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How rainy-day blues affect customers’ evaluation behavior:

Evidence from online reviews

Abstract: Although many firms deem weather conditions relevant to customers’ decision
making and satisfaction, firms often struggle to quantify the impact of weather on customers’
online evaluation behavior. By combining hourly weather data and online review data from an
online booking platform, this study found distinct review-related effects of rainy weather on
customers’ numerical review ratings versus textual review content. Specifically, customers’
ratings and engagement in textual reviews were lower when reviews were written while it was
raining. Also, rainy weather had second-order interactive effects on customers’ consumption
experiences: favorable experiences weakened the negative effects of rainy weather on ratings,
whereas unfavorable experiences mitigated customers’ unwillingness to post longer textual
reviews in rainy weather. Compared with review ratings, textual reviews were less likely to be
influenced by rainy weather as indicated by the emotional intensity of reviews. Theoretical and
practical implications of these findings are also discussed.

Keywords: online review, rainy weather, emotion-related words, review ratings, review length
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Highlights

This study explored distinct review-related effects of rainy weather on customers’
review ratings versus review contents.

Customers’ online ratings and engagement in textual reviews were lower when reviews
were written while it was raining.

Favorable experiences weakened the negative effects of rainy weather on ratings.
Unfavorable experiences mitigated customers’ unwillingness to post longer textual
reviews in rainy weather.

The emotional intensity of textual reviews was less likely to be affected by rainy

weather than review ratings.
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1. Introduction

Weather is an ever-present force in consumers’ daily lives. People often check the weather
3—4 times per day to assess the conditions and modify their behavior accordingly (Suddath,
2014). Weather-related factors have been found to correlate with individual psychological and
physical states such as mood, health effects, emotional well-being, and overall behavior (Baylis
et al., 2018; Connolly, 2013; Hsiang et al., 2013). Firms have thus increasingly begun to
consider the weather to boost business; scholars in marketing, psychology, and economics have
demonstrated that weather affects individuals and their consumption patterns (Buchheim &
Kolaska, 2016; Busse et al., 2015; Li et al., 2017; Schlager et al., 2020).

Although weather is typically considered an external environmental factor, it has started
to attract managers’ and scholars’ interest in the hospitality industry (Bujisic et al., 2019; He et
al., 2020). Practically, managers may notice poor evaluations on certain days versus others, and
such feedback may have nothing to do with product or service quality (Bujisic et al., 2019). By
analyzing comment cards and questionnaire data, Bujisic et al. (2019) investigated how the
weather while dining (e.g., temperature, precipitation, barometric pressure, humidity) affected
customers’ ratings. The authors found that diners’ moods and affective experiences mediated
the relationship between perceived weather and word-of-mouth (WOM). In many cases,
however, customers do not post evaluations immediately after consumption (Li et al., 2020).
Weather conditions at the comment stage may thus play a role in their evaluations. Customers’
online evaluations can ultimately be influenced by weather at two stages: the consumption
stage and the comment stage. Among the several empirical studies illustrating how rainy
weather at the comment stage affects online ratings (Bakhshi et al., 2014; He et al., 2020), none
appears to have considered weather conditions at the consumption stage concurrently.

Moreover, customer online reviews represent crucial electronic WOM (eWOM) for firms,
online platforms, and potential patrons (Bai et al., 2020; Chen et al., 2018; Ho et al., 2017; Liu
et al., 2019). Numerical review ratings are generic scores directly reflecting the quality of
products and services, while textual reviews offer specific descriptions of an experience. The
drafting of online textual reviews is considered a form of information processing that requires
high customer engagement (Liu et al., 2019; Wei et al., 2013). Customers’ judgment and
decisions can be influenced by online reviews, and weather may serve as an environmental
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factor affecting customers’ online review biases and behavior (Buchheim & Kolaska, 2016;
Chenetal., 2018; Li et al., 2017; Tian et al., 2018). However, it remains largely underexplored
(a) whether evaluation biases manifest in online textual reviews and (b) whether and how rainy
weather influences customers’ numerical review ratings compared with textual review content.

In addition, an individual’s experience affects their satisfaction and evaluation behavior
(Bai et al., 2020; Ho et al., 2017; Tang & Yu, 2021). The consumption experience has been
considered an antecedent to emotional arousal and response (Dellarocas & Narayan, 2006; Li
et al., 2020; Mano & Oliver, 1993; Phillips & Baumgartner, 2002). When customers evaluate
products online, favorable consumption experiences generate satisfactory emotions which may
weaken the effects of negative emotions evoked by rainy weather (Bujisic et al., 2019; Dehaan
et al., 2017; Li et al., 2017; Tian et al., 2018). Unfavorable consumption experiences lead to
unsatisfactory emotions, potentially strengthening the adverse impacts of rainy weather. Yet
few studies have investigated how the consumption experience, together with weather-related
factors, can shape customers’ online evaluation behavior.

As an early effort, this study explores a specific manifestation of rainy weather effects in
the online evaluation context: when customers post online ratings and textual reviews.
Although weather cannot be managed, the development of modern weather forecasting
technology allows individuals to obtain weather data for a given area in advance. To assess the
spectrum of customers’ evaluation behavior and provide a comprehensive understanding of
evaluation biases related to rainy conditions, this study examines the effects of rainy weather
while posting a review on customers’ overall and attribute ratings, emotion-related words used
in textual reviews, and review length. In addition to these main effects, we consider the second-
order interaction effects of rainy weather and customers’ consumption experiences on their
numerical review ratings and textual review content. Resultant insight should help managers
capitalize on weather-related effects to reduce customers’ evaluation biases and promote
eWOM.

The remainder of this paper is organized as follows. First, a theoretical background and
review of literature related to weather effects are presented to contextualize our research
hypotheses. Next, studies testing these hypotheses are described in detail, including the data,
methodology, and econometric analysis. Theoretical and managerial implications of the
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findings are then discussed. Finally, limitations and directions for future research are presented.

2. Theoretical background and literature review
2.1. Effects of weather on customer psychology and behavior

Research in marketing, psychology, and economics has shown that weather can
substantially influence customers’ thoughts, moods, and judgment (Buchheim & Kolaska, 2016;
Busse etal., 2015; Lietal., 2017; Schlager et al., 2020; Tian et al., 2018). Human senses receive
stimulation from various weather characteristics. For example, sunlight can lead the brain to
produce more serotonin, making people feel happier (Lambert et al., 2002). Serotonin
production is inhibited during rainy days, which can lead to sadness and negative emotions
such as anxiety, tension, and stress (Hsiang et al., 2013). Even without being directly exposed
to outside weather conditions, people have been found to exhibit a certain degree of tension,
anxiety, and sadness when viewing information about rainy weather (Reser & Swim, 2011).
The influences of weather on individuals’ cognition are mainly reflected in memory and
information processing: people tend to engage in more heuristic and less systematic
information processing on sunny and warm days than on cloudy and cool days (Keller et al.,
2005). Forgas et al. (2009) further indicated that negative emotions sparked by the weather can
improve memory, as evidenced by individuals recalling more goods in a shopping scene.

Researchers have particularly explored how cloudy and rainy weather negatively
influences customers’ evaluations of overall life satisfaction (Connolly, 2013; Lucas & Lawless,
2013) and consumption satisfaction, including via online ratings (Bakhshi et al., 2014; He et
al., 2020) and complaints reported on feedback cards (Bujisic et al., 2019). The effects of
weather conditions on customer behavior are also reflected in product sales (Buchheim &
Kolaska, 2016), shopping modes (Busse et al., 2015; Tian et al., 2018), and financial investment
(Dehaan et al., 2017).

Our research further complements the literature on the association between weather and
user-generated content. On social platforms, extreme weather can influence individuals’ tweets,
retweet frequency, and content categories (i.e., information, humor, and emotions) (Lin et al.,
2016). Similarly, sentiment analyses of Facebook and Twitter posts revealed rainfall and cloud
coverage to be significantly related to individuals’ emotional expression (Baylis et al., 2018):
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positive emotions declined during rainy or cloudy weather while negative emotions were more
prevalent. With respect to online reviews in particular, the present study extends prior work by
understanding how rainy weather influences customers’ emotional expression and online
reviews at the consumption stage and at the comment stage.

2.2. Effects of emotions

Previous research has illustrated the informative function of emotions, which can
influence individuals’ judgment and decisions (Pham et al., 2012; Schwarz & Clore, 1983).
People expressing positive emotions tend to positively assess their environment and make
productive decisions (Tian et al., 2018). For instance, customers in pleasant moods often
evaluate products more positively and are more likely to accept promotions (Li et al., 2017).
Isen (2001) found that people pay more attention to non-negative information when in a good
mood because they are unwilling to be exposed to negative information and seek to maintain
their happiness. On the contrary, people in a bad mood focus more on negative information
because they are vigilant and accept such information more readily.

One’s emotional state has been found to mediate weather-related factors and consumer
behavior according to the stimulus-organism-response (S-O-R) model (Mehrabian & Russel,
1974). For example, Bujisic et al. (2019) and He et al. (2020) noted that customers’ moods
mediated the association between perceived weather and WOM. Furthermore, a number of
studies have uncovered significant relationships between weather-induced emotions and stock
market trading (Dehaan et al., 2017; Lu & Chou, 2012), retail sales (Murray et al., 2010),

variety seeking (Tian et al., 2018), and responses to promotions (Li et al., 2017).

3. Hypothesis development
3.1. Impact of rainy weather on emotional expression

The effects of weather-related factors can manifest through people’s behavior with
emotional states as a mediator (Mehrabian & Russel, 1974). Generally, rainy weather elicits
negative moods, and one’s emotional state can affect their judgment and information
processing (Bakhshi et al., 2014; Forgas et al., 2009; Keller et al., 2005). As mentioned in the
literature review, a person’s mood is a source of information with which to evaluate life
satisfaction (Schwarz & Clore, 1983) and product satisfaction (Bujisic et al., 2019): people are
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likely to rate a product or service more favorably when in a pleasant mood and less favorably
when in an unpleasant mood. For instance, customers’ purchase responses to mobile
promotions are lower and slower when in a bad mood during rainy weather relative to cloudy
conditions (Li et al., 2017). This pattern is consistent with the psychological theory of “affect
as information” (Pham et al., 2012; Schwarz & Clore, 1983). One’s emotional state at a given
time increases their likelihood of recalling events that evoked similar feelings, which then leads
customers to overestimate the incidence of such events and generates rating biases (Tversky &
Kahneman, 1973). In particular, individuals are more likely to recall unpleasant events when
in a bad mood (Isen, 2001; Tian et al., 2018) and thus express more negative emotions or less
positive emotions when evaluating. Therefore, we posit that negative moods derived from rainy
weather when writing online reviews compromise individuals’ emotional expression in two
review patterns as follows:

H1: Rainy weather when writing a review negatively influences customers’online review
ratings.

H2: Rainy weather when writing a review negatively influences customers’ emotional
expression in online textual reviews.

Studies have demonstrated that individuals’ experiences can affect their customer
satisfaction (Tang & Yu, 2021), online ratings (Bai et al., 2020; Ho et al., 2017), and effort
devoted to posting online reviews (Dellarocas & Narayan, 2006; Li et al., 2020). The
consumption experience can also be viewed as an antecedent of emotional arousal and
responses which subsequently affect evaluations of satisfaction (Li et al., 2020; Mano & Oliver,
1993; Phillips & Baumgartner, 2002). In this context, positive moods are evoked when
customers evaluate favorable consumption experiences online (Li et al., 2020; Phillips &
Baumgartner, 2002). The informative function of emotions leads individuals’ emotional states
to consistently affect their judgment and decisions (Tian et al., 2018): people exhibiting positive
moods tend to make more positive decisions. Specifically, a sense of satisfaction generated
from pleasant consumption experiences induces positive emotions that may lessen the effects
of negative emotions triggered by rain on online reviews. Customers’ available time and energy
to generate evaluations are limited—but positive customers’ minds have already been made up,
and no trigger exists to prompt them to recall disappointing details. Negative emotions
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influenced by rainy weather should thus be alleviated when posting reviews. Similarly,
negative moods resulting from unfavorable consumption experiences will exacerbate the
adverse impact of rainy weather. The following hypotheses are proposed accordingly:

H3: Favorable consumption experiences weaken the negative impact of rainy weather
when writing a review on customers’online review ratings.

H4: Favorable consumption experiences weaken the negative impact of rainy weather
when writing a review on customers’emotional expression in online textual reviews.

3.2. Impact of rainy weather on review length

Weather-related factors influence human senses and affect physiological states (Hsiang et
al., 2013; Lambert et al., 2002). The senses are stimulated by numerous aspects of weather:
without sufficient sunlight, the brain produces less serotonin, which leads to lower happiness
and energy (Lambert et al., 2002) and stronger feelings of sadness, fatigue, and exhaustion
(Hsiang et al., 2013). For this reason, rainy weather influences people’s moods and can easily
lead to fatigue.

Negative feelings also diminish people’s information processing abilities. When browsing
webpages, customers engage in information collection and processing. Limited information
processing due to negative emotions leads to greater costs associated with such processing (L1
et al., 2017). When customers browse online, semantically code textual reviews (Macinnis &
Price, 1987), and even post reviews themselves, if the cost of their review process increases in
rainy weather, then the effort they devote to writing reviews should be lower. Moreover, the
length of customers’ textual reviews can signify their effort (Liu et al., 2019). In rainy weather,
customers are likely to expend less effort and to write shorter reviews:

HS: Rainy weather when writing a review decreases customers’review length.

In rainy weather, people may become lazy due to limited action mobility and information
processing (Hsiang et al., 2013; Keller et al., 2005; Lambert et al., 2002). The length of their
online reviews may also be shorter as the effort required to write increases. However,
expressing dissatisfaction with a product or service is a key motivation behind customers’
decisions to post online reviews (Hennig-Thurau et al., 2004). Customers consider the average
ratings of prior peer reviews when developing expectations of product and service quality
(Chen et al., 2018). As such, when individuals’ ratings are lower than the average of prior
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ratings (i.e., their consumption experience failed to meet their expectations), these customers
become disappointed and unsatisfied. Studies have shown that emotional arousal enhances
individuals’ likelihood of communicating, including by sharing personal information and
public news, because they are physically and mentally stimulated (Deckert et al., 2020). In this
case, the arousal of negative emotions spurs customers to act, which could increase their
motivation and cognitive capacity to write longer reviews (i.e., effectively diminishing their
laziness). That is, individuals who have had unfavorable consumption experiences might
overcome negative emotional states even under rainy conditions and actively post about their
experience as a means of self-expression or in hopes of gaining compensation. Therefore, when
dissatisfied customers’ ratings are lower than prior ratings, these customers tend to overcome
the negative effect of rainy weather and devote more effort to composing textual reviews:

H6: Unfavorable consumption experiences weaken the negative impact of rainy weather
when writing a review on customers’review length.

Our hypotheses concerning the effects of rainy weather on customers’ online evaluations

are summarized in Fig. 1.

***Insert Figure 1 Here***

4. Methodology
4.1. Data

In this study, we gathered online review and weather data from two sources. Hourly
weather data were collected from Wunderground Weather Stations via AmbientWeather.com.
Online review data were obtained from Xiaomishu (http://www.xiaomishu.com/), a leading
restaurant reservation and review platform in China. This website is particularly well suited to
our analysis, as it records the time when customers dined and posted corresponding reviews.
These data allowed for careful exploration of the impact of rainy weather on customers’
evaluations while controlling for other factors. Shanghai, China was chosen as the focal city in
this study. Shanghai is the birthplace of Xiaomishu and has the largest number of users and
sales revenue from restaurant and catering businesses. All customer reviews for restaurants in
Shanghai were collected in September 2016 using an automatic webpage crawler.
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We then merged online reviews and weather information by the hour of customers’ review
posting and dining from November 8, 2008 to September 7, 2016. We retained restaurants with
more than 30 reviews to ensure a sufficiently large sample per restaurant (Ahn et al., 2017;
Chaves et al., 2012) and ultimately kept 149,388 observations across 1106 restaurants and
42,007 customers for analysis. Each observation in our dataset included the restaurant ID,
online rating, textual reviews, dining and review times, and corresponding weather information.
4.2. Variable measurement
4.2.1. Dependent variables

Xiaomishu uses a 5-point rating scale (1 = “very dissatisfied,” 5 = “very satisfied”). In the
first part of this study, the dependent variable Rating encompassed an overall rating (Overall)
and three attribute ratings: taste of meal (Taste), restaurant environment (Environ), and service
(Service). Other dependent variables were related to textual characteristics, including Posemo,
Negemo, Anx, Anger, and Sad, respectively measured by the proportion of words expressing
positive emotions, negative emotions, anxiety, anger, and sadness among the total number of
words in a review (please refer to Appendix A for details). In the second part of the study, the
dependent variable TextLen reflected the textual review length (Liu et al., 2019).

4.2.2. Independent variable

In line with prior studies (Tian et al., 2018), we coded the independent variable (RevRainy)
as 1 if it was raining or snowing at the review hour and 0 otherwise. Similar operationalization
methods (i.e., employing a dummy variable to denote whether precipitation occurred) are
common in research (Bujisic et al., 2019; Li et al., 2017).

4.2.3. Moderating variables

The dummy variable for consumption experience (Experience) referred to a favorable
experience if the overall/attribute rating of a restaurant review was not lower than the average
overall/attribute rating of prior reviews and an unfavorable experience otherwise (Ho et al.,
2017; Li et al., 2020). This variable included four sub-variables: Experience_Overall for
overall rating, Experience_Taste for taste rating, Experience_Environ for environment rating,
and Experience_Service for service rating.

4.2.4. Control variables
To eliminate potential confounds from other weather-related variables, we controlled for
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other weather conditions at the dining time and review time (Bujisic et al., 2019; Tian et al.,
2018). To account for the restaurant heterogeneity effect, the overall/attribute average review
rating prior to the review time (AvgRating_Overall and AvgRating_Attri) and the price of per
capita consumption (AvgPrice) were controlled (Li et al., 2020; Zhang et al., 2016). Given the
impact of existing review information on customers’ evaluation behavior (Chen et al., 2018;
Liu et al., 2019; Zhang et al., 2016), we controlled for prior review volume (RevNum), average
prior review length (AvgText), variance in prior review ratings (VarRating, including
VarRating_Overall, VarRating_Taste, VarRating_Environ, and VarRating_Service), as well as
textual length (VarText) before the current review. We also controlled for certain characteristics
of the review time, namely the interval between dining and review posting (Interval), whether
a review was posted on a weekend (Weekend), and the time of day (RevTime), due to these
aspects’ potential effects on customers’ emotions and online review behavior (Golder & Macy,
2011; Li et al., 2020; Liu et al., 2019).

Table 1 lists main variables used in this study, and Table 2 presents their descriptive
statistics. Before testing the hypotheses, we conducted Pearson’s correlation analysis. The
correlations among independent variables were relatively weak, reducing multicollinearity and
enhancing the reliability and validity of our estimation results (please refer to Appendix B).
Moreover, we reported the variance inflation factors (VIFs) and tolerance values of explanatory
variables. All VIF values were less than 10 (range: 1.00-4.84), and all tolerance values
exceeded 0.1; multicollinearity was therefore not a problem in our estimation models. We log-
transformed skewed variables (i.e., TextLen, RevNum, AvgText, Interval, Posemo, Negemo,

Anx, Anger, and Sad) to achieve normality.

***|nsert Table 1 Here***

***Insert Table 2 Here***

4.3. Econometric specifications

We estimated the following equations to test our hypotheses:
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Rating;; = By + B1RevRainy;; + B,Experience;; + fsRevRainy;; X Experience;;
+ X Aij * Control;; + Restaurant; + Customer; + Year, + Month,,
+ &;j (1)
EmotionalWords;;
= B4 + BsRevRainy;; + fcExperience;; + B;RevRainy;; X Experience;;
+ X Aij * Control;; + Restaurant; + Customer; + Year, + Month,,
+ &;j (2)
TextLen;j = Bg + BoRevRainy;; + ByoExperience;; + B1RevRainy;; X Experience;;
+ X Aij * Control;; + Restaurant; + Customer; + Year, + Month,,
+ & 3)

In our econometric model, EmotionalWords;; refers to variables relevant to emotion-
related words in the review of restaurant j posted by customer i, namely Posemo;;, Negemo;;,
Anx;;, Angery;, and Sad;;. Furthermore, to control for restaurant-related heterogeneity due
to factors such as the restaurant category and systematic differences in ratings across
restaurants, we included restaurant fixed effects (Restaurant;) in our models. We also
considered customer fixed effects (Customer;) to control for individual specific effects of
evaluation behavior. Year and month fixed effects (Year, and Month,,) were included as
well to account for temporal heterogeneity (e.g., temporal trends and seasonality).

Online review ratings are typically ordinal. As such, we adopted an ordered logit model
involving ratings (i.e., overall ratings and attribute ratings) in line with previous literature
(Godes & Silva, 2012; Zhang et al., 2016). However, estimating an ordered logit model with a
large number of restaurant and customer fixed effects was infeasible. We therefore excluded
restaurant and customer fixed effects from our main estimation. We then conducted robustness
checks by treating rating as a continuous cardinal measure with restaurant and customer fixed
effects. We used an ordinary least squares regression model to test our hypotheses involving
emotional expression in textual reviews and review length. Considering the presence of

heteroscedasticity, we estimated all models with clustered robust standard errors.

5. Results
5.1. Impact of rainy weather on emotional expression
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Table 3 displays the estimation results of the ordered logit model. We used different model
specifications in Models (1) to (4) and obtained consistent results. Model (1) includes only the
independent variable, while Model (2) adds control variables. In Models (3) and (4), the
moderating variable and interaction term are added gradually. As shown in Model (4), the
coefficient of RevRainy was significantly negative, suggesting that rainy weather at the
comment time tended to decrease customers’ ratings. The significant positive coefficient of
RevRainy=Experience_Overall indicates that favorable consumption experiences moderated
the effect of rainy weather during the review process on customers’ ratings. In other words,
given a favorable consumption experience, the negative influence of rainy weather at the
comment time on a customer’s rating was weak. The coefficients of control variables reveal
that a restaurant’s higher number of previous reviews, higher prior average review rating, and
higher consumption price positively influenced customers’ online review ratings. Additionally,
customers posting ratings within a longer temporal interval after dining were more likely to

rate their experiences positively.

***Insert Table 3 Here***

We then conducted additional analyses taking various attribute ratings, rather than overall
ratings, as the dependent variable. As listed in Table 4, these results were significant and
consistent with our expectations except for the coefficient of RevRainyx<Experience_Attri in
Model (6), generally supporting H1 and H3. Essentially, customers appeared more likely to
assign taste and environment lower ratings in rainy weather, and this negative effect was
weakened if customers were satisfied with their experiences. The insignificant moderating
effect of customers’ service experiences on the relationship between rainy weather and service
ratings may have been due to the heterogeneous effects of attribute ratings. Taste, environment,
and service represent three types of clues that reflect a dining experience (i.e., functional clues,
mechanic clues, and humanic clues; Berry et al., 2002). Consistent with previous research, the
taste of food plays a primary role; the physical environment is also pivotal in one’s restaurant
experience (Zhang et al., 2014). However, employee service is associated with the humanic
factor and is more subjective. It is therefore difficult for customers to form consistent
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expectations from peer reviews.

***|nsert Table 4 Here***

We were also interested in the possible existence of rainy weather effects on emotional
expression in textual reviews. Thus, we extracted emotion-related words and analyzed whether
the effect of rainy weather was significant on the proportion of these words in textual reviews.
Specifically, the coefficients of RevRainy in Table 5 were not significant. We added moderating
variables into the models and observed that the moderating effect of consumption experience

was generally not significant. H2 and H4 were therefore not supported.

***Insert Table 5 Here***

5.2. Impact of rainy weather on review length

Based on data from the first part of the study, we included review length as the dependent
variable in our research models to test H5 and H6. Model (1) in Table 6 presents the results of
the baseline model. We noted a negative coefficient of RevRainy in that customers devoted less
effort when posting textual reviews during rainy weather, lending support to H5. In Model (2),
the coefficient of RevRainyx<Experience was significantly positive, suggesting that an
unfavorable consumption experience moderated the effect of rainy weather during the review
process on review length. In detail, for reviews with below-average ratings, the negative
influences of rainy weather while writing a review on customers’ review length was weak.
Thus, H6 was supported. Similarly, we investigated the influence of unfavorable experiences
related to different restaurant attributes (i.e., taste, environment, and service) as moderators.
The findings in Models (3) to (5) were nearly consistent. One exception is that the moderating
effect of an unfavorable experience due to a restaurant’s environment was non-significant. In
addition, the coefficients of control variables suggest that the number of previous reviews, prior
average review length, and average consumption price each negatively influenced online
review length, while variation in previous review length had a positive impact. Customers
posting reviews within a longer temporal interval after dining, on weekends, and after 12pm
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were more likely to post briefer reviews.

***|nsert Table 6 Here***

5.3. Robustness check

We first conducted robustness checks to substantiate the identified rain-related effects on
online review ratings. To test the robustness of our results and verify their sensitivity, we re-
estimated our empirical models by using ordinary least squares regression with restaurant and
customer fixed effects. The newly estimated results in Table 7 were quantitatively similar to
those in Tables 3 and 4.

Furthermore, we re-estimated the models involving emotional expression in textual
reviews and review length in Tables 5 and 6 using standard errors. The estimation results

presented in Tables 8 and 9 were highly consistent with those reported in Tables 5 and 6.

***|nsert Table 7 Here***
***Insert Table 8 Here***

***Insert Table 9 Here***

6. Conclusion and discussion

Based on combined restaurant online review and weather data, the present study examined
how rainy weather when writing online reviews influenced customers’ evaluation behavior in
a restaurant context. Our empirical results can be summarized as follows. First, customers
tended to assign lower overall ratings and attribute ratings when it was raining as they wrote
their reviews. This study also expounds on rainy weather effects on online review ratings at the
comment stage by considering the consumption stage at the same time. In addition, customers’
favorable consumption experiences seemed to lessen the negative effects of rainy weather on
their ratings for general dining, taste, and environment. The taste of food and the quality of the
environment are non-human elements influencing customers’ restaurant experiences as well as
their expectations (Wall & Berry, 2007). Yet compared with other attributes, the quality of
restaurant service tends to differ depending on the quality of staff (Zhang et al., 2014). Different
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customers may have unique demands for service and hold disparate expectations based on past
reviews. Therefore, the moderating effect of service-related experiences on the relationship
between rainy weather and service ratings was not supported in this study.

Second, rain-related factors were not identified as antecedents of customers’ emotional
expression in textual reviews. The impact of rainy weather on patrons’ emotional expression
through ratings and textual reviews can differ, potentially due to varied means of information
processing. The processing of review ratings is more imaginative (i.e., involving nonverbal and
sensory information recall), whereas the processing of textual reviews is more analytical (i.e.,
semantic and rational) (Childers et al., 1985; Oliver et al., 1993). The interpretation of review
ratings involves a holistic process and may be more susceptible to weather-related factors; by
contrast, text interpretation relies on language retrieval and coding and is less relevant to
internal sensory experiences (Macinnis & Price, 1987). Customers are especially more likely
to attribute negative emotions to unsatisfactory consumption when assigning general ratings
without much thought (Buchheim & Kolaska, 2016; Schwarz & Clore, 1983). Furthermore,
they may make different attributions after careful editing and consideration while writing
textual reviews, leading to less emotional stimulation based solely on rainy weather. Their
textual reviews and corresponding emotional intensity could therefore contain less bias. This
finding suggests an active way for potential customers to use online textual reviews to obtain
less biased information compared to simply glancing at a rating score.

Third, our findings revealed that customers tend to exhibit less engagement when
composing textual reviews during rainy weather. Considering the impact of rain on people’s
physiology and psychology, such weather conditions may cause customers to be indolent and
increase the cost associated with writing a review. We further examined the moderating effects
of consumption experiences on the relationship between rainy weather and review length.
Specifically, customers who had unfavorable experiences in terms of overall dining, cuisine
taste, and service quality were motivated to write longer reviews and less likely to be influenced
by rainy weather.

6.1. Theoretical implications

Although research has focused on the importance and determinants of improving online

ratings (Bakhshi et al., 2014; He et al., 2020), it remains unclear how weather-related factors,
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which are external environmental factors, affect customers’ online evaluation behavior. This
study makes several theoretical contributions to the literature. First, this study is among the
first to empirically investigate the prominent role of weather in online evaluation generation in
the hospitality industry. Unlike Bujisic et al.’s (2019) work, which focused on the impacts of
rainy weather at the consumption stage on customer reviews and WOM, this study considered
rainy weather during the comment stage and controlled for other weather conditions at the time
of consumption and reviewing based on hourly weather data.

Second, our results unveiled whether and how rainy weather affects customers’ numerical
review ratings compared with textual review content. Prior studies only examined basic
numerical indicators such as overall rating valence (Bakhshi et al., 2014; He et al., 2020). The
current study considered various attribute ratings, extending the literature on weather-related
effects and customers’ online rating behavior in a hospitality setting. By leveraging a text
mining technique, we investigated the impact of rainy weather on specific emotion-related
words. This study complements the literature on emotional expression in user-generated
content and online review biases by considering weather effects. Furthermore, our findings
delineate several weather-related influences on customer engagement in review length.

Third, this study sheds light on the role of customers’ consumption experiences, which
serves as an underlying moderator for weather effects on online review behavior. We uncovered
a possible mechanism behind reducing the impact of rain on reviewers’ emotional expression
and review length for the first time. Scholars have focused on the direct effects of consumption
experiences on customer satisfaction and online ratings (Ho et al., 2017; Tang & Yu, 2021). We
have added to this body of work by demonstrating the moderating effects of favorable and
unfavorable consumption experiences on the relationship between weather and online
evaluation behavior.

6.2. Managerial implications

The present study provides several important managerial implications for service
businesses and online platform management. Our findings suggest that special attention should
be given to rainy weather. We especially recommend that managers, waiters, and other
practitioners realize the potential for bias in customers’ restaurant evaluations due to poor
weather. We further recognize that customers who had favorable consumption experiences are
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less likely to be influenced by rainy weather when writing online evaluations. Restaurant
service plays a crucial role in meeting customers’ expectations and later influences patrons’
rating scores and review length (i.e., active engagement) during rainy weather. Acknowledging
these relationships is vital when analyzing customer reviews and managing employees’ shifts.
Management and service employees should also be aware that customers may be more sensitive,
or irritated, as a consequence of weather. Weather can thus shape customers’ moods and
affective experiences.

From a service provider standpoint, given that rainy weather at the time of writing a review
is likely to lower customers’ online ratings, service providers should strive to offer patrons a
pleasant experience during consumption to promote guests’ satisfaction and weaken their recall
of disappointing memories when rating the establishment later. We therefore suggest that
managers implement creative strategies to meet customers’ expectations. For example,
providing high-quality food and beverages is necessary. A warm and comfortable environment
with pleasant music or scents and even unexpected gifts could also serve as effective
experience-enhancing strategies. Managers should encourage service staff to maintain high
service standards and attend more deliberately to customers’ demands on rainy days.

With respect to online evaluation platforms, the accuracy of online reviews and customers’
engagement are each critical to these platforms’ reputation and long-term development. A few
strategies could be applied to mitigate review biases and to incentivize users to write reviews.
First, platforms could develop a system interface that includes a weather widget to monitor
weather conditions in real time. When weather conditions become unpleasant, the rating system
could offer customers helpful tips to consider when assigning ratings (e.g., encouraging quotes
and/or warm greetings) and provide more contribution credits for textual reviews. When
weather conditions are pleasant, platforms could alert users via mobile messages, encouraging
them to post an evaluation. Second, the rating system could adjust a business’s overall rating
by employing an algorithm that considers the impact of weather at review time on ratings. For
example, platform settings could adapt ratings based on whether reviews were posted on rainy
or sunny days. Lastly, platforms could post a symbol (e.g., sunny, rainy, cloudy, windy) beside
each online review reflecting the weather conditions at the time the review was written to help
potential customers make more accurate judgments by taking weather-related effects into
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account.
6.3. Limitations and future studies

Several limitations exist in the present study. First, due to data availability, we could not
test the effect of rainfall. It would be interesting to test various specifications of rainy weather
(e.g., light, medium, or heavy rain; rain as measured in millimeters) or a combination of
weather factors (e.g., temperature and wind) as data become available. Second, as the temporal
interval between consumption and review posting increases, customers’ recall of an experience
and associated extreme emotions can wane. This fading may influence the impact of rainy
weather on online evaluation behavior (Li et al., 2020). Future studies could analyze the
interaction between the time interval and weather effects. Third, considering that customers
from different regions with diverse climatic conditions likely possess unique cultural
characteristics and consumption patterns, our results do not necessarily apply to the service
industry at large. Therefore, subsequent research can extend our sample to other regions to
examine differences across heterogeneous social and cultural segments. Fourth, we observed a
significant influence of rainy weather at the comment stage on customers’ evaluation behavior
based on secondary online review data. We thus assumed customers were aware of the weather
conditions even if they dined indoors. To address this limitation, future studies can employ an
experimental design to further verify our findings by manipulating customers’ awareness of

weather conditions.
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Fig. 1. Impact of rainy weather on customers’ online evaluations
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Table 1. Variable descriptions

Variable Description

Dependent variables

Overall Overall rating

Taste Rating for taste of meal

Environ Rating for restaurant environment

Service Rating for restaurant service

TextLen Number of characters in a review

Posemo Proportion of words expressing positive emotions among total words in a review

Negemo Proportion of words expressing negative emotions among total words in a review

Anx Proportion of words expressing anxiety among total words in a review

Anger Proportion of words expressing anger among total words in a review

Sad Proportion of words expressing sadness among total words in a review

Independent variable

RevRainy Dummy variable denoting whether it was raining or snowing at the review hour (1 =
yes, 0 = no)

Moderators

Experience Dummy variable for consumption experience, referring to a favorable experience if the

overall/attribute rating of a restaurant review was not lower than the average
overall/attribute rating of prior reviews and an unfavorable experience otherwise
Control variables
(1) Weather characteristics

RevTemp Temperature (in Celsius) at the review hour

RevWind Wind-speed scale from 0 to 17 at the review hour

RevPress Atmospheric pressure (in hPa) at the review hour

DineRainy Coded as 1 if it was raining or snowing at the dining hour and 0 otherwise

DineTemp Temperature (in Celsius) at the dining hour

DineWind Wind-speed scale from 0 to 17 at the dining hour

DinePress Atmospheric pressure (in hPa) at the dining hour

(2) Review and restaurant characteristics

RevNum Number of reviews prior to the review time

AvgRating Average overall/attribute rating of reviews prior to the review time

VarRating Variance of review overall/attribute ratings prior to the review time

AvgText Average number of characters in reviews prior to the review time

VarText Variance of review length prior to the review time

AvgPrice The restaurant’s per capita consumption

Interval Temporal interval (in days) between the dining time and review time

Weekend Dummy variable denoting whether a review was posted on a weekend (1 = yes, 0 = no)
RevTime Dummy variable denoting the time of day that a review was posted (0 = morning, 1 =

noon, 2 = afternoon, 3 = evening and night)
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Table 2. Summary statistics

Variable Observations  Mean Std. Dev Min Max Skew.
Overall 149,388 4.110 0.845 1 5 -0.859
TextLen 149,388 40.687 66.279 1 2106 9.191
Posemo 149,355 6.741 11.940 0 100 4.164
Negemo 149,355 0.531 2.477 0 100 13.336
Anx 149,355 0.046 0.683 0 100 46.770
Anger 149,355 0.150 1.543 0 100 30.275
Sad 149,355 0.233 1.810 0 100 23.263
RevRainy 149,388 0.124 0.330 0 1 2.276
Experience_Overall 148,285 0.513 0.500 0 1 -0.052
RevTemp 149,388 17.950 9.306 -7 41 -0.014
RevWind 149,388 4.385 1.884 0 17 0.490
RevPress 149,388 1016.518 8.949 986 1042 0.009
DineRainy 149,388 0.116 0.320 0 1 2.400
DineTemp 149,388 18.389 9.233 -6 41 -0.100
DineWind 149,388 4.484 1.791 0 15 0.502
DinePress 149,388 1015.922 9.066 987 1041 0.068
RevNum 149,388 142.165  158.446 0 1096 3.076
AvgRating_Overall 148,285 4.078 0.306 1 5 -0.959
VarRating_Overall 148,285 0.840 0.204 0 2.828 -0.462
AvgText 148,285 51.528 29.394 1 1376 6.560
VarText 148,285 69.269 49.646 0 1108.743  2.963
AvgPrice 148,285 200.154  120.153 15.083 3036.662 2.955
Interval 149,388 124.596  313.978 0 3683 4.054
Weekend 149,388 0.259 0.438 0 1 1.100
RevTime 149,388 1.647 1.166 0 3 0.284
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Table 3. Estimation results for impact of rainy weather on online review ratings

1 ) @) “4)
DV Overall Overall Overall Overall
RevRainy -0.0237" -0.0250™" -0.0395"" -0.0547
(0.0147) (0.0181) (0.0216) (0.0270)
RevRainyxExperience_Overall 0.0346™
(0.0410)
Experience_Overall 8.1236™" 8.1192"
(0.2715) (0.2719)
RevTemp -0.0015" -0.0042™ -0.0042™
(0.0020) (0.0024) (0.0024)
RevWind 0.0028" 0.0058™ 0.0058™
(0.0033) (0.0040) (0.0040)
RevPress -0.0015" -0.0016" -0.0016"
(0.0017) (0.0021) (0.0021)
RevNum(log) 0.0539™" 0.1253™ 0.1253™
(0.0104) (0.0350) (0.0350)
AvgRating_Overall 1.1332™ 5.5110™" 55111
(0.0560) (0.1852) (0.1852)
VarRating_Overall -0.3008™" -0.2227 -0.2228
(0.0905) (0.2888) (0.2888)
AvgPrice 0.0010™" 0.0011™" 0.0011™"
(0.0001) (0.0002) (0.0002)
Interval(log) 0.0373"™ 0.0336™" 0.0336™"
(0.0039) (0.0043) (0.0043)
Weekend -0.0072 -0.0006 -0.0006
(0.0129) (0.0170) (0.0170)
Noon 0.0269" 0.0049 0.0050
(0.0143) (0.0174) (0.0174)
Afternoon -0.0654™ -0.0833" -0.0832™
(0.0182) (0.0196) (0.0196)
Evening and night -0.1813"™ -0.1372™ -0.1372"
(0.0384) (0.0476) (0.0476)
DineRainy 0.0326™" 0.0167™ 0.0168™
(0.0188) (0.0229) (0.0229)
DineTemp 0.0005 0.0005 0.0005
(0.0015) (0.0019) (0.0019)
Dinewind -0.0012 -0.0024" -0.0024"
(0.0033) (0.0038) (0.0038)
DinePress 0.0014 0.0012 0.0011
(0.0014) (0.0018) (0.0018)
Year FE YES YES YES YES
Month FE YES YES YES YES
Observations 149,388 148,285 148,285 148,285
Number of restaurants 1106 1106 1106 1106
Pseudo R? 0.0194 0.0427 0.4571 0.4571
Wald chi2 9460.92 3165.31 4595.80 4600.41
Prob > chi2 0.0000 0.0000 0.0000 0.0000
Log pseudolikelihood -171,061.60 -129,803.57 -72,412.59 -72,412.25

Notes: Robust standard errors clustered by restaurants are reported in parentheses; ™ p <0.01, ™ p <0.05, " p <0.1.
Experience_Overall was coded as 1 if the overall rating of a restaurant review was not lower than the average overall
rating of prior reviews and 0 otherwise.
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Table 4. Extended conclusions on impact of rainy weather on attribute ratings

1) (2 3) 4 ) (6)
DV Taste Taste Environ Environ Service Service
RevRainy -0.0236™ -0.0625"" -0.0202™ -0.0429™" -0.0198™ -0.0268™
(0.0231)  (0.0325) (0.0226)  (0.0299)  (0.0207)  (0.0309)
RevRainyxExperience_Attri 0.0828™ 0.0576™ 0.0112
(0.0404) (0.0399) (0.0383)
Experience_Attri 6.9180™" 6.9078™" 6.5894™" 6.5823"" 6.1162™" 6.1149™
(0.1064)  (0.1063) (0.1038) (0.1036)  (0.0834)  (0.0834)
AvgRating_Attri 442977 44298  4.2022""  4.2024™" 3.2783™" 3.2783™"
(0.1283) (0.1283)  (0.0996)  (0.0996)  (0.0904)  (0.0904)
VarRating_Attri 0.7939™  0.7941™ 0.5628™" 0.5628™ 0.4242™" 0.4242"
(0.1988)  (0.1987) (0.1719) (0.1720) (0.1260)  (0.1260)
Controls YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Month FE YES YES YES YES YES YES
Observations 148,285 148,285 148,285 148,285 148,285 148,285
Number of restaurants 1106 1106 1106 1106 1106 1106
Pseudo R? 0.4448 0.4448 0.4816 0.4816 0.4163 0.4163
Wald chi2 6561.56 6575.08 6369.24 6382.25 8337.32 8340.64
Prob > chi2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Log pseudolikelihood

-71,712.37 -71,710.37 -69,059.18 -69,058.25 -85,029.15 -85,029.11

Notes: Robust standard errors clustered by restaurants are reported in parentheses; ™ p <0.01, ™ p <0.05, " p <0.1.
Experience_Attri was coded as 1 if the attribute rating of a restaurant review was not lower than the average attribute
rating of prior reviews and 0 otherwise. Experience Attri refers to Experience Taste in Models (1) and (2),
Experience Environ in Models (3) and (4), and Experience _Service in Models (5) and (6). AvgRating_Attri refers
to AvgRating_Taste, AvgRating_Environ, and AvgRating_Service in different models. VarRating_Attri refers to
VarRating_Taste, VarRating_Environ, and VarRating_Service, correspondingly. Controls refer to RevTemp,
RevWind, RevPress, RevNum(log), AvgPrice, Interval(log), Weekend, RevTime, DineRainy, DineTemp, DineWind,
and DinePress. Estimates of these variables are not presented for brevity.
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Table 5. Estimation results for rainy effects on emotional expression in textual reviews

1) ) (©) (4) () (6) () (8) 9) (10)
DV Posemo(log) Posemo(log) Negemo(log) Negemo(log) Anx(log) Anx(log) Anger(log)  Anger(log) Sad(log) Sad(log)
RevRainy -0.0194 0.0078 0.0032 -0.0012 0.0043" -0.0046" 0.0001 -0.0032 0.0050 -0.0026
(0.0151) (0.0196) (0.0063) (0.0094) (0.0019) (0.0027) (0.0033) (0.0052) (0.0042) (0.0064)
RevRainyxExperience_Overall -0.0487" 0.0066 0.0006 0.0057 0.0036
(0.0274) (0.0112) (0.0033) (0.0058) (0.0073)
Experience_Overall 0.3892"" -0.1218™ -0.0072™ -0.0445™" -0.0677™"
(0.0115) (0.0047) (0.0015) (0.0026) (0.0032)
Constant 1.9940 0.7154 -1.1316" -0.7222 0.1203 0.1456 -0.1609 -0.0183 -0.9167™ -0.6885
(1.5709) (1.5630) (0.6514) (0.6479) (0.1859) (0.1857) (0.3436) (0.3430) (0.4484) (0.4473)
Controls YES YES YES YES YES YES YES YES YES YES
Restaurant FE YES YES YES YES YES YES YES YES YES YES
Customer FE YES YES YES YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES YES YES YES
Month FE YES YES YES YES YES YES YES YES YES YES
Observations 148,285 148,285 148,285 148,285 148,285 148,285 148,285 148,285 148,285 148,285
Number of restaurants 1106 1106 1106 1106 1106 1106 1106 1106 1106 1106
R? 0.2774 0.2912 0.1953 0.2039 0.1457 0.1460 0.1844 0.1882 0.1864 0.1924
Adj. R? 0.1484 0.1647 0.0517 0.0618 0.0164 0.0168 0.0389 0.0433 0.0412 0.0482

Notes: Robust standard errors clustered by restaurants are reported in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1. Experience_Overall was coded as 1 if the overall rating
of a restaurant review was not lower than the average overall rating of prior reviews and 0 otherwise. Controls refer to the same control variables in Table 3. Estimates of control
variables are not presented for brevity.
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Table 6. Estimation results for impact of rainy weather on review length

1) (2 3) 4 )
Moderator Experience_Overall Experience_Overall Experience_Taste Experience_Environ Experience_Service
RevRainy -0.0153™ -0.0283™" -0.0261™" -0.0174™ -0.0232™"
(0.0088) (0.0112) (0.0103) (0.0102) (0.0100)
RevRainyxExperience 0.0260™ 0.0299™ 0.0072 0.0270™
(0.0138) (0.0152) (0.0144) (0.0147)
Experience 0.0566™" 0.0528™ 0.0415™ 0.0995™*
(0.0072) (0.0064) (0.0065) (0.0070)
RevTemp 0.0008™ 0.0008™ 0.0007™ 0.0007* 0.0007
(0.0009) (0.0009) (0.0009) (0.0009) (0.0009)
RevWind -0.0032™ -0.0032™ -0.0032™ -0.0033™ -0.0032™
(0.0015) (0.0015) (0.0015) (0.0015) (0.0015)
RevPress 0.0004 0.0004 0.0004 0.0004 0.0004
(0.0008) (0.0008) (0.0008) (0.0008) (0.0008)
RevNum(log) -0.0474™" -0.0506™" -0.0496™" -0.0486™" -0.0499™"
(0.0090) (0.0090) (0.0090) (0.0090) (0.0090)
AvgText(log) -0.4189™" -0.4152™" -0.4178™" -0.4199™" -0.4137™
(0.0419) (0.0419) (0.0417) (0.0419) (0.0416)
VarText 0.0035™ 0.0035™ 0.0035™ 0.0035™ 0.0035™
(0.0003) (0.0003) (0.0003) (0.0003) (0.0003)
AvgPrice -0.0002™ -0.0002™" -0.0002™" -0.0002™ -0.0002™
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
Interval(log) -0.0516™" -0.0513™" -0.0515™" -0.0516™" -0.0512™"
(0.0020) (0.0020) (0.0020) (0.0020) (0.0020)
Weekend -0.0204™" -0.0206™" -0.0203™" -0.0204™" -0.0206™"
(0.0060) (0.0060) (0.0060) (0.0060) (0.0060)
Noon -0.0406™" -0.0399™" -0.0400™" -0.0403™" -0.0400™"
(0.0077) (0.0076) (0.0076) (0.0076) (0.0076)
Afternoon -0.0652™" -0.0668™" -0.0655™" -0.0651™" -0.0657™"
(0.0087) (0.0086) (0.0087) (0.0087) (0.0086)
Evening and night -0.0838™" -0.0886™" -0.0855™" -0.0853™" -0.0864™"
(0.0167) (0.0167) (0.0167) (0.0166) (0.0167)
DineRainy -0.0060 -0.0057 -0.0055 -0.0056 -0.0061
(0.0070) (0.0069) (0.0069) (0.0070) (0.0069)
DineTemp 0.0025™* 0.0025™* 0.0026™" 0.0026™* 0.0025™*
(0.0005) (0.0005) (0.0005) (0.0005) (0.0005)
DineWind -0.0010 -0.0011 -0.0010 -0.0009 -0.0010
(0.0012) (0.0012) (0.0012) (0.0012) (0.0012)
DinePress 0.0026™* 0.0025™* 0.0026™" 0.0026™* 0.0025™*
(0.0005) (0.0005) (0.0005) (0.0005) (0.0005)
Constant 3.0346™ 3.0154™ 2.9261" 2.9619™ 3.0520™
(0.8877) (0.8844) (0.8845) (0.8867) (0.8799)
Restaurant FE YES YES YES YES YES
Customer FE YES YES YES YES YES
Year FE YES YES YES YES YES
Month FE YES YES YES YES YES
Observations 148,285 148,285 148,285 148,285 148,285
Number of restaurants 1106 1106 1106 1106 1106
R2 0.6014 0.6020 0.6019 0.6017 0.6033
Adj. R? 0.5302 0.5309 0.5308 0.5306 0.5324

Notes: Robust standard errors clustered by restaurants are reported in parentheses; ™ p < 0.01, ™ p < 0.05, * p < 0.1. Experience
was coded as 1 if the overall/attribute rating of a restaurant review was lower than the average overall/attribute rating of prior
reviews and O otherwise. Experience refers to Experience_Overall in Models (1) and (2), Experience_Taste in Model (3),
Experience_Environ in Model (4), and Experience_Service in Model (5).
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Table 7. Robustness check for rainy effects on online review ratings using OLS regression
1 ) @) (4) () (6) () 8)

DV Overall  Overall Taste Taste Environ  Environ  Service  Service
RevRainy -0.0271™" -0.0398™" -0.0108™" -0.0170™" -0.0137™" -0.0240™ -0.0095™ -0.0133™"
(0.0057) (0.0076) (0.0054) (0.0082) (0.0052) (0.0078) (0.0061) (0.0095)
RevRainyxExperience 0.0263™ 0.0153™ 0.0168™ 0.0102
(0.0104) (0.0100) (0.0085) (0.0100)
Experience 1.1010™ 1.0977" 1.0825™ 1.0813™ 1.1079™" 1.1058™" 1.2729™" 1.2732™"
(0.0040) (0.0042) (0.0038) (0.0040) (0.0036) (0.0038) (0.0042) (0.0044)
Constant 0.5894 0.5900 0.7512 0.7516  1.1604™ 1.1673™ 0.8304 0.8298
(0.5890) (0.5889) (0.5493) (0.5493) (0.5322) (0.5322) (0.6198) (0.6198)
Controls YES YES YES YES YES YES YES YES
Restaurant FE YES YES YES YES YES YES YES YES
Customer FE YES YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES YES
Month FE YES YES YES YES YES YES YES YES
Observations 148,285 148,285 148,285 148,285 148,285 148,285 148,285 148,285
R? 0.7051 0.7051 0.7130 0.7130 0.7530 0.7531 0.7323 0.7323
Adj. R? 0.6560 0.6560 0.6652 0.6652 0.7119 0.7119 0.6877 0.6877

Notes: Standard errors are reported in parentheses; ™ p <0.01, ™ p < 0.05, “ p < 0.1. Experience was coded as 1 if the
overall/attribute rating of a restaurant review was not lower than the overall/average attribute rating of prior reviews
and 0 otherwise. Experience refers to Experience_Overall in Models (1) and (2), Experience Taste in Models (3) and
(4), Experience_Environ in Models (5) and (6), and Experience Service in Models (7) and (8). Controls refer to the
same control variables in Tables 3 and 4, correspondingly. Estimates of control variables are not presented for brevity.
The estimation results using robust standard errors clustered by restaurants are highly consistent with the results using
standard errors in this table.
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Table 8. Robustness check for rainy effects on emotional expression in textual reviews using standard errors

1) 2 3) 4 (5) (6) (7 8) ©) (10)
DV Posemo(log) Posemo(log) Negemo(log) Negemo(log) Anx(log) Anx(log) Anger(log) Anger(log) Sad(log) Sad(log)
RevRainy -0.0194 0.0078 0.0032 -0.0012 0.0043" -0.0046" 0.0001 -0.0032 0.0050 -0.0026
(0.0142) (0.0187) (0.0061) (0.0080) (0.0019) (0.0025) (0.0032) (0.0042) (0.0041) (0.0054)
RevRainyxExperience_Overall -0.0487" 0.0066 0.0006 0.0057 0.0036
(0.0253) (0.0109) (0.0034) (0.0058) (0.0073)
Experience_Overall 0.3892" -0.1218™" -0.0072"* -0.0445™" -0.0677"
(0.0103) (0.0044) (0.0014) (0.0023) (0.0030)
Constant 1.9940 0.7154 -1.1316" -0.7222 0.1203 0.1456 -0.1609 -0.0183 -0.9167™ -0.6885"
(1.4527) (1.4395) (0.6200) (0.6169) (0.1959) (0.1959) (0.3273) (0.3266) (0.4151) (0.4138)
Controls YES YES YES YES YES YES YES YES YES YES
Restaurant FE YES YES YES YES YES YES YES YES YES YES
Customer FE YES YES YES YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES YES YES YES
Month FE YES YES YES YES YES YES YES YES YES YES
Observations 148,285 148,285 148,285 148,285 148,285 148,285 148,285 148,285 148,285 148,285
R? 0.2774 0.2912 0.1953 0.2039 0.1457 0.1460 0.1844 0.1882 0.1864 0.1924
Adj. R? 0.1484 0.1647 0.0517 0.0618 0.0164 0.0168 0.0389 0.0434 0.0412 0.0483

Notes: Standard errors are reported in parentheses; ™ p < 0.01, ™ p < 0.05, " p < 0.1. Experience_Overall was coded as 1 if the overall rating of a restaurant review was not lower than the
average overall rating of prior reviews and 0 otherwise. Controls refer to the same control variables in Table 3. Estimates of control variables are not presented for brevity.
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Table 9. Robustness check for rainy effects on review length using standard errors

1) ) ®) (4) ()
Experience_OveraExperience_OveraExperience_TastExperience_Enviro Experience_Servi

Moderator Il Il e n ce
RevRainy -0.0153™ -0.0283™ -0.0261™" -0.0174™ -0.0232™"

(0.0072) (0.0098) (0.0087) (0.0088) (0.0086)
RevRainyxExperien 0.0260™ 0.0299™ 0.0072 0.0270™
ce

(0.0129) (0.0134) (0.0132) (0.0135)
Experience 0.0566"" 0.0528™" 0.0415™ 0.0995™"
(0.0054) (0.0054) (0.0053) (0.0053)

Constant 3.0346™" 3.0154™ 2.9261" 2.9619™" 3.0520""

(0.7397) (0.7392) (0.7393) (0.7394) (0.7380)
Controls YES YES YES YES YES
Restaurant FE YES YES YES YES YES
Customer FE YES YES YES YES YES
Year FE YES YES YES YES YES
Month FE YES YES YES YES YES
Observations 148,285 148,285 148,285 148,285 148,285
R? 0.6014 0.6020 0.6019 0.6017 0.6033
Adj. R? 0.5302 0.5310 0.5308 0.5306 0.5324

Notes: Standard errors are reported in parentheses; “ p < 0.01, ™ p < 0.05, " p < 0.1. Experience was coded as 1 if
the overall/attribute rating of a restaurant review was lower than the average overall/attribute rating of prior reviews
and 0 otherwise. Experience refers to Experience_Overall in Models (1) and (2), Experience_Taste in Model (3),
Experience Environ in Model (4), and Experience_Service in Model (5). Controls refer to the same control variables
in Table 6. Estimates of control variables are not presented for brevity.
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Appendix A. Text analysis

We used text mining techniques to extract additional insight from textual information. Text
analysis is a word count-based linguistic analytics approach used to quantify psychological
characteristics of textual reviews. Linguistic inquiry and word count (LIWC) dictionaries offer a
reliable and robust function for content ratings to calculate the proportion of words that match
predefined dictionaries (Ludwig et al., 2013; Tausczik & Pennebaker, 2010). To acquire scores on
psychological characteristics, customers’ review texts were operationalized in steps using the LIWC
program with the Simplified Chinese LIWC2007 Dictionary, obtained from the LIWC website after
software purchase (Pennebaker et al., 2015)™.

The first step involved data pre-processing. The space character is a normal approximation of a
word divider (i.e., word delimiter) in many languages that use the Latin alphabet, such as English.
However, the Chinese language has no equivalent to this character. We therefore used an open-source
Chinese natural language processing platform, the Language Technology Platform?, to segment
review text into words. We chose this platform given its high accuracy in word segmentation (Che et
al., 2010).

The second step included measuring the degree to which each review contained several types of
emotion-related words, namely those indicative of positive emotion, negative emotion, anxiety, anger,
and sadness (examples of word categories are shown in Table A). In the dictionary, these five emotion-
related words are coded as a number from 126 to 130. Each word can be classified as more than one
type of emotion-related word. The percentage of each of the five emotional expression categories (in
total number of words) was calculated automatically for each review. For example, if “F:(»” (“happy”
in English) appeared in a review, the count of positive emotion-related words was 1. If the word “#%&”
(“great”) appeared in the same review, the total score for positive emotion-related words became 2.
If this review text contained no other positive emotions, and the total word count was 100, its
percentage of positive emotion-related words was 2%. We used the following equation to derive the
proportions of different emotional expressions in a given textual review (positive emotions are used
in this example):

Posemo

_ PE
"~ TextWC
x 100

" http://liwc.wpengine.com/interpreting-liwc-output/

* https://github.com/HIT-SCIR/ltp
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where Posemo denotes the percentage score for positive emotions, PE denotes the number of
positive emotion-related words in the review text, and 7extW C denotes the review text’s total number

of words.

Table Al. Examples of word categories

Category Chinese example English example
Positive emotion YR, W, EHE love, nice, sweet
Negative emotion i, H, A hurt, ugly, nasty
Anxiety Hy, FH, A% worried, fearful, uneasy
Anger WK, %, W hate, kill, annoyed
Sadness SRz, Mfh, A crying, grief, sad
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Appendix B

Table B1. Correlation analysis

@ 2 (©) 4) (©) (6) () ©) ) 9 day d2 (a3 (@4 (a5 (a6 (A7) (18)
(1)RevRainy 1.000
(2)Experience_Overall -0.002 1.000
(3)RevTemp -0.104 -0.003 1.000
(4)RevWind 0.048 -0.001 0.028 1.000
(5)RevPress -0.056 -0.002 -0.845 -0.040 1.000
(6)DineRainy 0.079 0.007 -0.033 0.000 -0.014 1.000
(7)DineTemp -0.027 -0.003 0.604 0.030 -0.505 -0.100 1.000
(8)DineWind 0.009 -0.006 0.028 0.123 -0.039 0.023 0.022 1.000
(9)DinePress -0.000 -0.004 -0.556 -0.039 0.566 -0.064 -0.853 -0.039 1.000
(10)RevNum -0.000 -0.048 0.005 -0.000 -0.013 0.000 0.006 0.014 -0.005 1.000
(11)AvgRating_Overall  -0.006 -0.177 0.002 0.013 0.003 -0.002 0.012 0.024 -0.008 0.086 1.000
(12)VarRating_Overall 0.005 0.000 -0.016 -0.004 0.019 0.003 -0.005 -0.012 0.003 0.051 -0.262 1.000
(13)AvgText -0.001 0.065 0.005 -0.017 -0.005 0.007 -0.001 -0.036 -0.005 -0.098 -0.207 0.105 1.000
(14)VarText -0.002 0.032 0.001 -0.003 -0.004 0.004 -0.001 -0.022 -0.007 0.036 -0.079 0.150 0.482 1.000
(15)AvgPrice 0.005 -0.024 -0.004 0.008 0.005 0.003 -0.007 -0.002 0.005 -0.055 0.335 -0.138 -0.072 0.031 1.000
(16)Interval 0.006 0.006 -0.020 -0.000 0.025 0.001 0.003 -0.020 -0.007 0.107 0.007 0.031 -0.045 -0.011 0.006 1.000
(17)Weekend 0.011 -0.005 -0.004 -0.017 0.000 0.008 -0.008 -0.003 0.008 -0.000 -0.001 -0.002 -0.007 -0.002 0.006 -0.010 1.000
(18)RevTime 0.000 -0.012 -0.087 -0.089 -0.015 0.001 -0.007 -0.006 0.005 0.024 -0.004 0.002 -0.003 0.001 -0.008 -0.006 0.030 1.000
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