is a site fixed effect. Table 3 shows 
the descriptive statistics of the measurements.

Table 4 presents the correlation matrix, which shows the 
relationship between variables. If the correlation between 
these variables exceeds 0.9, the model is subject to multicol-
linearity (Chan et al., 2022). None of the pairs of independ-
ent and control variables in our model exceeds 0.9; therefore, 
our model is not subject to multicollinearity.

The following equation describes the estimation model. 
ResponseFactorsijt represents the independent variables, 
AfterResponseijt represents whether a review is responded 

to at the time it was written, and Controlsijt represent the 
control variables. Ri is a restaurant fixed effect, Tt is a time 
fixed effect, and Sj is a site fixed effect.

Results

Table 5 summarizes the impact of review response strat-
egies on the linguistic characteristics of subsequent 
reviews. Row1 of Table 5 shows the positive impact of 
response intensity on subsequent review length, support-
ing H1. Regarding the coefficient, a 1% increase in the 
number of review responses results in a 0.94% increase 

LinguisticFeaturesijt = �0 + �1ResponseFactorsijt

× AfterResponseijt

+ �2AfterResponseijt

+ Controlsijt + Ri + Tt + Sj

+ �ijt

Table 3   Descriptive statistics 
of the measurements 
(observations = 71,699)

Mean Std. Dev Range (min–max)

Independent variable ResponseIntensityijt 32.147 97.673 0–700
ResponseDiversityijt 137.097 242.233 0–1732.636
ReviewResponseSimilarityijt 0.059 0.067 0–0.380

Dependent variable ReviewLenijt 104.577 95.887 0–1670
CognitiveLangijt 9.318 4.438 0–40
AffectiveLangijt 8.667 4.759 0–50

Control variable NumPriorReviewijt 582.167 545.264 0–2688
PriceLinei 1.993 0.892 0–4
Menui 61.498 49.622 0–169
SameStateijt 0.617 0.486 0–1

Table 4   Correlation matrix

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

(1)ln
(

ResponseIntensityijt
)

1.000

(2)ln
(

ResponseDiversityijt
)

0.735* 1.000

(3)
ln

(

Review

ResponseSimilarity
ijt

)

0.732* 0.893* 1.000

(4)ln
(

ReviewLenijt
)

 − 0.032*  − 0.066*  − 0.053* 1.000

(5)ln
(

CognitiveLangijt
)

0.000  − 0.018*  − 0.019* 0.284* 1.000

(6)ln
(

AffectiveLangijt
)

0.050* 0.043* 0.054*  − 0.393*  − 0.159* 1.000

(7)ln
(

NumPriorReviewijt

)

0.295* 0.254* 0.227*  − 0.077* 0.027*  − 0.005 1.000
(8)PriceLineijt 0.089* 0.135* 0.158*  − 0.034*  − 0.034* 0.027* 0.024* 1.000
(9)Menui  − 0.249*  − 0.064*  − 0.141*  − 0.089*  − 0.072*  − 0.007  − 0.236* 0.337* 1.000
(10)SameStateijt 0.061 0.012* 0.015* 0.056* 0.046*  − 0.003  − 0.036*  − 0.127*  − 0.209* 1.000
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in subsequent review length. However, its impact on the 
other linguistic features was insignificant. These features 
include words reflecting cognitive or affective mental pro-
cesses 

(

In
(

CognitiveLangijt
)

, In
(

AffectiveLangijt
))

 . Row 
2 depicts the impact of review response diversity on the 
linguistic features of subsequent reviews. The results show 
that diversity positively affects subsequent review length 
and cognitive language, supporting H2. Based on the coef-
ficients, a 1% increase in review response diversity results 
in a 1.79% increase in the subsequent review length and a 
0.83% increase in the cognitive process language contained 
in subsequent reviews. That is, providing diverse feedback 
tailored to the content of each review encourages subse-
quent reviewers to share more personal experiences with 
logical articulation. The third row illustrates the impact of 
review-response similarity on subsequent review charac-
teristics; specifically, the similarity has a positive impact 
on the affective language used in subsequent reviews, sup-
porting H3. According to the analysis, a 1% increase in 
the textual similarity of responses and the corresponding 
review results in a 39.61% increase in the number of affec-
tive words in subsequent reviews. This result indicates that 
an increase in the number of tailored responses using simi-
lar wording to reviews contributes to a rise in the use of 
affective words such as “happy”, “sad,” or “annoyed” in 
subsequent reviews.

Figure 5 shows the marginal effects plots for the results 
of the hypotheses. The graph indicates that the impact 
of response intensity and diversity on subsequent review 
length, response diversity on the amount of cognitive lan-
guage in subsequent reviews, and review-response similarity 
on the amount of affective language in subsequent reviews 
are significantly positive. The shaded area represents the 

95% confidence interval, indicating the significance of the 
effects of each independent variable on the dependent vari-
able. The slope of the line indicates the effect size, corre-
sponding to the coefficients in the results tables. The first 
graph shows the impact of response intensity on subsequent 
review length. The graph shows a second gentler slope, indi-
cating the second smallest effect size as shown by the coef-
ficient (0.009) in Table 5. The finding indicates that as the 
business owner increases the frequency of their responses, 
subsequent reviewers are more likely to provide longer 
reviews. For instance, if a restaurant owner responded to 
100 out of 1000 reviews and increases response intensity by 
1%, resulting in 101 responses to reviews, the length of sub-
sequent reviews will increase by about 0.94%. This implies 
that the review space, once considered a unilateral channel 
of information sharing, is now recognized as a conversa-
tional community that encourages users to provide more 
information.

The second and third graphs illustrate the results for H2, 
which examine the impact of response diversity on subse-
quent review length and the amount of cognitive language 
used in subsequent reviews. The slope of the second graph 
shows the second steepest slope, showing the second largest 
effect size as shown by the coefficient (0.018) in Table 4. 
The third graph represents the impact of response diversity 
on cognitive language in subsequent reviews. It has the gen-
tlest slope compared to the other graphs in Fig. 5, indicating 
the least effect size, represented by the smallest coefficient 
(0.008) in Table 5. These results imply that response diver-
sity increases the quantity and quality of information in a 
review. That is, while the second graph reveals how business 
owners’ varying responses enhance the volume of informa-
tion, the third graph demonstrates that it also enhances the 

Table 5   The impact of review-response similarity

*p < 0.05; **p < 0.01; ***p < 0.001. Robust standard errors in parentheses

ln(ReviewLenijt ) ln(CognitiveLangijt ) ln(AffectiveLangijt)

ln
(

ResponseIntensityijt
)

× AfterResponseijt 0.009* (0.004) 0.004 (0.003)  − 0.002 (0.003)

ln
(

ResponseDiversityijt
)

× AfterResponseijt 0.018*** (0.005) 0.008* (0.004)  − 0.007* (0.003)

ln
(

ReviewResponseSimilarityijt
)

× AfterResponseijt  − 0.736** (0.243)  − 0.289 (0.188) 0.396** (0.149)
AfterResponseijt  − 0.019 (0.034)  − 0.016 (0.026)  − 0.001 (0.021)
ln(NumPriorReviewijt)  − 0.051*** (0.005) 0.002 (0.003) 0.006* (0.003)
PriceLinei  − 0.028** (0.010)  − 0.002 (0.008) 0.001 (0.007)
Menui  − 0.001*** (0.000)  − 0.001*** (0.000) 0.001*** (0.000)
SameStateijt 0.054*** (0.007) 0.031*** (0.005)  − 0.022*** (0.004)
Constant 6.170*** (0.056) 2.596*** (0.041) 1.436*** (0.035)
Restaurant fixed effect Included Included Included
Time fixed effect Included Included Included
Site fixed effect Included Included Included
R2 0.067 0.028 0.050
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informativeness of the review space. The last graph illus-
trates the impact of review response similarity on the affec-
tive language used in subsequent reviews. It contains the 
steepest line, visualizing the most significant effect size, 
represented by the largest coefficient (0.396) in Table 4. 
Notably, the effect size of review-response similarity appears 
substantially larger, indicating that the primary function of 
review responses is to enhance service quality and encourage 
customer revisits. Moreover, reviews can be understood not 
merely as means to convey information, but also as a way to 
express experiences and perceptions of a service or product.

Discussion

This study examines the effect of changes in review space 
dynamics resulting from strategic review responses on the 
linguistic features of subsequent reviews, using an empiri-
cal analysis of data from Yelp and TripAdvisor. The DID 
analysis shows that review response characteristics of the 
review space, such as response intensity, response diversity, 

and review-response similarity, affect subsequent reviews, 
thereby changing the overall characteristics of review spaces. 
As the number of responses increases, the subsequent review 
text lengthens, increasing its helpfulness. Responses that 
differ by review may indicate that businesses are attempt-
ing to be responsive to each reviewer’s needs, resulting in 
subsequent reviews that contain more information, longer 
text, and increased cognitive language. When responses use 
similar words to those in reviews, it signals that relationship-
building efforts are the norm, motivating reviewers to make 
comparable efforts in their writing, resulting in reviews that 
contain more affective language.

Moreover, we found several interesting additional findings 
through DID analysis. The increased intensity of responses 
in the review space only impacted the length of subsequent 
reviews, but response diversity positively affected both the 
length of subsequent reviews and the use of cognitive words. 
However, response diversity in the review space decreased 
the use of affective language in subsequent reviews (a 1% 
increase in response diversity resulted in a 0.74% decrease 
in the number of affective words in subsequent reviews). 

Fig. 5   Marginal effect plots of the hypothesized results
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Interestingly, review-response similarity decreased the 
length of subsequent reviews (a 1% increase in review-
response similarity decreased the length of subsequent 
reviews by 73.62%), while increasing affective language 
in subsequent reviews. These results suggest that response 
diversity and review-response similarity may create differ-
ent atmospheres in review spaces. When responses vary by 
review, it signals that a responder is trying to accommodate 
the diverse needs of reviewers, demonstrating that comments 
are highly scrutinized and responded to; thus, lengthy cogni-
tive texts expressing detailed concerns and opinions may be 
generated. In contrast, when responses repeat the reviewer’s 
words, it may hint that responders are mirroring language 
to communicate in a more affective way, as mirroring is 
an emotional approach for fostering closeness in relation-
ships (Pickering & Garrod, 2004). If brief communication 
is expected based on the previous reviews and responses, the 
subsequent reviews may follow this communication form.

We also identify the rationale behind this shift in review 
space through the lens of social presence theory. The change 
in the number of cognitive or affective words used by a com-
municator is one of the interesting consequences of social 
presence (Huang et al., 2017). When a reviewer expresses 
their emotions in a review (e.g., words like ‘happy,’ ‘sad,’ or 
‘fun’), they are less likely to express their cognitive process 
(e.g., words like ‘because,’ ‘not,’ or ‘make’), and vice versa. 
Affective and cognitive processes are usually regarded as 
opposing, suggesting that when individuals draw upon one, 
they do not rely on the other (Shiv & Fedorikhin, 1999). This 
may explain our analysis results, which show that affective 
language decreases when cognitive language increases under 
response diversity. In summary, the findings suggest that 
the presence and characteristics of review responses indeed 
change review space dynamics. Furthermore, social presence 
can explain the changes in reviewers’ writing behaviors.

Limitations and future research opportunities

This study’s findings have some limitations. First, as we only 
focused on one review type (i.e., restaurant reviews), the 
interpretation of the results should consider this particular 
review space, which encompasses both product (food) and 
service information. Therefore, examining product or ser-
vice review spaces separately may engender different results. 
Future researchers should consider applying the findings of 
this study to multiple review spaces to enhance their knowl-
edge on this topic.

Second, our analysis only focused on restaurants in the 
USA. As cultural background may affect communication 
style, future studies can enrich our findings by considering 
restaurants in different countries.

Third, we only examined the linguistic features of reviews 
but did not scrutinize the actual changes in the content of 
review topics. With the help of machine learning, such as 
topic modelling, future studies can expand the findings of 
our study by examining how the content changes.

Finally, we measured affective and cognitive language 
and discussed their informational and relational contribution 
to review spaces. Although previous literature suggests that 
affective and cognitive language represent informational or 
relational content, they are still proxies that do not directly 
measure information or the relational change of review 
spaces. Thus, caution is required when determining whether 
a review space is informational or relational. Future stud-
ies should develop information and relational indices that 
directly measure the characteristics of review spaces, utiliz-
ing text mining and machine learning to address both the 
linguistics and semantics of the text. These studies should 
also explicitly investigate review space quality in terms of 
informative and relationship values.

Managerial implications

Our study provides certain guidance for managers to imple-
ment in practice. First, the findings of this study have 
immediate implications for firm administrators who wish to 
manage online reviews. According to this study’s findings, 
managers can consider two strategy types depending on their 
business stage. If they are in the initial stage and are intro-
ducing new products or services to attract new customers, 
they may benefit from a review space that contains substan-
tial information that potential consumers may find useful. 
In this case, managers should leave many varied responses 
using cognitive language. However, if firms are experienc-
ing a weak brand image, reduced customer loyalty, or low 
repurchase rates, then customer relationship management 
is needed. Thus, managers may consider adopting response 
language similar to that in reviews.

Note that using these two response strategies requires 
caution, as review-response similarity contributes to short-
ening subsequent review length, which may be unhelpful in 
constructing informative review spaces. As this study’s find-
ings suggest, review-response similarity reduces the length 
of subsequent reviews, while the cognitive language induced 
by response diversity decreases affective language in those 
reviews. Therefore, managers should carefully determine 
which strategy to implement. What may be optimal is using 
a response diversity strategy with cognitive language when 
introducing products and services, and then waiting for the 
review space to become more informative. If products and 
services enter the mature stage, which requires customers 
to be emotionally supported rather than receive well-known 
product information, switching to a strategy of increasing 
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review-response similarity with affective language may be 
more helpful.

Second, new types of marketing channels have emerged 
in online communication platforms. For instance, influenc-
ers have become prevalent with the growth of social media, 
and influencer marketing can be used to sell products based 
on consumers’ recognition of influencers. In this context, 
online communication is a critical marketing strategy. As 
a new type of manager, how do influencers’ responses to 
their “followers” (i.e., the customers) affect their marketing 
performance? In this respect, this study offers insights to 
managers whose communication skills are crucial in today’s 
diverse marketing environments.

Third, the application of our findings can be extended to 
environments similar to review spaces, such as news com-
ment spaces. Professional moderators who utilize replies 
and counter-speech can leverage our findings to address 
malicious comments and foster healthy discussion. How-
ever, previous research has suggested that comments made 
by moderators are less effective than those made by other 
users (Naab et al., 2020). This may be because moderator 
comments cannot directly address or mitigate the hate and 
uncivil behavior of commenters. However, our findings sug-
gest that if a moderator carefully chooses their words, the 
entire review space may change over time. For example, if a 
moderator varies their responses using cognitive language, 
accurate information can override fake information; how-
ever, if a moderator adopts similar language to comment-
ers, particularly by using affective language, reviewers may 
recognize that there is a person who reads and cares about 
their comments. Again, this may not immediately change 
reviewers’ behaviors, but could shift the characteristics of 
the review space over time, subtly nudging the comment 
space to move in a more positive direction.

Theoretical implications

This study’s findings provide several theoretical implica-
tions. First, an immediate implication is that the results can 
enrich our knowledge of marketing communication. This 
finding aligns with the results of previous studies, which 
suggest that utilizing linguistic features as specific response 
strategies can enhance customer engagement and satisfac-
tion, as well as improve business performance (Han et al., 
2023; Ren et al., 2024; Xu & Zhao, 2022). Particularly, by 
examining specific response strategies characterized by var-
ying linguistic features, we explicitly show how managers’ 
communications with reviewers can change the length and 
language of subsequent reviews, helping to increase cus-
tomer engagement through manager responsiveness.

Second, moving beyond responses as a strategy, which 
has been the focus of existing marketing communication 
literature, our findings consider the entire review space, 

suggesting that a review response can indeed affect the 
dynamics of the entire space (Hung et al., 2024). Review 
responses were not part of the original concept of a review 
space, as it was initially considered that the existence of 
a person (or a business) directly involved as the target of 
reviews might disturb the free expression of opinions. Thus, 
our study attempts to understand the dynamic change in the 
review space following this intervention. The findings sug-
gest that managers’ involvement can change the review space 
by influencing the linguistic characteristics of subsequent 
responses. While the actions and their outcomes may be 
similar, changing our focus from marketing communica-
tions and customer performance metrics to the effects of 
responders’ interventions in online dynamics can enhance 
our understanding of collective behaviors in different digital 
environments. This shift can also broaden the interpretation 
and usage of the related phenomena. Possible issues result-
ing from this application include determining who responds 
to what and how responses should be formulated. For exam-
ple, to enhance deliberative democracy and prevent mali-
cious comments, professional moderators can be employed 
to address harmful speech in reviews. Our findings suggest 
that when moderation is applied thoughtfully, the dynamics 
of the review space can become more cognitively engaging 
and emotionally resonant.

Third, we present social presence as the driving mecha-
nism behind the dynamic change in the online review space. 
As social presence clarifies how people perceive their social 
surroundings and behave, it provides an appropriate lens to 
view the dynamic changes in online review spaces.

Fourth, we integrated and synthesized the previous litera-
ture, finding three essential decisions to make when tailor-
ing responses: (1) the frequency of responses (Sheng et al., 
2021), (2) the degree of response variation (Li et al., 2018; 
Liu et al., 2021; Lopez-Lopez et al., 2025; Wu et al., in 
press), and (3) the degree of a response’s resemblance to the 
corresponding review (Darani et al., 2023; Deng & Ravi-
chandran, 2024; Ren et al., 2024; Zhou et al., 2023). These 
decisions also relate to which components of the review 
space to focus on, such as actors, reviews, or responses. To 
integrate previous literature, we examined all three tailoring 
decisions, represented as response intensity, response diver-
sity, and review-response similarity. This approach can serve 
as a base framework for future studies in tailoring response 
strategies.

Fifth, another potential issue arises due to large language 
models (LLMs), which can automatically generate review 
responses. While LLMs make responding easier and faster, 
they may cause responses to lack a “human touch,” such 
as spontaneity or sincerity. In this case, researchers should 
shift their focus from merely examining how responsive-
ness influences review content to exploring how the review 
space itself is transformed. Our findings show that by just 
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varying linguistic characteristics, which LLMs can easily 
do, the atmosphere of the review space can be altered, lead-
ing to a shift in reviewer behavior. Therefore, understanding 
the reviews and responses from the perspective of changes 
in review space dynamics, as suggested in our study, can 
expand future studies on online reviews.
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