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ABSTRACT

This paper examines how adopting an automated review monitoring system (ARMS) allows
restaurants to translate consumer feedback into operational quality improvements. ARMS provides
automated alerts for negative reviews and facilitates backend work ticket management, reducing
the costs of identifying, prioritizing, and addressing issues revealed by customer feedback. Using
restaurant-level data on ARMS adoption and consumer reviews, we find that adoption increases
average star ratings, lowers the share of negative reviews, and raises the positivity of review text.
These improvements are not driven by strategic manipulation; they are greater for restaurants with
lower initial ratings and in dimensions previously flagged as poor by consumers, consistent with
the ARMS enhancing restaurant response to negative reviews. We also show that ARMS adoption
partially crowds out front-end managerial responses, indicating a substitution between operational
remediation and public replies, with the effect strongest when staff take a reflective approach to
negative reviews. Finally, adoption is associated with greater consumer engagement, reflected in
longer and more detailed reviews. Overall, our results suggest that online review systems, when
paired with operational technology, can drive substantive quality improvements beyond mere
reputation management.

Guangyu Cao Ginger Zhe Jin

Peking University Boston University

School of Economics Questrom School of Business

cgyl1l1l7@pku.edu.cn Markets, Public Policy & Law
and NBER

Shenghao He gzjin@bu.edu

Peking University
Guanghua School of Management
gsmhsh@pku.edu.cn



1 Introduction

Consumer reviews posted on digital platforms have become indispensable to both buyers and sellers.
By observing others” experiences, consumers learn about the quality of products and services (Fang,
2022; Lewis & Zervas, 2016; Moretti, 2011; Zhao et al., 2013), infer potential risks (Farronato & Zer-
vas, 2026; Mejia et al., 2019), update their beliefs (Acemoglu et al., 2022; Shin et al., 2023; Wu et al,,
2015), and ultimately make purchase decisions (Anderson & Magruder, 2012; Chevalier & Mayzlin,
2006; Luca, 2016). For sellers, consumer reviews constitute electronic word-of-mouth (eWOM) and
shape their reputation that can substantially affect sales (Anenberg et al., 2022; Basuroy et al., 2003;
Chevalier & Mayzlin, 2006; Hollenbeck, 2018; Luca, 2016; Zhu & Zhang, 2010). In practice, the eco-
nomic importance of reviews has even induced some firms to engage in strategic and sometimes illicit
reputation manipulation, such as bribing consumers to write positive reviews, posting fake negative
reviews about competitors, or injecting fictitious positive feedback about their own products (Gandhi
et al., 2024; He et al., 2022; Lappas et al., 2016; Luca & Zervas, 2016; Mayzlin et al., 2014; Wang et al.,
2025).

Beyond the reputation mechanism that primarily influences purchase decisions, consumer reviews,
particularly negative ones, contain valuable information about a firm’s product and operational defi-
ciencies. If firms can efficiently extract and act upon this information, addressing problems identified
by consumers, they can achieve substantive improvements in product and service quality. However,
this seemingly intuitive process is far from frictionless. Reviews are posted continuously over time and
convey information in multiple formats, including star ratings, images, and textual content that may
contain compliments, complaints, sarcasm, or narrative accounts. Dynamic monitoring and extracting
actionable insights from such heterogeneous and unstructured information can be challenging. This
difficulty is further exacerbated in settings such as the Chinese restaurant industry, which constitutes
our empirical sample, where most establishments lack dedicated staff to monitor and analyze con-
sumer reviews. Instead, review monitoring is typically handled sporadically by the outlet manager,
often alongside routine operational responsibilities.

This paper documents how a new digital technology can transform consumer reviews into action-
able insights for quality improvement. In particular, an automated review monitoring system (ARMS),
developed by Company C, was introduced to a set of Chinese restaurants in 2019. ARMS enables man-
agers to efficiently capture, interpret, and respond to consumer feedback in real time and at scale.
The system continuously scrapes and archives reviews from Dianping, the largest review platform in
China, and offers two core functions: (i) automated reminders for newly posted negative reviews, and

(ii) a work ticket management tool that helps staff systematically address consumer complaints. By



leveraging these tools, managers can translate dispersed online feedback into structured operational
actions that enhance restaurant quality.

The staggered rollout of ARMS enables a Difference-in-Differences (DID) analysis using detailed
consumer reviews and work tickets collected by the system. We employ the two-stage DID estima-
tor proposed by Gardner (2021), which addresses the bias of the two-way fixed-effects OLS (TWFE-
OLS) estimator arising from treatment effect heterogeneity in staggered adoption settings. Our esti-
mates show that, following ARMS adoption, the average rating of a restaurant’s weekly reviews newly
posted on Dianping increases by 0.358 stars, compared with a pre-adoption mean of 4.265. The effects
are even more pronounced when using alternative measures: The share of negative reviews declines
by 0.077 (or 95.1%) from a baseline level of 0.081, while the average sentiment score of review texts
increases by 0.119 (or 19.1%) from a baseline of 0.622. Finally, a relative time model confirms that
these improvements are not driven by differential pre-adoption trends between treated and control
restaurants.

A central concern in interpreting the observed improvements is that ARMS adoption may not have
generated genuine quality enhancements. Instead, the apparent gains could reflect strategic manipu-
lation of reviews, such as bribing consumers to post positive feedback. To address this concern, we
implement three empirical tests. First, if strategic manipulation were the main driver, 5-star reviews
would be disproportionately affected. When frontline staff solicit favorable reviews offline, they al-
most invariably request the highest possible rating to maximize reputational benefits, with little reason
to ask for 4- or 4.5-star ratings. Motivated by this, we exclude all 5-star reviews and replicate the anal-
yses. The key results remain stable and significant, indicating that the main findings are not driven
by 5-star review inflation. Second, manipulated reviews may be generated from similar templates,
which would likely increase textual similarity among 5-star reviews. We find no evidence that tex-
tual similarity among 5-star reviews increases following ARMS adoption, a finding that is inconsistent
with the manipulation-driven explanation. Third, even if consumers are persuaded to assign a high
star rating on Dianping, they may still express dissatisfaction in the review text. Such cases, referred
to as masked negativity, occur when a review appears positive in rating but conveys negative senti-
ment in its text. If strategic manipulation were predominant, we would expect a significant increase
in masked negativity following ARMS adoption. However, the empirical evidence does not support
this. Taken together, no evidence suggests that the observed improvements after ARMS adoption are
primarily driven by strategic manipulation. In addition, we show that the estimated quality improve-
ments remain robust across a range of alternative specifications, including clustering standard errors
at different levels, restricting the analysis to more comparable subsamples, and incorporating controls

that proxy for restaurant-level demand fluctuations.



To explore the mechanisms driving the effects of ARMS adoption, we conduct three heterogeneity
analyses. First, with respect to initial quality, we find that ARMS fosters convergence in restaurant
performance: Establishments with lower pre-adoption ratings experience larger gains, leveraging con-
sumer negative reviews more effectively to improve their overall quality. Second, across different
dimensions of the dining experience — including food taste, service, environment, waiting time, price,
and food hygiene — we observe that post-adoption improvements are particularly pronounced in areas
where restaurants had underperformed prior to adoption. These two patterns align naturally with the
design of ARMS as a system for monitoring and acting on negative feedback: Restaurants facing more
severe consumer complaints, and dimensions previously flagged by consumers as underperforming,
benefit the most from adoption, highlighting the technology’s targeted and operationally meaningful
impact. Finally, we find that ARMS generates larger improvements among restaurants with shorter
histories on Dianping, for which current service improvements are more likely to translate into ob-
servable changes in platform-displayed star ratings, given their relatively limited stock of historical
reviews.

The adoption of ARMS introduces an internal, operationally oriented approach to processing con-
sumer feedback that is not directly observable to the public, which we term back-end management. We
find that publicly visible managerial responses on the platform, or front-end actions, decline following
ARMS adoption, indicating that structured back-end workflows can partially substitute for front-end
responses. Using discussion texts from work tickets, we further classify back-end staff attitudes toward
negative reviews as either defensive or reflective. Defensive attitudes attribute complaints to consumer-
related factors, such as excessive expectations, whereas reflective attitudes emphasize internal service
or operational shortcomings. Our results show that ARMS generates significantly smaller improve-
ments in restaurants where staff exhibit more defensive attitudes, highlighting that the effectiveness of
technology adoption depends on complementary organizational practices. Moreover, restaurants with
defensive back-end attitudes engage more actively in front-end responses and experience a smaller de-
cline in managerial reply rates compared with their reflective counterparts. This pattern suggests that
front-end responses capture not only managerial attention to customer feedback but also a reputation-
management motive aimed at shaping external perceptions, which may not necessarily correspond to
operational follow-ups or actual quality improvements.

Finally, we go beyond restaurant-level outcomes to examine whether ARMS-induced improve-
ments correlate with changes in consumer review behavior. First, we find that consumer reviews
became more multidimensional and detailed following ARMS adoption, as evidenced by an increase
in the number of dimensions (out of the six) mentioned in each review and a decrease in the proportion

of reviews that do not reference any specific dimension. Second, after dining in a restaurant that has



adopted ARMS, consumers exerted greater effort when composing and posting reviews on Dianping,
reflected in more frequent inclusion of pictures and longer texts. Collectively, these patterns indicate
that consumers are more engaged in review writing following ARMS adoption, even if they do not
observe whether a restaurant has adopted ARMS in the back end. Importantly, prior research has doc-
umented that review solicitation or incentivization can degrade the informational quality of consumer
reviews (Gao et al., 2025; Khern-am-nuai et al., 2018). Therefore, the observed increase in consumer
engagement provides further evidence against a manipulation-driven interpretation.

Our work contributes to several strands of the literature. First, we extend the research on the role of
online consumer reviews. While the extant literature has predominantly viewed reviews as consumer-
facing signals of quality that influence demand (Acemoglu et al., 2022; Anderson & Magruder, 2012;
Chevalier & Mayzlin, 2006; Fang, 2022; Farronato & Zervas, 2026; Lewis & Zervas, 2016; Luca, 2016;
Moretti, 2011; Shin et al., 2023; Zhao et al., 2013), we highlight their utility as supply-side feedback
for operational improvement. While a subset of the literature has explored seller-side responses, these
studies focus primarily on strategic manipulation, specifically, how firms may solicit inauthentic re-
views to artificially bolster their reputations (He et al., 2022; Lappas et al., 2016; Luca & Zervas, 2016;
Mayzlin et al., 2014; Pocchiari et al., 2024; Wang et al., 2025). Our study diverges from this focus
on “gaming” by demonstrating that sellers have strong incentives to address consumer complaints
through substantive quality improvements, particularly when digital tools facilitate timely and sys-
tematic intervention.

Second, considering the enormous value of consumer reviews, the existing literature has docu-
mented three approaches to mitigate the underprovision of consumer reviews: (i) directly motivating
consumers by financial incentives and social norms (Burtch et al., 2018; Cabral & Li, 2015; Chen et al.,
2010; Li & Xiao, 2014; Yu et al., 2022); (ii) stimulating their desire to write reviews through appropriate
platform mechanism design (Deng et al., 2022; Fradkin et al., 2021; Goes et al., 2014; Huang et al., 2019;
Jiang et al., 2023); and (iii) guiding consumers to actively engage in review writing through front-end
managerial responses (Ananthakrishnan et al., 2023; Chen et al., 2019; Chevalier et al., 2018; Proserpio
& Zervas, 2017; Yang et al., 2019). We add to this literature by providing evidence that proactive man-
agerial efforts to make real improvement in the back end can also encourage consumers to engage and
provide more informative reviews.

A couple of recent studies convey a similar insight that platform sellers utilize online consumer
reviews to improve their products and services (e.g., Ananthakrishnan et al., 2023; Karanam et al,,
2025). Our work differs from theirs in two key ways. First, whereas the existing literature primarily
studies the front-end handling of consumer reviews, such as whether and how managers make public

responses on the platform, we are the first to shed light on back-end management of consumer reviews,



especially how consumer reviews are translated into operational follow-up actions to enhance quality
improvement, and document the correlation between front- and back-end managerial actions. Second,
we highlight the role of digital technology in enabling improvements through unstructured, high-
volume online consumer reviews. Intuitively, sellers can learn from consumer reviews, but how they
convert rapidly growing textual feedback into concrete operational practices and how this process
changes following a major technology adoption remain largely underexplored. This paper seeks to fill
this gap.

The remainder of this paper is organized as follows. Section 2 introduces the research background.
Section 3 describes the data, variables, and sample construction. Section 4 presents the empirical set-
ting. Section 5 reports the main empirical findings of the impact of ARMS adoption. Section 6 explores
the interaction between front-end managerial responses and back-end staff attitudes, as well as ripple

effects on consumer review writing. Section 7 concludes and derives managerial implications.

2 Research Background

2.1 Dianping and Consumer Reviews

Many countries host their own dominant consumer review platforms. Yelp plays this role in the United
States, while in China the corresponding platform is Dianping. Founded in 2003, Dianping merged with
another major review platform, Meituan, in 2015 and has since become the largest and effectively the
sole nationwide consumer review platform in China. By 2024, Dianping reported coverage of more
than 8 million local businesses across virtually all major cities and thousands of smaller cities, and
had accumulated 268 million genuine consumer reviews. In China, Dianping is deeply embedded in
consumers’ dining decisions. When planning to eat out, a typical consumer opens the Dianping app
to search for restaurants, browses ratings and reviews to choose where to dine, and may subsequently
leave her own review. As the largest repository of Chinese review texts worldwide, Dianping reviews
capture consumers’ perceptions of restaurants, including complaints, criticism, praise, and expecta-
tions, and therefore constitute a valuable source of information for restaurant operators.

Figure 1 displays an illustrative consumer review posted on Dianping. To submit a review, a user
must provide a star rating on a 5-star scale, while providing a textual comment and attaching pho-
tographs are optional. In the sample analyzed in this paper, 97% of individual reviews contain both
a star rating and text, while photographs are attached to 79% of individual reviews. Accordingly, the
analysis below focuses primarily on variables constructed from star ratings and textual reviews. Im-
portantly, there is no binding constraint linking the star rating to the content of the textual review.

As a result, a reviewer may assign the maximum 5-star rating while expressing strong criticism in



the accompanying text. This phenomenon, referred to as masked negativity, will be employed in the

construction of our empirical tests.

< Review Details | ﬁ] oo
* User Name | 2025%E78H6H l— Review Date
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Star Rating

After spending the day sightseeing, we passed by [Restaurant], a restaurant
with entrances on two different ground levels because it is built on a hillside.
Since we were already in [Location], we could not miss the chance to try it.
On the upper-level entrance, visitors could sample some local specialties for
free, including [Dishes]. Those who liked them could buy some to take home,
and there also seemed to be a prize draw.
While we were waiting for a table, I kept hearing a young woman calling out,
— “Local specialties!” Her pronunciation sounded so unusual that it really caught
my attention. Out of curiosity, I asked where she was from. She said she was
from [Location], but even the people I know from there do not speak with that
accent.
The [Dish] tasted very good. The herbs were thoroughly cooked, and the
chicken came in large, flavorful, and tender pieces. The taro was also very soft
and delicious. The portion was too large for two people, so we packed up the
leftovers and took them home. We later added noodles to the remaining
broth—it was really satisfying.

Attached
Pictures
Restaurant Name
Restaurant Ak kd 45
Information RERENEN ]
Location
& &H
Managerial Response
+9 | Thankyou for your support and positive feedback. Your
Managerial ¥ satisfaction is what keeps our team motivated. The [Dish (local
8 specialty in the review text)] is similar to ice cream and will melt
Response if it is not refrigerated. If you find it too hard, let it sit at room
temperature for a little while before eating. We look forward to
welcoming you again. Have a wonderful day!

Figure 1. An Illustrative Example of Consumer Reviews on Dianping

Notes: This figure presents an illustrative example of consumer reviews on Dianping. The original interface and
review texts are in Chinese. For readability, we translate the texts into English while preserving the layout. The
review writer, reviewed restaurant, locations, and specific dishes are anonymized.



2.2 Automated Review Monitoring System

The Automated Review Monitoring System (ARMS) is a third-party software developed by Company
C, which operates independently of Dianping.! ARMS functions only with explicit authorization from
business clients, who are typically the headquarters of national or regional restaurant chains. Once au-
thorization is granted, ARMS accesses consumer reviews on Dianping for all restaurant outlets owned
by the client, storing the retrieved reviews in a private data warehouse. The collected reviews com-
prise two components. First, ARMS retrospectively retrieves and archives the full set of reviews that
existed prior to authorization. Second, from the time of authorization onward, ARMS continuously
monitors and captures newly posted reviews, which are scraped and stored on an hourly basis.

Based on the collected reviews, ARMS offers two core functions. First, it generates automated re-
minders for newly posted negative reviews, identified using both star ratings and textual analysis en-
abled by machine learning techniques. Second, it provides a work ticket management tool that assists
restaurant staff in addressing consumer complaints. To illustrate these functions, Figure 2 presents ex-
amples of the ARMS interface as seen by restaurant staff, while Figure 3 depicts the overall workflow.

Each function is described in detail below.

&
oot & e
— ()] Internal Discussion

— — - - Received! We will address this immediately

Notification of Receiving a Negative Review ‘ After visiting an exhibition and walking around for a while, I A s A o T B
persuaded my friend to switch from having a light meal to eating
‘ ] ! must be checked for tenderness before

LR 4 hotpot—perhaps being too easily persuaded is not always a good Staffl | serving it is mot tender enough it should
h , thing. After carefully comparing several options, we chose this be nreonire-cooked asain ’
= i restaurant. Business was clearly very good, and we did not find a P! again:

table until we reached its second branch, where we were seated
upstairs. However, there was not even a basket for storing our

coats. The restaurant should improve these basic facilities, Since
hotpot leaves such a strong smell on clothing, having nowhere to
X X put our coats was very inconvenient.
As for the food, the side dishes were generally fine, but I personally
found the main dish rather ordinary. It was spicy without much
Review Text | After visiting an exhibition and walking flavor, and toward the end it became both overly salty and spicy.
; around fora while persaadediny Fiend io The staff worked very hard: one young man was sweating heavily, )
e roni Ay =l P e and the other staff members were also very friendly. Still, Received! Please contact the customer
hotpot—perhaps being too easily persuaded probably would not return, as the food didn’t suit my taste. Staff 2 | through the platform, rebuild their trust, and
is not always a good thing... (7 e Gl

202312/12 11:47:02

Attached
Pictures

(a) (b) (©

Figure 2. The ARMS Interface Displayed to Restaurant Staff
Notes: This figure presents the ARMS interface displayed to restaurant staff. The original interface, review texts

and internal discussion texts are in Chinese. For readability, we translate the texts into English while preserving
the layout. The review writer and the restaurant are anonymized.

2.21 Automated Reminders for Negative Reviews

For each newly posted review, ARMS immediately assesses its content and sends a notification to the

restaurant manager and staff whenever either of two conditions is met: (i) The review’s star rating

L At the company’s request, we anonymize its identity and refer to it as Company C throughout the paper.



falls below three stars, or (ii) the review text is classified as negative by a textual analysis algorithm
developed by Company C. This functionality addresses two practical challenges faced by restaurants.
First, automatic alerts remove the need for continuous, manual monitoring of reviews on Dianping.
Second, and more importantly, it enables a systematic analysis of textual content. While star ratings
are straightforward to interpret, reading and evaluating review text is time-consuming and prone to
subjective judgment. By automating this process, ARMS provides a scalable and consistent way to
identify negative feedback based on text, rather than relying solely on star ratings.

Figure 2 Panel (a) illustrates the interface displayed when restaurant staff receive a notification of a
negative review. These notifications are pushed directly to staff members’ personal mobile phones via
WeChat, the dominant messaging application in China. Because WeChat is the primary platform for
daily communication and is integrated with multiple functionalities, such as electronic payments and
QR code scanning, such notifications are highly salient and difficult to overlook. Upon tapping the
notification, restaurant staff are directed to the interface corresponding to the second function, namely

work ticket management.
2.2.2 Work Ticket Management

When a staff member taps the notification for a newly detected negative review, he or she is directed
to the full review content, as illustrated in Panel (b) of Figure 2. This action automatically generates
a corresponding work ticket. As outlined in Figure 3, staff first review the flagged entry to assess
whether it contains actionable information. Reviews that lack actionable content, such as a 1-star
rating without accompanying text, or that were incorrectly classified as negative by the algorithm may
be closed immediately without further action. If, however, the review passes this manual verification,
managers can assign specific tasks to designated employees — for example, re-cleaning a table — to
address the issue raised by consumers. At the same time, staff can initiate internal discussions directly
within the work ticket. Panel (c) of Figure 2 provides a snapshot of these internal processes. Once the

issue has been resolved, the manager can close the ticket, completing the feedback loop.
2.2.3 The Process of ARMS Installation

Before discussing the data in detail, it is helpful to clarify the ARMS installation process, as it directly
shapes both data availability and sample composition. The collaboration between a firm adopting
ARMS and Company C involves two key milestones: authorization and adoption. Authorization occurs
when a firm grants Company C merchant API access on Dianping, allowing ARMS to retrieve all histor-
ical reviews and continuously capture newly posted reviews for the firm’s restaurants. Importantly,
authorization alone does not constitute treatment: Providing data access to Company C does not alter

restaurant operations nor generate any system outputs. By contrast, adoption is the treatment exploited
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Figure 3. Illustrative Workflow of ARMS
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in this study. Only when a restaurant adopts ARMS under a subscription plan do the system’s func-
tionalities become active. From that point onward, ARMS begins generating notifications for newly
posted negative reviews and initiating corresponding work tickets. Reviews posted after authorization
but prior to adoption are stored in the private data warehouse as historical records, but do not trigger
notifications or work tickets.

Several additional details warrant clarification. First, some firms authorize API access but never
adopt ARMS. For these firms, Company C continues to retrieve and dynamically capture reviews on a
rolling basis, as authorization remains valid throughout the sample period. These never-treated firms
form part of the control group in the empirical analysis,? for which review data are available, but the
treatment — namely, ARMS adoption — is absent. Second, while the automated reminder function is
provided by default, the work ticket management tool is optional. Firms may choose to use both func-
tions or only the automated reminders, with no change in subscription fees. Third, ARMS adoptionis a
top-down decision made at the headquarters level of each firm. The headquarters determines whether
to adopt ARMS, and, if so, whether to activate both functions or only the automated alert function.
These choices apply to all subordinate restaurant outlets governed by the headquarters. In this sense,
ARMS adoption is not driven by the preferences of individual restaurant managers, who must operate
within the framework decided by their headquarters.

A natural concern in this context is selection bias: Firms that eventually adopt ARMS may place
greater managerial emphasis on consumer reviews, be more responsive to problems highlighted by
reviews, or have experienced a higher volume of negative feedback prior to adoption. However, this
concern is partially mitigated by the presence of never-treated restaurants. As discussed above, these
firms have also authorized Company C to access their review data, a step that itself signals the head-
quarters’ attention to and concern for consumer feedback, even though they ultimately chose not to
adopt the system. In this respect, never-treated restaurants are likely more comparable to adopting
firms than the broader set of firms that have never engaged with ARMS.?> Moreover, our empirical
strategy further addresses potential confounding factors: In addition to restaurant fixed effects, we
control for observable characteristics such as location and cuisine type, and allow for time trends or
seasonal patterns that may vary across these observables. We have also conducted the analysis using

a propensity-score-matched (PSM) sample. Finally, the test of the parallel trends assumption provides

2As in a typical staggered DID setting, another component of the control group consists of pre-adoption observations
from the treatment group.

3In principle, one could scrape Dianping reviews for never-treated restaurants with no relationship to Company C. We
do not pursue this alternative design for two reasons. First, restaurants that have never engaged with Company C are likely
to place less emphasis on consumer reviews and are therefore less comparable to treated restaurants. Second, without data
authorization from restaurants, web scraping cannot recover a restaurant’s complete review history. It captures only the
reviews visible on Dianping at the time of collection, thereby missing reviews that were deleted or revised during our sample
period.
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an additional check on the comparability of treatment and control groups. We return to a more detailed

discussion of potential selection bias when presenting the empirical results.

3 Data and Sample

We compile three main datasets for the empirical analysis in this paper. The first two are provided
by Company C and include the universe of (i) consumer reviews posted on Dianping and (ii) records
of work tickets initiated within ARMS. In addition, we collect a set of restaurant-level attributes to

account for heterogeneity across establishments. We describe these datasets in detail below.
3.1 Consumer Review

As illustrated in Figure 1 and discussed in Section 2.1, for each consumer review posted on Dianping,
we extract (i) the star rating, (ii) the full review text, (iii) a dummy variable indicating the presence of
attached photographs, and (iv) a dummy variable indicating whether a managerial response is posted.
Using both the quantitative and textual information contained in these reviews, we construct a set of
variables that fall into three categories: measures of restaurant quality, front-end managerial actions,
and consumer review behavior.

Restaurant Quality. The simplest and most direct measure is the star rating itself. Star ratings range
from 0.5 to 5 in increments of 0.5. Although imperfect, this measure provides a direct and widely used
indicator of consumers’ evaluations of restaurant quality. In addition, we construct a dummy variable
equal to one if the star rating is less than 3, a threshold commonly used in the restaurant industry to
classify “negative reviews.” ARMS adopts the same rule, and reviews with ratings less than 3 stars
automatically trigger a reminder, as described in Section 2.2.1.

In contrast to the quantitative information conveyed by star ratings, qualitative information con-
tained in review texts typically provides more diagnostic and granular, yet less readily interpretable,
signals (Archak et al., 2011; Biischken & Allenby, 2016; Chakraborty et al., 2022; Cho et al., 2022). To
quantify this information, we apply a sentiment classification algorithm. The algorithm is a pre-trained
model fine-tuned on Chinese restaurant reviews on Dianping.* The raw outputs of the model are logits,
which we transform into probability scores using the softmax function, following standard practice.
This procedure yields a sentiment score for each review, taking values between 0 and 1 and represent-
ing the probability that the review is positive. This text-based measure captures the overall tone of
consumer narratives and provides a richer representation of consumer feedback beyond numeric star

ratings.

4The model is available at https:/ /huggingface.co/uer/roberta-base-finetuned-dianping-chinese (accessed on Septem-
ber 15, 2025).
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In addition to a single measure capturing overall restaurant quality, we further use review texts
to construct measures of quality along six distinct dimensions. Based on consultations with experts
in the restaurant industry and product managers from Company C, we identify six well-established
dimensions that capture key aspects of the dining experience: food taste, service, environment, waiting
time, price, and food hygiene. For each review, we employ the DeepSeek-V3 large language model
to identify whether each dimension is mentioned and, if so, to classify the associated sentiment as
positive or negative.” This procedure allows us to derive dimension-specific measures of restaurant
quality from review texts, complementing the aggregate evaluation.

Front-end Managerial Actions. Restaurant responses to negative reviews can be categorized into
two broad types. The first type consists of back-end actions, which refer to substantive operational
measures undertaken by restaurant staff to improve product or service quality. For example, if cus-
tomers raise concerns about hygiene, the restaurant may strengthen its cleaning procedures; if cus-
tomers complain about slow service, the restaurant may accelerate food preparation and delivery.
Such operational improvements reflect the original purpose and intended function of ARMS. The sec-
ond type, by contrast, does not necessarily involve any change in actual operational practices. Instead,
restaurant staff may focus solely on managing the review itself, which we term front-end actions. For
instance, a restaurant may respond to a negative review on Dianping with a message such as “We
have received your feedback and will strive to improve.” In the existing literature, such seller-initiated
replies to consumer reviews are commonly referred to as managerial responses (Chen et al., 2019; Deng
& Ravichandran, 2024; Proserpio & Zervas, 2017). For each consumer review, we construct a dummy
variable indicating whether the restaurant posted a response. In the subsequent analysis, this variable
serves as our empirical proxy for front-end actions by restaurant staff.

Consumer Review Writing. Finally, because reviews are authored by consumers, we can construct
measures that capture changes in consumer review behavior. In the final part of the paper, to examine
the ripple effects of ARMS-induced quality improvements on such behavior, we develop a series of
variables. The primary aim of these variables is to capture both the richness of review content and
the effort consumers exert in writing reviews. To measure content richness, building on the earlier
classification into six dimensions, we compute for each review the number of dimensions it addresses;
a higher count indicates richer content. Reviews that do not reference any of the six dimensions are
classified as topicless. To measure consumer effort, we consider two indicators: (i) whether a review
includes photographs, which are generally more persuasive and require additional effort, captured by
a dummy variable; and (ii) the length of the review text, measured by word count, which reflects the

degree of engagement in composing the review.

5The prompt for this task is attached in Appendix C.1.
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3.2 Work Ticket

The second dataset obtained from ARMS consists of internal discussion texts recorded in work tickets.
As illustrated in Figure 3, when a work ticket is triggered by a negative review, restaurant managers
and staff may initiate internal discussions to address the issue. These discussions take place within the
ARMS interface, and the corresponding communication texts are recorded and stored by the system.

Based on manual coding of the discussion texts and interviews with restaurant staff, we find that,
when confronted with negative reviews, staff members’ attribution and response strategies can be
broadly categorized into two types. Some exhibit a defensive attitude, primarily attributing complaints
to consumer-related factors, such as excessive expectations or misunderstandings. Others display a
reflective attitude, focusing on deficiencies in their own service or operational practices.

We again employ the DeepSeek-V3 large language model to classify each discussion into one of
these two categories.® This classification enables us to examine how staff attitudes toward negative
reviews shape the impact of ARMS adoption, even though ARMS itself is a common and neutral

managerial tool.
3.3 Restaurant characteristics

The final dataset is self-constructed and comprises a set of cross-sectional variables designed to capture
potential heterogeneity across restaurants. Specifically, we use ArcGIS to process raster data on popu-
lation density and nighttime light intensity and compute their average values within a three-kilometer
radius of each restaurant.” Both raster datasets are measured in 2018 and therefore predate our sam-
ple period, which helps mitigate potential confounding effects arising from ARMS adoption. These
two variables are closely related to local demand conditions and economic activity, both of which are
important determinants of restaurant operations. In addition, following suggestions from executives
at Company C, we construct a dummy variable indicating whether a restaurant specializes in hotpot, a
highly distinctive and culturally salient dining format in Chinese cuisine. In the subsequent analysis,

we collectively refer to these variables as “restaurant attributes” or “restaurant characteristics.”
3.4 Sample Construction

Our final sample comprises 122 restaurants. Among them, 104 adopted ARMS during our observa-
tion window, while the remaining 18 authorized Company C to access their review data but did not
adopt ARMS. These two sets of restaurants form the treatment and control groups, respectively, in
our empirical framework. Within the treatment group, adoption is not entirely homogeneous. All

104 restaurants activated the automated reminder function, but only 81 additionally implemented the

The prompt for this task is attached in Appendix C.2.

7Specifically, the raster data on population density are constructed by WorldPop, and the nighttime light intensity data
are constructed by Chen et al. (2021).
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work ticket management module. As a result, analyses that rely on internal work ticket discussions
are conducted on a reduced sample of 99 restaurants, consisting of the 81 fully adopting treatment
restaurants and the 18 control restaurants.

Unless otherwise specified, the baseline unit of analysis is restaurant-week. This level of aggrega-
tion strikes a balance between noise reduction and temporal resolution: It smooths idiosyncratic daily
fluctuations and day-of-week variability, while preserving meaningful short-run variation around
adoption. Operationally, we first construct the relevant variables at the individual review level and
then aggregate them to restaurant-week by taking averages. Table 1 presents summary statistics for

the main variables used in the analysis.

Table 1. Summary Statistics

Variable Obs. Mean Std. dev.  Min. Max.
Panel (a): Restaurant Quality
Average Star Rating 5,723 4.366 0.568 0.5 5
Proportion of Negative Reviews 5,723 0.065 0.137 0 1
Average Sentiment Score 5,612 0.700 0.200  0.004 0.996
Panel (b): Front-End Actions & Consumer Review Behavior
Managerial Response Rate 5,723 0.731 0.391 0 1
Average Number of Dimensions Mentioned 5,723 2.286 0.739 0 6
Proportion of Topicless Reviews 5,723 0.101 0.198 0 1
Proportion of Picture-attached Reviews 5,723 0.569 0.338 0 1
Average Length of Reviews (in logs) 5,612 4.396 0.557 0 6.380
Panel (c): Restaurant Characteristics

Nearby Population Density in 2018 122 15049.77 11519.45 280.43 56138.98
Nearby Nighttime Light Intensity in 2018 122 29.536 10.267  7.169 63.826
Hotpot Dummy 122 0.475 0.501 0 1

Notes: This table reports summary statistics for the main variables. Panel (a) presents measures of restau-
rant quality, Panel (b) reports variables capturing front-end actions and consumer review behavior, and
Panel (c) lists restaurant attributes. The data granularity is restaurant-week in Panels (a) and (b), and
restaurant in Panel (c).

ARMS adoption occurred in four concentrated waves: March 2019, February 2023, March 2023, and
April 2023. Company C granted us access to data spanning 24 weeks before and 24 weeks after each
restaurant’s adoption date, yielding a symmetric event window of roughly one year centered around
adoption. For control restaurants, we observe consumer review data for all calendar weeks that over-
lap with at least one treatment restaurant’s observation window. In other words, the control group’s
time horizon is defined as the union of the treatment restaurants” observation periods, ensuring tem-

poral comparability between treated and untreated units.
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4 Econometric Setting

To evaluate the effects of ARMS adoption on restaurant quality, we exploit its staggered rollout to

implement a Difference-in-Differences (DID) design. The baseline specification is as follows:

Yii =a; + Ar + ﬁARMSZ't + F(Xi -MOYt) + }lGl - Ty + €44, (1)

where i and ¢ index restaurants and calendar weeks, respectively. Y;; denotes measures of restaurant
quality for restaurant i in week ¢, constructed as described in Section 3.1, including weekly averages
of star ratings, the proportion of negative reviews, and sentiment scores. Restaurant and week fixed
effects are denoted by «; and A, respectively. The indicator variable ARMS;; equals one if restaurant
has adopted ARMS by week ¢.

X; denotes predetermined restaurant characteristics, which are interacted with month-of-year
dummies, MoY; (i.e., January through December). This interaction allows for flexible control of dif-
ferential time trends across restaurants that may vary systematically with these characteristics. G; is an
indicator for the treatment group restaurant, which interacts with a linear time trend, T}, to accommo-
date group-specific trends. ¢;; denotes the error term. The coefficient of interest, B, captures the effect
of ARMS adoption on restaurant quality. For statistical inference, standard errors are clustered at the
restaurant level to account for potential serial correlation.

The baseline DID model specified in Equation (1) relies on the parallel trends assumption, namely
that, absent ARMS adoption, restaurants in the treatment and control groups would have followed
similar outcome trends after we control for observable attributes. To assess the plausibility of this as-
sumption, we estimate a relative time model, in which the adoption indicator ARMS;; is decomposed
into a set of indicators for time windows relative to the adoption date. Specifically, we estimate the

following model:

Yie = a; + A+ Y Prel, + Y wiPostt, + T(X; - MoY;) + uG;i - Ty + €. )
j k

Pre{t is an indicator variable that equals one if calendar week t is j weeks prior to the ARMS adop-
tion week for restaurant i. Similarly, Post!, equals one if week t is k weeks after ARMS adoption for
restaurant i. All other variables are defined as in Equation (1). Accordingly, the estimated pretreatment
coefficients {Tj}]-_:l_24 allow us to assess whether treatment and control restaurants exhibited parallel
trends prior to ARMS adoption, while the post-adoption coefficients {wy}?* capture the dynamic
effects of ARMS adoption over time.

As emphasized in recent advances in the econometric literature on DID methods, estimating Equa-
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tions (1) and (2) using TWFE-OLS in a staggered adoption setting may lead to biased estimates for at
least two reasons. First, the TWFE-OLS estimator implicitly aggregates multiple two-by-two DID com-
parisons, potentially assigning negative weights to some comparisons, thereby rendering the overall
coefficient difficult to interpret economically (Goodman-Bacon, 2021; Sun & Abraham, 2021). Second,
the inclusion of additional controls such as group-specific linear trends (e.g., G; - T;) can further compli-
cate identification. In TWFE-OLS estimation, these trends are typically estimated using both pre- and
post-adoption observations. Consequently, post-adoption treatment effects may mechanically contam-
inate the estimated counterfactual trends.

To address these concerns, we adopt the two-stage DID estimator proposed by Gardner (2021)
as our baseline. This approach resolves the aforementioned issues through a transparent two-step
procedure. Intuitively, in the first stage we estimate the model using only untreated observations,
thereby identifying fixed effects and trend components without exposure to treatment effects. In the
second stage, we residualize the outcome variable for all observations by removing the components
estimated in the first stage, and then recover the average treatment effect on the treated (ATT) by

regressing the residualized outcomes on the treatment indicator.

5 ARMS Adoption and Restaurant Quality Improvement

In this section, we present empirical evidence on how the adoption of ARMS affects restaurant quality.
We begin by reporting results from estimating Equation (1), leveraging both numeric ratings and texts
of consumer reviews to construct quality measures. We then turn to the relative time model specifica-
tion to assess the plausibility of the parallel trends assumption, which is necessary to render a causal
interpretation of the DID estimate. Next, we conduct additional empirical tests to address the concern
that the observed improvements may be driven by strategic manipulation, such as bribing consumers
to post favorable reviews, and implement supplementary analysis to confirm the robustness under
alternative specifications. Finally, we conclude this section with a series of heterogeneity analyses to

shed light on the potential mechanisms underlying the effects of ARMS adoption.
51 ARMS Adoption and Restaurant Quality

We begin by using the most straightforward measure of restaurant quality, the average star rating,
as the outcome variable in estimating Equation (1). Table 2 reports the corresponding results, and
we progressively introduce additional controls across specifications to demonstrate the robustness of
the estimated effects. Column (1) includes only restaurant and week fixed effects. Building on this
specification, Column (2) further adds interactions between restaurant attributes and month-of-year

dummies, while Column (3) instead incorporates a linear time trend specific to the treatment group.
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Finally, Column (4) includes all fixed effects and trend controls as specified in Equation (1).

Table 2. ARMS Adoption and Quality Improvement

Dependent Variable: Average Star Rating
@ 2) 3) (4)

ARMS 0.121* 0.189*** 0.269*** 0.358***

(0.062) (0.070) (0.087) (0.095)
Week FE YES YES YES YES
Restaurant FE YES YES YES YES
Treatment Trend YES YES
Covariates x MoY YES YES
Observations 5723 5723 5723 5723
Clusters 122 122 122 122

Notes: This table reports the results using star rating as the outcome variable. All regressions
control for restaurant and week fixed effects. Column (2) further adds interactions between
restaurant attributes and month-of-year dummies, while Column (3) instead incorporates a
linear time trend specific to the treatment group. Column (4) includes all fixed effects and
trend controls. Standard errors are in parentheses and clustered at the restaurant level. *, **
and *** indicate statistical significance at 10%, 5% and 1% level, respectively.

Across all specifications, we find a stable and statistically significant improvement in star ratings
following the adoption of ARMS. The estimated coefficient  ranges from 0.121 to 0.358, corresponding
to a 2.8 —8.4% increase in weekly average star ratings relative to the pre-adoption sample mean of 4.265.
Notably, as we progressively introduce additional controls and trend adjustments, thereby accounting
for selection on observables, the magnitude of the estimated coefficient increases. This pattern suggests
that potential selection bias likely biases the baseline estimates downward. In other words, restaurants
that adopt ARMS may exhibit characteristics associated with relative deterioration in the underlying
rating dynamics, so failing to control for such factors would tend to attenuate the estimated treatment
effect rather than exaggerate it.

It warrants clarification that this improvement does not translate one-for-one into the star ratings
displayed on Dianping. Our estimated effect pertains to newly posted reviews, whereas the platform-
displayed rating for each restaurant aggregates the full stock of historical reviews. Nonetheless, the
results still indicate a systematic upward shift in the flow of incoming consumer evaluations. Over a
sufficiently long horizon, sustained improvements in newly posted reviews are likely to accumulate
and gradually be reflected in the platform’s displayed star ratings. This observation also suggests het-
erogeneity in restaurants’ incentives to improve. For restaurants with a shorter history and a smaller
stock of accumulated reviews on Dianping, quality improvements are more likely to translate into visi-
ble changes in displayed ratings, which in turn may strengthen their incentives to make use of ARMS.
We examine this prediction in Section 5.4.3.

The preceding results provide preliminary evidence of a positive impact of ARMS adoption on
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restaurant quality. However, as emphasized in the existing literature, relying solely on star ratings
as outcome measures may be problematic, as they can be subject to rating inflation and strategic dis-
tortions (Aziz et al., 2023; Bolton et al., 2019; Filippas et al., 2022; Fradkin et al., 2021; Tadelis, 2016).
In light of this concern, we complement the analysis by employing alternative measures of restaurant
quality.

First, we compute the proportion of negative reviews at the restaurant-week level, where negative
reviews are defined as those with star ratings below 3. This measure more directly captures highly
unsatisfactory consumer experiences. As reported in Column (1) of Table 3, the adoption of ARMS is
associated with a statistically significant decline in the incidence of negative reviews. The estimated
reduction of 7.7 percentage points is a 95.1% decline from the pre-adoption sample mean of 0.081, and
thus economically meaningful. This pronounced effect is consistent with the nature of ARMS, which
primarily operates through automated alerts triggered by negative reviews. By drawing managerial
attention to failures in a timely manner, ARMS is particularly effective at mitigating the occurrence of

severe dissatisfaction among consumers.

Table 3. Alternative Measures of Restaurant Quality

Dep. Var. Proportion of Average
Negative Reviews Sentiment Score
1) )
ARMS -0.077*** 0.119***
(0.023) (0.031)
Week FE YES YES
Restaurant FE YES YES
Treatment Trend YES YES
Covariates x MoY YES YES
Observations 5723 5612
Clusters 122 122

Notes: This table shows quality improvements following the adoption of ARMS using alter-
native measures. Column (1) replaces the dependent variable with the proportion of negative
reviews, and Column (2) focuses on the weekly average sentiment score. Standard errors are
in parentheses and clustered at the restaurant level. *, ** and *** indicate statistical signifi-
cance at 10%, 5% and 1% level, respectively.

Second, we use review texts to construct a sentiment score as an additional measure of restaurant
quality, complementing the previous measures that rely primarily on numerical star ratings. As de-
scribed in Section 3.1, we employ a sentiment classification algorithm developed by Dianping using
its proprietary review data, making it particularly well suited to our empirical context, since our pri-
mary dataset also consists of reviews obtained from Dianping. The sentiment score ranges from 0 to
1 and represents the probability that a given review is positive. Column (2) of Table 3 shows that the

weekly average sentiment score increases by 0.119 following ARMS adoption (a 19.1% improvement
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relative to the pre-treatment baseline of 0.622). This result indicates that, when restaurant quality is
assessed using the textual content of consumer reviews rather than numeric ratings alone, the overall
tone of consumer feedback becomes systematically more favorable. Taken together, the results in Ta-
bles 2 and 3 suggest that ARMS adoption leads to meaningful improvements in the perceived quality

of restaurants.
5.2 Tests of Parallel Trends Assumption

To assess the plausibility of the parallel trends assumption, we estimate the relative time model speci-
tied in Equation (2) using the two-stage DID estimator. Figure 4 plots the estimated coefficients, along
with 95% confidence intervals, using star ratings as the outcome variable. The estimates show no
statistically discernible differences in pre-adoption trends between treatment and control restaurants,
lending support to the parallel trends assumption. In contrast, following ARMS adoption, positive
effects begin to emerge approximately one month (four weeks) after implementation, suggesting that
the system requires time to generate measurable improvements. Over a longer horizon, these effects
persist, indicating a sustained impact of ARMS. We also estimate the relative time model using the
proportion of negative reviews and the sentiment score as outcome variables; the corresponding re-

sults, presented in Figures A1 and A2, exhibit highly similar pre-adoption patterns and post-adoption

dynamics.
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Figure 4. Dynamic Effects of ARMS Adoption on Star Ratings
Notes: This figure presents estimates from the relative time model specified in Equation (2) using the two-stage

DID estimator. The x-axis denotes the number of weeks relative to ARMS adoption. Points indicate coefficient
estimates, and vertical bars represent 95% confidence intervals.
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5.3 Robustness Checks

So far, we have shown that, following the adoption of ARMS, restaurants experienced significant im-
provements across multiple dimensions, including higher star ratings, a lower proportion of negative
reviews, and more favorable text-based sentiment scores. Collectively, these findings suggest that
ARMS enables restaurant staff to more effectively process information contained in negative reviews
and translate consumer feedback into tangible improvements in product and service quality. We now
proceed with robustness checks along two dimensions. The first addresses the alternative explanation
that the observed improvements are driven by strategic manipulation, while the second examines a

series of alternative econometric specifications.
5.3.1 Addressing Concerns about Strategic Manipulation

A key threat to the above interpretation, or an alternative explanation for the observed patterns, is
strategic manipulation. Specifically, the installation of ARMS may not have led to real quality im-
provement; instead, the apparent improvement could reflect manipulative practices, such as bribing
consumers to post positive reviews or otherwise distorting review content (He et al., 2022; Lappas
et al.,, 2016; Luca & Zervas, 2016; Mayzlin et al., 2014; Wang et al., 2025). If this were the case, the
implications of our empirical findings would be fundamentally different. Below, we present a series
of empirical tests that, while not fully conclusive, provide evidence against the hypothesis that the
observed improvements are primarily driven by strategic manipulation.

Excluding 5-Star Reviews. 5-star reviews warrant particular attention because, if strategic manip-
ulation is indeed present, it should disproportionately manifest in this rating category. The intuition is
straightforward: When frontline staff solicit favorable reviews from customers through offline persua-
sion, they almost invariably request the highest possible rating in order to maximize the reputational
benefits; there is little incentive for staff to ask for a 4- or 4.5-star rating, as such ratings do not fully
serve the purpose of inflating visible reputation metrics.

Motivated by this consideration, we conduct a test to mitigate the potential influence of strategic
manipulation by excluding all 5-star reviews from the sample. We then recompute the average star
rating, the proportion of negative reviews, and the text-based sentiment score, and replicate the main
analyses using these adjusted measures. If the estimated effects of ARMS adoption persist after re-
moving 5-star reviews, this would suggest that the observed quality improvements are unlikely to
be driven primarily by strategic manipulation. Consistent with our expectation, Table 4 presents the
corresponding results, which show that our findings remain robust even when all 5-star reviews are

excluded.
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Table 4. Analysis Excluding 5-Star Reviews

Dep. Var. Average Proportion of Average
Star Rating Negative Reviews Sentiment Score
1) 2) 3)
ARMS 0.451%** -0.116*** 0.143***
(0.132) (0.040) (0.044)
Week FE YES YES YES
Restaurant FE YES YES YES
Treatment Trend YES YES YES
Covariates x MoY YES YES YES
Observations 5348 5348 5264
Clusters 122 122 122

Notes: This table reports results from analyses that exclude 5-star reviews. For some restaurant-week ob-
servations, all reviews are 5 stars, leading to the exclusion of these observations from the regression. This
explains the slightly smaller sample size compared with Tables 2 and 3. Standard errors are in parentheses
and clustered at the restaurant level. *, ** and *** indicate statistical significance at 10%, 5% and 1% level,
respectively.

Textual Similarity among 5-Star Reviews. The second test is motivated by another common prac-
tice used by restaurants to influence consumer reviews. When encouraging customers to post favor-
able feedback, staff may provide suggested wording or templates to reduce the effort required to write
a review. As a result, manipulated 5-star reviews are likely to exhibit greater textual similarity to one
another (Gu et al., 2025). Accordingly, if the observed improvements in star ratings and review senti-
ment were primarily driven by such manipulation, we would expect textual similarity among 5-star
reviews to increase following ARMS adoption.

Considering this possibility, we construct a test based on 5-star reviews with non-empty text.
Specifically, we represent each review using TF-IDF character n-gram vectors and then construct three
restaurant-week measures of textual similarity.® The first measure is the average pairwise cosine simi-
larity, which compares every pair of 5-star reviews posted for the same restaurant in the same week. A
higher value indicates that 5-star reviews within a restaurant-week tend to use more similar language.
The second measure is the proportion of duplicated reviews. Specifically, we identify review pairs
with cosine similarity above 0.90 and calculate their share among all 5-star review pairs within the
same restaurant-week. The third measure is the average similarity to the “centroid” review. For each
restaurant-week, we define the centroid review as the average TF-IDF vector across all 5-star reviews,
which captures their common wording pattern, and then compute the similarity between each review
and this centroid. The results reported in Table 5 show no significant increase in any of these measures

following ARMS adoption. This pattern provides suggestive evidence against the concern that our

8Following common practice in textual similarity analysis, we first clean the review text by removing spaces, line breaks,
tabs, and other irrelevant characters. Review texts are represented using character-level TF-IDF vectors that incorporate
sequences of two to four consecutive Chinese characters.
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results are driven by an influx of coordinated manipulated reviews.

Table 5. ARMS Adoption and Textual Similarity among 5-Star Reviews

Dep. Var.: Textual Similarity among 5-Star Reviews
Pairwise Duplicated Centroid
1) 2) 3)
ARMS 0.001 0.000 -0.029
(0.013) (0.013) (0.042)
Week FE YES YES YES
Restaurant FE YES YES YES
Treatment Trend YES YES YES
Covariates x MoY YES YES YES
Observations 4107 4107 4107
Clusters 122 122 122

Notes: This table examines the potential impact of ARMS adoption on textual similarity among 5-star re-
views. The similarity measures are constructed at the restaurant-week level using all 5-star reviews with
non-empty text. We represent each review text using TF-IDF character n-gram vectors and compute within-
restaurant-week textual similarity among 5-star reviews with texts. The columns report three alternative
measures: (i) the average pairwise cosine similarity across all review pairs, (ii) the proportion of dupli-
cated (cosine similarity > 0.90) review pairs, and (iii) the average similarity between each review and the
restaurant-week centroid vector. For some restaurant-week observations, there are at most one 5-star review
with texts, leading to the exclusion of these observations from the regression. This explains the smaller sam-
ple size compared with Tables 2 and 3. Standard errors are in parentheses and clustered at the restaurant
level. ¥, **, and *** indicate statistical significance at 10%, 5% and 1% level, respectively.

Masked Negativity in Consumer Reviews. Compared with manipulating star ratings, altering
review text is substantially more costly, so the textual sentiment score provides a more credible reflec-
tion of consumers” authentic perceptions, which we have already employed as an outcome variable.
This feature also offers a way to test for the potential influence of strategic manipulation. Even if
consumers are persuaded to give a high star rating on Dianping and actually agree to do so to avoid
offending restaurant staff, they may still express dissatisfaction in the review text. When this occurs,
it results in masked negativity, defined as cases in which a review appears positive in star rating but
conveys negative sentiment in the text. If the observed improvements were primarily driven by strate-
gic manipulation, we would expect to see a substantial increase in masked negativity after ARMS
adoption.

Concretely, we define masked negativity as reviews that exhibit a star rating above a specified thresh-
old but a sentiment score below a given threshold. For star ratings, we consider both 5-star (cor-
responding to a “perfect experience” by Dianping’s definition) and 4-star (corresponding to a “good
experience”) as thresholds. For sentiment scores, we experiment with 0.3 and 0.7 as cutoffs. Under
each combination of thresholds (i.e., star rating = 5 & sentiment score < 0.3, star rating > 4 & sen-
timent score < 0.3, star rating = 5 & sentiment score < 0.7, star rating > 4 & sentiment score < 0.7),

we identify reviews meeting the criteria for masked negativity and compute their proportion at the
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restaurant-week level.

Using this measure, we estimate the impact of ARMS adoption on the proportion of masked neg-
ativity. As reported in Table 6, we do not find any significant increase in masked negativity following
ARMS adoption. The only exception is Column (2), where the coefficient is significantly negative rather
than positive, which contradicts the hypothesis that strategic manipulation drives our previous find-
ings. Overall, these results provide no evidence that ARMS has induced manipulation of consumer

reviews in the form of masked negativity.

Table 6. ARMS Adoption and Masked Negativity

Dep. Var. Proportion of Masked Negativity in Positive Reviews
1) () 3) (4)
ARMS 0.010 -0.048** 0.019 -0.035
(0.022) (0.022) (0.048) (0.049)
Rating Threshold 5 4 5 4
Sentiment Threshold 0.30 0.30 0.70 0.70
Week FE YES YES YES YES
Restaurant FE YES YES YES YES
Treatment Trend YES YES YES YES
Covariates x MoY YES YES YES YES
Observations 5165 5619 5165 5619
Clusters 122 122 122 122

Notes: This table examines the potential impact of ARMS adoption on masked negativity in
consumer reviews. Each column corresponds to a different combination of thresholds used
to define positive star ratings and negative sentiment in review texts. Standard errors are in
parentheses and clustered at the restaurant level. *, ** and *** indicate statistical significance
at 10%, 5% and 1% level, respectively.

5.3.2 Alternative Econometric Settings

We have also conducted a series of robustness checks using alternative model specifications, with the
results reported in Table B1. First, to account for potential intra-firm correlation among restaurants
belonging to the same firm, we adjust the clustering level of the standard errors from the restaurant
to the firm level. Given that the number of firms is naturally smaller than the number of subordinate
restaurants, we employ a wild cluster bootstrap method (Cameron et al., 2008; Webb, 2023) to avoid
biased standard errors and unreliable inference arising from a limited number of clusters. As shown
in Column (1), the estimated effect remains statistically significant after switching the clustering unit.
Second, although the relative time model supports the general comparability of treatment and con-
trol restaurants, concerns may remain about residual differences between the two groups. To address
this issue, we first restrict the sample to treatment restaurants only and conduct a before-and-after
comparison within this group. As shown in Column (2), after abstracting from potential differences

between treatment and control restaurants, the estimated effect remains stable in both magnitude and
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statistical significance. We further complement this exercise with a propensity score matching (PSM)
analysis. Specifically, we estimate each restaurant’s propensity to adopt ARMS using pre-treatment
restaurant characteristics and construct a 1:1 matched sample. Column (3) reports the correspond-
ing regression results. The estimated effect remains similar in both sign and magnitude, suggesting
that our findings are unlikely to be driven by observable imbalances between treatment and control
restaurants. Additional details on the PSM procedure, along with results under alternative matching
specifications, are reported in Appendix B.2.

Third, another potentially omitted factor is demand shocks faced by restaurants, which could in-
fluence the consumer reviews they receive. To partially address this concern, we additionally control
for the one-period lagged review volume, which serves as a proxy for demand-side conditions. As
shown in Column (4), although the estimated effect slightly decreases in magnitude, the impact of

ARMS adoption on restaurant quality remains positive and statistically significant.
5.4 Heterogeneity Analyses
5.4.1 Convergence in Restaurant Quality

At the time of ARMS adoption, restaurants may be operating at markedly different levels of business
performance. For instance, some may be heavily burdened by negative reviews, whereas others may
already perform relatively well in terms of consumer feedback. Given that ARMS primarily facilitates
improvement by directing restaurant staff’s attention to negative reviews, a natural hypothesis is that
restaurants facing more severe negative feedback stand to benefit more from ARMS adoption.

To empirically examine this hypothesis, we ask Company C to compute each treatment restaurant’s
pre-adoption star rating, calculated from all historical consumer reviews prior to ARMS adoption.
We then standardize this measure by demeaning and dividing by its standard deviation, yielding a
cross-sectional index denoted by PreRating;. Using the same specification as Column (4) of Table 2,
we further interact the treatment indicator ARMS;; with PreRating;. The coefficient on this interac-
tion term captures heterogeneity in the effects of ARMS adoption as a function of restaurants’ initial
performance.

The regression results are reported in Table 7, where the outcome variables are, respectively, the
star rating, the proportion of negative reviews, and the sentiment score. For restaurants starting from
a relatively low level of initial quality (i.e., PreRating; = 0), the improvements following ARMS adop-
tion are both statistically significant and economically meaningful, as reflected in the coefficients on
ARMS;;. By contrast, as indicated by the estimated coefficients on the interaction term across the three
columns, restaurants with higher pre-adoption ratings benefit significantly less from ARMS adoption.
The results indicate that ARMS promotes convergence in restaurant quality by enabling initially dis-

advantaged restaurants to achieve greater improvements through effective use of consumer negative
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reviews.

Table 7. Convergence in Restaurant Quality after ARMS Adoption

Dep. Var. Average Proportion of Average
Star Rating Negative Reviews Sentiment Score
(1) ) ®)
ARMS 0.358*** -0.077%** 0.119%*
(0.093) (0.023) (0.031)
ARMS x PreRating -0.214%** 0.043*** -0.028*
(0.037) (0.009) (0.015)
Week FE YES YES YES
Restaurant FE YES YES YES
Treatment Trend YES YES YES
Covariates x MoY YES YES YES
Observations 5723 5723 5612
Clusters 122 122 122

Notes: This table illustrates convergence in restaurant quality following ARMS adoption. In addition to the
original explanatory variable, we include its interaction with a measure of the restaurant’s initial quality.
Standard errors are in parentheses and clustered at the restaurant level. *, ** and *** indicate statistical
significance at 10%, 5% and 1% level, respectively.

5.4.2 Dimensional Improvements

As introduced in Section 3.1, beyond the measure capturing overall restaurant quality, we identify
whether each of the six well-established dimensions is mentioned in a review and, if so, whether the
associated sentiment is positive or negative: food taste, service, environment, waiting time, price, and
food hygiene. This more granular analysis of consumer review data allows us to examine heterogene-
ity along another dimension, namely, which aspects of restaurant operations benefit most from ARMS
adoption.

Specifically, for each dimension k, we estimate the following equation:
Qualityt, = a; + A; + BFARMS;; 4+ n* ARMS;; x PreNegProp* + T(X; - MoY;) + uG; - Ti +€i,  (3)

where the dependent variable Quality¥, is the dimensional quality measure, defined as the propor-
tion of reviews containing positive comments on dimension k for restaurant i in week t. The variable
PreNegProp! denotes the proportion of reviews containing negative comments on dimension k re-
ceived by restaurant i prior to ARMS adoption, constructed in the same spirit as PreRating;.

Table 8 reports the results, with each column corresponding to one dimension. Across all dimen-
sions, we find positive effects of ARMS adoption, manifested as increases in the proportion of reviews
expressing positive feedback along the corresponding dimension. Moreover, the coefficients on the in-

teraction terms indicate that these improvements are dimension-specific. In particular, for dimensions
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in which restaurants performed relatively poorly prior to adoption (i.e., those associated with higher

PreNegProp¥), the post-adoption improvements are more pronounced.

Table 8. Dimensional Improvements

Dep. Var. Proportion of Positive Reviews on Dimension k
Environment Service Food Wailtmg Price FO(.)d
Taste Time Hygiene
1) (2) (3) (4) ) (6)
ARMS 0.138* 0.293*** 0.097% 0.234%** 0.205** 0.121**
(0.078) (0.067) (0.052) (0.059) (0.089) (0.062)
ARMS x PreNegPropk 0.027 0.082%** 0.014 0.063*** 0.1171% 0.123***
(0.034) (0.025) (0.022) (0.023) (0.025) (0.023)
Week FE YES YES YES YES YES YES
Restaurant FE YES YES YES YES YES YES
Treatment Trend YES YES YES YES YES YES
Covariates x MoY YES YES YES YES YES YES
Observations 5723 5723 5723 5723 5723 5723
Clusters 122 122 122 122 122 122

Notes: This table depicts dimensional improvements by examining whether ARMS brings about a larger impact on
dimensions where the restaurant used to perform poorly. The dependent variable is weekly dimensional quality
measured by the proportion of reviews containing positive feedback on that dimension. Standard errors are in
parentheses and clustered at the restaurant level. *, ** and *** indicate statistical significance at 10%, 5% and 1%
level, respectively.

This pattern is weaker for the environment and food taste dimensions, as indicated by interaction
estimates that are statistically indistinguishable from zero, although their signs remain positive. This is
plausible, as improvements in the dining environment often require substantial fixed investments and
may therefore be less flexible in the short run, while food taste is a fundamental attribute of a restau-
rant’s offering and may leave limited scope for adjustment. For example, a restaurant specializing in

spicy cuisine may find it difficult to respond to requests for lighter dishes.
5.4.3 Dianping History and Quality Improvement

Asnoted earlier when discussing the baseline results, improvements reflected in newly posted reviews
may carry different implications for restaurants with different histories on Dianping. For restaurants
with a longer platform history and a larger accumulated stock of reviews, displayed ratings are likely
to be less sensitive to current improvements in service quality. By contrast, restaurants with a shorter
history may face higher marginal returns to acting on customer feedback, as service improvements can
be reflected more quickly in their observed ratings and review outcomes. This reasoning suggests that
ARMS may generate larger improvements for restaurants with shorter Dianping histories.

To examine this possibility, we construct an indicator variable, LongHistory;, for treatment restau-
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rants, equal to one if a restaurant’s Dianping history exceeds the sample mean and zero otherwise. We
then augment the baseline specification in Column (4) of Table 2 by interacting the treatment indicator
with LongHistory;. Table 9 reports the results. The estimated coefficients on the interaction term in
Columns (1) and (2) indicate that restaurants with longer Dianping histories experience significantly
smaller improvements following ARMS adoption, although the coefficient loses statistical significance
in the last column. Overall, these findings are consistent with the idea that restaurants with shorter
Dianping histories face higher marginal returns to acting on customer feedback and are therefore more

motivated to leverage ARMS.

Table 9. Dianping History and Quality Improvement

Dep. Var. Average Proportion of Average
Star Rating Negative Reviews Sentiment Score
(1) 2) 3)
ARMS 0.410*** -0.090*** 0.117***
(0.102) (0.024) (0.033)
ARMS x LongHistory -0.153* 0.037** 0.007
(0.081) (0.019) (0.027)
Week FE YES YES YES
Restaurant FE YES YES YES
Treatment trend YES YES YES
Covariates x MoY YES YES YES
Observations 5723 5723 5612
Clusters 122 122 122

Notes: This table shows heterogeneous effect of ARMS-induced quality improvement by Dianping history. In
addition to the original explanatory variable, we include its interaction with an indicator that the restaurants
Dianping history exceeds the sample mean. Standard errors are in parentheses and clustered at the restaurant
level. *, ** and *** indicate statistical significance at 10%, 5% and 1% level, respectively.

6 Managerial Actions and Consumer Review Behavior

6.1 Managerial Actions: Front-End and Back-End

Research on online reputation management has largely focused on actions directly observable to con-
sumers, such as how managers publicly respond to consumer reviews on digital platforms (Anan-
thakrishnan et al., 2023; Chen et al., 2019; Chevalier et al., 2018; Deng & Ravichandran, 2024; Proserpio
& Zervas, 2017; Yang et al., 2019). Yet ARMS introduces a complementary, less visible channel through
which restaurants process negative feedback: internal discussion, coordination, and operational im-
provements. We refer to these internally oriented efforts as back-end managerial actions, in contrast to
front-end responses posted publicly on the platform. In practice, managers may allocate effort across

both channels, which are not mutually exclusive, but higher back-end engagement may reduce re-
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sources available for front-end responses due to typical constraints in manpower and time. By exam-
ining both front-end and back-end actions, this section explores how internal organizational factors,

such as staff attitudes toward negative feedback, shape the effectiveness of technology adoption.
6.1.1 ARMS Adoption and Front-End Actions

We begin by analyzing front-end actions, as exemplified by managerial responses, the practice
whereby restaurant staff may choose to reply to consumer reviews on the platform, making these
replies visible to all users browsing Dianping. Specifically, we calculate the weekly proportion of re-
views that receive a response from restaurants on Dianping and then evaluate the impact of ARMS
adoption. Table 10 reports the results, organized according to the same logic as Table 2. Consistent
with the baseline findings, we observe across all specifications that ARMS partially crowds out public-
facing replies, suggesting that the structured back-end workflow introduced by ARMS can, to some

extent, substitute for front-end review management. 9

Table 10. ARMS Impact on Managerial Response Rate

Dependent Variable: Managerial Response Rate
1) 2) 3) 4)
ARMS -0.226%**  -0.283*** -0.381*** -0.475***
(0.044) (0.093) (0.047) (0.072)

Week FE YES YES YES YES
Restaurant FE YES YES YES YES
Treatment Trend YES YES
Covariates x MoY YES YES
Observations 5723 5723 5723 5723
Clusters 122 122 122 122

Notes: This table reports changes in the front-end managerial response
rate following ARMS adoption. The specifications in each column corre-
spond to those in the matching columns of Table 2. Standard errors are
in parentheses and clustered at the restaurant level. *, ** and *** indicate
statistical significance at 10%, 5% and 1% level, respectively.

6.1.2 Back-End Staff Attitudes and Quality Improvement

The work ticket data, which record restaurant staff discussions regarding issues raised in negative re-
views, provide a unique opportunity to unpack the back-end processes through which a restaurant
improves its operations. Specifically, our empirical analysis focuses on staff attitudes toward con-
sumer negative reviews. As detailed in Section 3.2, based on the discussion texts in work tickets, these
attitudes can be broadly classified as defensive or reflective. The former reflects a tendency to attribute

complaints to consumer-related factors, such as excessive expectations, whereas the latter emphasizes

9However, we do not find a significant change in the types of reviews managers respond to or the information contained
in their responses.
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internal service or operational shortcomings. These differentiated attitudes are likely to influence the
extent to which restaurants can translate ARMS adoption into tangible quality improvements.

To empirically examine this, we compile all discussion texts at the restaurant level and classify each
text as either defensive or reflective using the DeepSeek-V3 large language model. For each restaurant,
we then calculate the proportion of texts exhibiting a defensive attitude and construct an indicator vari-
able, Defensive;, equal to one if this proportion exceeds the sample average. We interact De fensive;
with the treatment dummy and re-estimate the DID model. Two caveats are worth noting. First, be-
cause only 81 restaurants activated the work ticket management tool, the analysis is conducted on
a reduced sample. Second, work ticket data are available only after ARMS adoption, meaning that
Defensive; is based on post-treatment information. Including such a variable on the right-hand side
of the regression raises a classic “bad control” concern (Angrist & Pischke, 2009). Consequently, while
these estimates are informative about the role of back-end staff attitudes in shaping ARMS effective-
ness, they should be interpreted with caution and do not warrant a straightforward causal interpreta-
tion.

The results are reported in Columns (1) — (3) of Table 11. We find that ARMS generates signifi-
cantly smaller improvements for restaurants where internal discussions of negative reviews exhibit a
more defensive orientation. Quantitatively, the quality gains for restaurants with a defensive attitude
are less than half of those observed for their more reflective counterparts, whether measured by star
ratings or by the proportion of negative reviews. These findings indicate that the returns to ARMS are
not mechanical consequences of system installation or activation. Instead, they are related to whether
frontline staff use the system as an input for shortcoming recognition and continuous improvement,
rather than responding by deflecting blame. From a managerial perspective, an important accompany-
ing task when deploying tools such as ARMS is therefore to pair technological rollout with organiza-
tional complements that shape how employees interpret and act upon the information surfaced by the
technology. In short, effective technology adoption requires integration with organizational change,
rather than standalone implementation.

Building on the preceding results on front-end managerial responses and back-end staff attitudes,
a natural follow-up question concerns the relationship between the two. To provide suggestive evi-
dence, we again use the managerial response rate as the outcome variable and add an interaction term
between the ARMS adoption dummy and Defensive;. Column (4) of Table 11 reveals an intriguing pat-
tern: Although managerial response rates decline after adoption for both groups, the decline is slightly
smaller for the defensive group than for the reflective group. In other words, restaurants whose staff
exhibit more reflective, self-oriented attitudes toward negative reviews experience a more pronounced

reduction in front-end managerial responses following ARMS adoption.

29



Table 11. Back-End Staff Attitudes and Quality Improvement

Dep. Var. Average Proportion of Average Managerial
Star Negative Sentiment Response
Rating Reviews Score Rate
@ (2) 3) 4)
ARMS 0.510*** -0.109*** 0.161*** -0.510%**
(0.136) (0.031) (0.042) (0.085)
ARMS x Defensive -0.279** 0.061** -0.053 0.131*
(0.116) (0.026) (0.035) (0.074)
Week FE YES YES YES YES
Restaurant FE YES YES YES YES
Treatment Trend YES YES YES YES
Covariates x MoY YES YES YES YES
Observations 4840 4840 4743 4840
Clusters 99 99 99 99

Notes: This table examines how staff attitudes influence the quality improvement associated with ARMS
adoption. Restaurants are classified as defensive if the proportion of defensive discussion texts in work
tickets exceeds the sample average. The regression sample is restricted to treatment restaurants with
available internal discussion records and to control restaurants. Standard errors are in parentheses and
clustered at the restaurant level. *, ** and *** indicate statistical significance at 10%, 5% and 1% level,
respectively.

This observed negative correlation between reflective back-end attitudes and front-end manage-
rial responses suggests that the allocation of managerial effort in the wake of digital technologies like
ARMS is shaped by internal factors such as organizational culture. When staff are more open to self-
attribution and learning from operational shortcomings, a technology that facilitates the systematic
use of negative reviews can shift attention away from purely front-end actions, such as posting pub-
lic responses, toward back-end remediation. This insight also underscores that, in the literature on
managerial responses, changes in observed reply rates should be interpreted with caution. Managerial
responses are not a straightforward measure of attention or learning; rather, as our results indicate,
back-end attitudes can shape the effort managers devote to front-end actions, complicating the inter-

pretation of empirical findings in this domain.
6.2 Ripple Effects on Consumer Engagement in Review Writing

Toward the end of this paper, we go beyond restaurant-level outcomes to investigate whether ARMS-
induced improvements are reflected in changes in consumer review behavior. Because ARMS adoption
is a back-end decision that is unobservable to consumers, any differences in review behavior between
ARMS-adopting and non-adopting restaurants are likely to capture the effects of actual consumer ex-
periences, which may in turn be influenced by ARMS-driven operational improvements. Specifically,
we focus on two dimensions of review behavior: the informativeness of reviews and the effort con-

sumers invest in composing them.
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We first examine the informativeness of consumer reviews, for which we construct two measures.
The first measure is the average number of dimensions (out of six) mentioned in a review. The second
is the proportion of reviews that do not reference any specific dimension, which are largely uninfor-
mative in terms of content. Columns (1) and (2) of Table 12 present regression results using these two
measures as outcome variables. Together, the estimates indicate that, following ARMS adoption, con-
sumer reviews became more multidimensional and detailed, reflecting an increase in both the richness
and informational value of review content.

Table 12. Ripple Effects on Consumer Engagement in Review Writing

Dep. Var. Average Dimension  Topicless  Picture-attached Log Average
Count Proportion Proportion Length
) (2) (3) (4)
ARMS 0.235* -0.049 0.1727%* 0.290**
(0.138) (0.035) (0.046) (0.104)
Week FE YES YES YES YES
Restaurant FE YES YES YES YES
Treatment Trend YES YES YES YES
Covariates x MoY YES YES YES YES
Observations 5723 5723 5723 5612
Clusters 122 122 122 122

Notes: This table reports the ripple effects of ARMS on consumer engagement in review writing.
The dependent variable in Column (1) is the number of dimensions mentioned in review texts, and
Column (2) replaces it with the proportion of reviews that do not mention any dimension. In Column
(3), the dependent variable is the proportion of reviews with attached pictures. Column (4) examines
the weekly average log length of review texts. Standard errors are in parentheses and clustered at
the restaurant level. *, ** and *** indicate statistical significance at 10%, 5% and 1% level, respectively.

Another aspect of consumer review behavior is the effort exerted in writing reviews, which we
measure by (i) whether consumers attach pictures to their reviews, and (ii) the length of the review text.
Correspondingly, Columns (3) and (4) report results using the proportion of reviews with attached
pictures and the logarithm of review length as outcome variables, respectively. The estimates show
positive effects on both dimensions, indicating that consumers exerted greater effort when composing
and posting reviews on Dianping.

We acknowledge that informativeness and consumer effort are closely intertwined. Writing more
informative reviews generally requires greater effort, and, conversely, longer and more effortful re-
views are typically more informative. Therefore, the results in Table 12 should be interpreted as evi-
dence of changes in consumer review behavior, observed from complementary angles, rather than as
definitive interpretations of any single variable.

Additionally, the observed impact on consumer review writing provides further evidence that our

findings are unlikely to be driven purely by strategic manipulation. Prior research has documented
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that review solicitation or incentivization can degrade the information quality of consumer reviews
(Gao et al., 2025; Khern-am-nuai et al., 2018). Consequently, if the post-ARMS improvements were
primarily the result of strategic manipulation, such as bribing consumers to leave 5-star ratings, we
would expect consumers to expend less effort and be more perfunctory in writing reviews. In con-
trast, as shown in Table 12, consumers appear to be more engaged in drafting reviews, which directly

counters a manipulation-driven interpretation.

7 Conclusive Discussion and Managerial Implications

This paper studies how the automated review monitoring system transforms online feedback into op-
erational improvements. Exploiting the staggered adoption of ARMS, we find that adoption increases
average ratings, reduces the proportion of negative reviews, and improves textual sentiment. These
gains are not driven by review manipulation: Results are stable when excluding 5-star reviews, and
we do not observe an increase in textual similarity among 5-star reviews or masked negativity. We fur-
ther document heterogeneity: ARMS effects are stronger for restaurants with lower initial quality and
shorter Dianping history, and improvements are larger in dimensions where restaurants historically
performed poorly.

Additional analysis provides implications on managerial actions and consumer engagement in re-
view writing. First, as a tool to strengthen back-end management, the adoption of ARMS substitutes
for front-end managerial response. Second, the benefits are substantially muted when back-end atti-
tudes exhibit a more defensive style. Third, back-end attitudes are systematically related to front-end
response behavior. Finally, consumers write more detailed and multidimensional reviews following
the adoption of ARMS, which indicates higher engagement and suggests that reviews are less likely to
be subject to manipulation-driven distortions.

Our findings yield several managerial implications for restaurants and, more broadly, for firms
seeking to leverage user-generated content for operational improvement. First, the role of ARMS
highlights that the central challenge in the digital age is not the lack of consumer information, but
the ability to make publicly available information actionable. Online review platforms such as Dian-
ping already generate vast volumes of consumer feedback, yet such information is often dispersed,
noisy, and difficult to process in real time. ARMS adds value not by creating new information, but
by transforming existing public information into timely, structured, and decision-relevant inputs for
managers. This suggests that, under conditions of information overload, managerial bottlenecks in-
creasingly lie in attention, prioritization, and execution rather than in information acquisition per se.
For practitioners, investing in systems that reduce cognitive and organizational frictions in process-

ing feedback may yield returns comparable to, or even exceeding, investments in traditional quality
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monitoring technologies.

Second, our evidence on back-end staff attitudes underscores that technology alone is insufficient
to generate performance gains. Using work ticket data, we show that restaurants whose internal dis-
cussions of negative reviews are more reflective rather than defensive experience significantly larger
quality improvements following ARMS adoption. This finding implies that the effectiveness of digital
monitoring tools critically depends on how frontline employees and managers interpret and respond
to the information these tools surface. Defensive reactions that attribute complaints to consumer bias
or unreasonable expectations can blunt the learning potential of consumer feedback, even when such
feedback is delivered in a timely and organized manner. From a managerial perspective, this high-
lights the importance of complementary organizational practices, such as training, incentive design,
and leadership communication, that foster a learning-oriented mindset. Technology adoption should
therefore be paired with deliberate efforts to shape employee attitudes toward feedback, rather than
treated as a purely technical upgrade.

Third, the observed ripple effects on consumer review writing suggest the existence of a virtuous
cycle between operational improvement and consumer engagement. We find that after ARMS adop-
tion, consumer reviews become more informative, more detailed, and more effortful. This pattern is
consistent with a feedback loop in which genuine improvements in service quality motivate consumers
to invest more effort in articulating their experiences, which in turn generates richer information for
firms to learn from and further improve. For managers, this implies that quality improvement ini-
tiatives may generate indirect benefits by enhancing the informational value of subsequent consumer
feedback, thereby amplifying long-run returns. For platforms such as Dianping, these results point to
a novel mechanism to stimulate high-quality user participation: by facilitating merchants” effective
utilization of consumer feedback, platforms may indirectly encourage consumers to contribute more
substantive and informative reviews, improving the overall quality of platform content.

Taken together, our findings suggest that the managerial value of digital review systems lies not
only in aggregating information like providing star ratings but in enabling learning, shaping orga-
nizational responses, and fostering positive feedback loops between firms and consumers. Effective
deployment of such systems requires aligning technology like ARMS, organizational culture, and plat-

form design to fully realize their potential.
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A Tests of Parallel Trends Using Alternative Outcomes
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Figure Al. Dynamic Effects of ARMS Adoption on the Proportion of Negative Reviews
Notes: This figure presents estimates from the relative time model specified in Equation (2) using the two-stage

DID estimator. The x-axis denotes the number of weeks relative to ARMS adoption. Points indicate coefficient
estimates, and vertical bars represent 95% confidence intervals.
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Figure A2. Dynamic Effects of ARMS Adoption on the Sentiment Score
Notes: This figure presents estimates from the relative time model specified in Equation (2) using the two-stage

DID estimator. The x-axis denotes the number of weeks relative to ARMS adoption. Points indicate coefficient
estimates, and vertical bars represent 95% confidence intervals.
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B Robustness Checks

B.1 Results under Alternative Econometric Settings

Table B1. Robustness Check Using Alternative Model Specifications

Dep. Var. Average Rating Score
) ) ) (4)

ARMS 0.358** 0.451** 0.285*** 0.194**

[0.021] (0.214) (0.089) (0.083)
Week FE YES YES YES YES
Restaurant FE YES YES YES YES
Treatment Trend YES YES YES
Covariates x MoY YES YES YES YES
Only Treatment Restaurants YES
Propensity Score Matching YES
Lag # of Reviews YES
Observations 5723 4361 4415 5723
Clusters 10 104 89 122

Notes: This table reports results from alternative specifications to assess robustness. Column (1) replicates
the baseline specification with standard errors clustered at the firm level. In Column (2), the linear time trend
specific to treatment group restaurants is omitted, as only the treatment group is used in the regression. Column
(3) reports the estimates with 1:1 matched sample. Column (4) further includes a one-period lag of the number
of consumer reviews to proxy for demand-side shocks faced by restaurants. The p-value from the wild cluster
bootstrap method (Cameron et al., 2008; Webb, 2023) is reported in brackets in Column (1). Standard errors
in parentheses are clustered at the restaurant level for Columns (2), (3) and (4). *, ** and *** indicate statistical

significance at 10%, 5% and 1% level, respectively.
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B.2 Details of Propensity Score Matching
B.2.1 Matching Procedure

This section presents additional evidence to address the concern on the comparability of treatment and
control restaurants. We conduct propensity score matching before re-estimating the DID specification.
Specifically, we estimate a restaurant-level logit model in which the covariates include restaurant char-
acteristics mentioned in Section 3.3 and the baseline mean of the outcome variable. The fitted values
from this model are used as propensity scores. We then construct matched samples using five alter-
native matching procedures: 1:1, 1:2, 1:3 nearest-neighbor matching, and kernel matching, all with
replacement. Because the number of control restaurants is limited, the matching procedures allow
control restaurants to be used as matches for multiple treated restaurants. We therefore incorporate
the resulting matching weights in the subsequent DID regressions. After constructing each matched
sample, we return to the restaurant-week panel and re-estimate our baseline DID specification on the

matched sample.
B.2.2 Covariate Balance

To assess whether propensity score matching improves the comparability between treatment and con-
trol restaurants, we examine covariate balance before and after matching. Table B2 reports the balance
checks for the covariates used in the propensity score model. For each matching procedure, means
after matching are evaluated using the corresponding matching weights. The matched samples gen-
erally exhibit smaller differences than the unmatched sample. This pattern suggests that the matching

procedures improve balance in observable restaurant characteristics.
B.2.3 Common support

Figure B1 examines the common support of the estimated propensity scores before and after matching.
Panel (a) plots the propensity score distributions for treatment and control restaurants before match-
ing. Panels (b) — (e) show the corresponding propensity score distributions after applying alternative
matching procedures. Relative to the unmatched sample, the matched samples display improved over-
lap between treatment and control restaurants. This suggests that the matching procedures improve

comparability between treated restaurants and observationally similar control restaurants.
B.2.4 Matched-sample two-stage DID estimates

Table B3 reports the two-stage DID estimates using matched samples. Regressions preserve the same
specification as the baseline analysis in Equation (1) and incorporate matching weights. Across all
matching procedures, the estimated coefficient on ARMS remains positive and statistically significant.

These results indicate that the estimated improvement in restaurant quality is not driven by observable
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differences between treatment and control restaurants before ARMS adoption.

As an additional diagnostic, Figure B2 provides tests of parallel trends assumption by estimating
the relative time model specified in Equation (2) with matching weights. Across all matching proce-
dures, the estimates provide no evidence of differential pre-adoption trends between treatment and
control restaurants, supporting the validity of the DID framework in the matched samples. Moreover,
the estimated effects persist throughout the 24-week post-adoption horizon, further confirming the

robustness of our findings.
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Figure B1. Common Support of Estimated Propensity Scores Before and After Matching

Notes: This figure plots kernel density estimates of the estimated propensity scores for treatment and control
restaurants before and after propensity score matching. Panel (a) presents the unmatched sample. Panels (b)
— (e) present the matched samples obtained from 1:1, 1:2, 1:3 nearest-neighbor matching, and kernel matching,
respectively. The propensity score is estimated from a restaurant-level logit model using restaurant characteris-
tics and the baseline mean of weekly star rating. For the matched samples, the density estimates incorporate the
corresponding matching weights.
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Figure B2. Dynamic Effects with Propensity Score Matching

Notes: This figure presents estimates from the relative time model specified in Equation (2) with matching
weights using the two-stage DID estimator. Panels (a) — (d) present the estimates obtained from 1:1, 1:2, 1:3
nearest-neighbor matching, and kernel matching, respectively. The x-axis denotes the number of weeks relative
to ARMS adoption. Points indicate coefficient estimates, and vertical bars represent 95% confidence intervals.
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Table B2. Comparison of Covariates Before and After Matching

Treatment Treatment Control Control p-value of t test

Covariate (mean) (N) (mean) (N) for difference
Panel (a): Before Matching
Nearby population density 15345 104 13344 18 0.499
Nearby nighttime light intensity 30.198 104 25.705 18 0.086
Hotpot dummy 0.510 104 0.278 18 0.070
Baseline mean weekly star rating 4.274 104 4.307 18 0.616
Panel (b): 1:1 Nearest-neighbor Matching
Nearby population density 13065 72 11706 17 0.297
Nearby nighttime light intensity 25.802 72 26.130 17 0.673
Hotpot dummy 0.333 72 0.264 17 0.366
Baseline mean weekly star rating 4.284 72 4.298 17 0.716
Panel (c): 1:2 Nearest-neighbor Matching
Nearby population density 13065 72 11999 18 0.401
Nearby nighttime light intensity 25.802 72 26.003 18 0.795
Hotpot dummy 0.333 72 0.264 18 0.366
Baseline mean weekly star rating 4.284 72 4.277 18 0.844
Panel (d): 1:3 Nearest-neighbor Matching
Nearby population density 13065 72 12162 18 0.477
Nearby nighttime light intensity 25.802 72 26.310 18 0.506
Hotpot dummy 0.333 72 0.264 18 0.366
Baseline mean weekly star rating 4.284 72 4.292 18 0.830
Panel (e): Kernel Matching
Nearby population density 13065 72 12068 18 0.441
Nearby nighttime light intensity 25.802 72 25.880 18 0.921
Hotpot dummy 0.333 72 0.280 18 0.489
Baseline mean weekly star rating 4.284 72 4.280 18 0.907

Notes: This table reports covariate balance before and after propensity score matching under different match-
ing procedures. Means after matching are evaluated using the corresponding matching weights.
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Table B3. DID Estimates with Propensity Score Matching

Dependent Variable: Average Star Rating
1) ) (3)

ARMS 0.297*** 0.240%** 0.262%**

(0.085) (0.085) (0.085)
Week FE YES YES YES
Restaurant FE YES YES YES
Treatment trend YES YES YES
Covariates x MoY YES YES YES
Matching procedure 1:2 NN 1:3 NN Kernel
Observations 4469 4469 4469
Clusters 90 90 90

Notes: This table reports the DID estimates with propensity score matching using star rating as
the outcome variable. Columns (1) — (3) report results based on 1:2 nearest-neighbor matching,
1:3 nearest-neighbor matching, and kernel matching, respectively. Matching weights are as-
signed at the restaurant level and applied to all restaurant-week observations. Standard errors
are in parentheses and clustered at the restaurant level. *, ** and *** indicate statistical signifi-
cance at 10%, 5% and 1% level, respectively.
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C Prompts for the Large Language Model

C.1 Dimensions and Corresponding Sentiment

The prompt (English translated version) we provided to Deepseek-V3 for classifying dimensions men-

tioned and corresponding sentiment tendencies is:

You are a professional review-text dimension classification bot. Please process the text according
to the rules below:

Analysis Rules

1. Check whether the text mentions any of the following 6 dimensions: ["'Dining environment",
"Service", "Food taste", "Waiting time" , "Price", "Food hygiene" ]

2. Sentiment judgment (ONLY for mentioned dimensions):

Positive: contains explicit positive words/phrases (e.g., "comfortable", "friendly", "delicious",
"good value", etc.)

Negative: contains explicit negative words/phrases (e.g., "dirty /messy", "indifferent", "tastes
bad", "overcharging", etc.)

Mixed (both positive and negative): the same dimension includes both positive and negative
descriptions (e.g., "The staff were friendly, but they miscalculated the bill.").

Output Specification

The output should be a list of three values.

First value: whether this dimension is mentioned (0 for not mentioned and 1 for mentioned)

Second value: whether this dimension contains any positive statements (0 for no and 1 for yes)

Third value: whether this dimension contains any negative statements (0 for no and 1 for yes)

An example

Review text: “The environment in the store is quite nice, and there are many people coming to
eat here. There are free desserts, and the [dish name] is particularly delicious. I strongly recom-
mend it. There are small oranges and some snacks. The taste is good, but the business is too good,
and the dishes are served a bit slowly. The service is still very enthusiastic, and the seasonings are
complete. Overall, it’s quite comfortable to eat here.”

Result: environment: [1,1,0], service: [1,1,0], food_taste: [1,1,0], waiting_time: [1,0,1], price:

[0,0,0], food_hygiene: [0,0,0]

C.2 Back-End Staff Attitudes

The prompt (English translated version) we provided to Deepseek-V3 for classifying back-end staff

attitudes based on internal discussion texts is:
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You are a professional text classification bot. Your task is to classify a summarized negative-review
incident description for a restaurant. For each input text, generate a binary variable: defensive,
following the rules below.

Classification Rules

Set defensive = 1 if the text indicates that the restaurant attributes the incident to the customer
or the customer’s behavior, and the proposed solution focuses on addressing the customer directly
(e.g., contacting the customer to request deletion of the review, compensating or appeasing the
customer, persuasion, negotiation, or other customer-facing interventions). Otherwise, if the text
indicates that: the restaurant attributes the incident to its own issues (e.g., service failure, opera-
tional mistakes, food quality problems, hygiene problems, management issues), and the proposed
solution focuses on improving the restaurant’s own performance, set defensive = 0.

An Example

Discussion Text: “We promptly processed the customer’s use of the voucher. The customer
took a long time to scan the QR code, place the order and select the dishes, while the dishes for the
customers at the adjacent table who placed their orders quickly were served much faster.”

Result: defensive = 1.
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