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Abstract  

Online reviews and ratings have evolved into valuable resources for consumers as well as 

businesses. Given that an astronomical number of reviews are being posted on online review 

platforms, the roles of consumers and review platforms need to be investigated. This dissertation, 

therefore, investigates the interplay between online reviews and consumers. In Essay 1, the 

impact of various graphical representations of online rating distributions on consumer decision-

making is studied. While displaying rating distributions in proportional versus simple bar graphs 

leads to lower product evaluations, it reduces other cognitive biases. This negative impact is 

reduced with an increase in the distribution’s peak value. Essay 2 investigates how consumers’ 

characteristics affect the textual content of negative online reviews. Consumers write negative 

reviews to complain about various aspects of products and services. We find that compared with 

liberal individuals, conservative consumers are more likely to complain about their 

dissatisfactory personal interactions with service employees in their reviews. As well as making 

significant contributions to both practical and theoretical issues, the two essays offer valuable 

ideas for future research. 
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Abstract 

Prior research has indicated that online consumer reviews significantly influence consumers’ 

decisions. However, existing research has focused mainly on online review attributes (e.g., average 

ratings) that firms do not fully control; only limited research has investigated how controllable 

attributes (e.g., review display formats) affect consumers. Drawing on the research on graphical 

perception and proportion judgments, the authors examine the effectiveness of two prominent 

graphical display formats used by major e-commerce platforms―one that displays rating 

distributions in a proportional format (e.g., Amazon) and one that does so in a simple format (e.g., 

Google). By implementing a multimethod approach, the authors find that consumers respond less 

favorably to an item when its rating distribution is displayed in a graphically proportional format. 

Furthermore, this effect is attenuated as the distribution’s peak value increases. The authors discuss 

the contributions to the marketing literature and provide insights that can enable managers to make 

more informed decisions. 

 

Keywords: online consumer reviews, rating distribution, proportion judgment, graphical displays 
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Introduction 

 

With the burgeoning of e-commerce, just about everything is reviewed on third-party 

platforms and e-commerce websites, offering consumers access to a vast array of online word of 

mouth (WOM). Given the enormous number of posts, it is impossible for visitors to these 

websites to read all the reviews that a product or service receives. Review platforms provide 

meaningful summary information (e.g., products’ average rating, the number of reviews, and 

rating distributions) extracted from online consumer reviews to facilitate decision-making. While 

most platforms offer the same types of summary information, they typically use a wide variety of 

visual formats to exhibit the distribution of individual ratings (e.g., bar graphs in different forms, 

orientations, colors, and sizes) and their weighted averages (e.g., stars, bubbles, and squares). 

Prior studies have extensively investigated the impact of the various attributes of online 

WOM, including the textual content of reviews, the number of reviews, average ratings, and their 

variance, on consumer decision-making (e.g., Chevalier and Mayzlin 2006; Rocklage and Fazio 

2020; Rosario Babić et al. 2016; Schoenmueller, Netzer, and Stahl 2020; Wang, Liu, and Fang 

2015; Watson, Ghosh, and Trusov 2018). However, the research examining how the visual 

representation of review summary information affects consumers’ purchase decisions is limited 

(Fisher, Newman, and Dhar 2018; Rozenkrants, Wheeler, and Shiv 2017). The primary question 

we address in the current research is whether identical online rating distributions displayed in 

various formats can have different influences on consumer evaluation and choice. More 

specifically, we examine the impact of two classes of distribution formats widely used by 

prominent platforms on consumer judgment―proportional bar graphs (used by Amazon, 

Trustpilot, and TripAdvisor; Figure 1: left panel) and simple bar graphs (used by Google, Yelp, 

and Facebook; Figure 1: right panel). 
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[INSERT FIGURE 1 ABOUT HERE] 

This aspect of online WOM is crucial because (1) previous research has shown that 

consumers rely heavily on rating distributions in their decision-making (Fisher et al. 2018; He 

and Bond 2015; Rozenkrants et al. 2017), (2) surveys have shown that the rating distribution 

summary is the most utilized feature of online WOM by consumers (Baymard 2017), and (3) 

unlike many other attributes, the presentation aspects of online WOM summary information are 

fully controlled by review platforms. 

As Figure 1 shows, the fundamental difference between a proportional and simple bar 

graph is that the former (left panel in Figure 1) graphically displays the value of each star rating 

as a part-to-whole relationship, whereas in the latter (right panel in Figure 1), each star rating bar 

offers only information about its own value. Therefore, a proportional bar graph provides two 

fixed reference points—0 and all (100%) of the ratings—against which each bar can be visually 

compared. In other words, the value of each star rating in a proportional bar graph is shown 

using two areas. In one area, the proportion of people who have given a specific rating score 

(e.g., 5 stars) is highlighted. The other area, which is either lightly shaded or is the blank space 

between the end of the bar and the explicitly written values, represents those who have not 

assigned that rating score to the item, making part-to-whole relationships graphically available. 

In contrast, a simple bar graph displays information as individual values rather than as parts of a 

greater value by highlighting only the group of people who provided a specific rating, which 

offers only one fixed reference point (i.e., 0). 

Drawing on the research on graphical perception and proportion judgment (e.g., Bonato 

et al. 2007; Hollands and Dyre 2000; Hollands and Spence 1998, 1992; Varey, Mellers, and 
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Birnbaum 1990), we contend that consumers evaluate an item less favorably when its rating 

distribution is displayed in a proportional rather than simple format. Specifically, we draw 

attention to a unique aspect of proportional bar graphs: graphical part-to-whole relationships. We 

argue that consumers rely on these graphical part-to-whole relationships to make sense of rating 

distributions and assess target items. Previous research has found that individuals tend to 

overestimate small proportions and underestimate large proportions (Hollands and Dyre 2000; 

Varey et al. 1990). Given that a copious amount of research (e.g., Hu, Pavlou, and Zhang 2017; 

Moe, Netzer, and Schweidel 2017; Schoenmueller, Netzer, and Stahl 2020) has indicated a 

positive imbalance in reviews (i.e., an overwhelming majority of reviews average four and above 

on a 5-point scale), we contend that the graphical presence of part-to-whole relationships 

dampens the evaluation in a proportional format vis-à-vis a simple format. For instance, we 

argue that consumers’ subjective values of 5- and 4-star ratings (53% and 34%, respectively) in a 

proportional bar graph (as exhibited in the top panels of Figure 1) are lower than their subjective 

values in a simple bar graph because of consumers’ tendencies to underestimate large 

proportions. We present five multimethod studies in the main manuscript and four in the 

Appendices in support of our proposition. 

This research has important implications from both theoretical and managerial 

perspectives. First, this work extends the existing literature by studying a neglected feature of 

online WOM. Although prior research has suggested that presenting rating distributions in 

graphical displays affects consumers’ evaluation of ratings (e.g., Fisher, Newman, and Dhar 

2018; He and Bond 2015), it is still unclear how various graphical representations of ratings may 

affect consumers’ interpretation of them. The current research scrutinizes the visualization aspect 

of online ratings to provide valuable insights into how and why rating distributions presented in 
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various graphical formats may engender different judgments and choices. Second, by identifying 

the graphical format of rating distributions as an essential factor in the formation of consumers’ 

judgments of online ratings, we present online review platforms and businesses with 

recommendations that can improve their performance. Third, by demonstrating how different 

graphical representations of ratings affect consumers’ perceptions of those ratings, the findings 

of the current research contribute to graphical perception research as well as to the prior research 

that has found systemic biases in the way individuals evaluate proportions. 

In the ensuing sections, we discuss the relevant literature and develop our conceptual 

framework and specific hypotheses. We then report the findings of nine studies designed to test 

those hypotheses and the underlying processes. Finally, we discuss the theoretical and 

managerial implications of this work and some avenues for future research. 

 

Conceptual Background 

 

Displaying rating distributions, as opposed to statistics such as average ratings, can lead 

to very different outcomes (e.g., Fisher, Newman, and Dhar 2018; He and Bond 2015; 

Rozenkrants, Wheeler, and Shiv 2017). Prior research, however, has focused mainly on how 

consumers incorporate distribution summary information into their decisions and the situational 

factors that influence these decisions. For instance, research has found that consumers tend to 

engage with rating distributions via categorization, summation, and deduction processes rather 

than via the mere extraction of information (Fisher et al. 2018). Consumers use distribution 

graphs to infer the level of dispersion (or consensus) in ratings, which influences their 

evaluations (Khare, Labrecque, and Asare 2011). Moreover, the same rating distribution affects 

consumers’ decisions and choices differently depending on the product category (He and Bond 
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2015) or situational factors such as the activation of self-expression goals (Rozenkrants et al. 

2017). 

Utility maximization models suggest that the distribution of a set of ratings should 

generate equivalent evaluations and choices, regardless of its presentation format (Tversky and 

Kahneman 1986). Empirical evidence (Cleveland, Diaconis, and McGill 1982; Kahneman and 

Tversky 1979; Stone, Yates, and Parker 1997), however, shows otherwise because varied 

representations of the same information highlight its different aspects and thus alter cognitive 

processes, influencing task performance (Bettman and Kakkar 1977; Kim and Lakshmanan 

2021) and consumer preferences (Bettman, Luce, and Payne 1998). Advancing this line of 

reasoning, we predict that providing part-to-whole relationships graphically by displaying rating 

distributions in a proportional (vs. simple) format affects consumers’ cognitive processes and 

outcomes. Moreover, we argue that the graphical representations of part-to-whole relationships 

propel consumers into distinct perceptual and cognitive tasks, which lead to lower evaluations. 

For deeper insight into the underlying processes, we first examine the two graphical formats 

through the lens of length and proportion judgments and develop our hypotheses. Then, we 

discuss other differences that may lead to the same or other hypotheses. 

Biases in Length and Proportion Judgments 

Research on graphical displays has found that consumers tend to give more weight to 

graphical information than to verbal information (Lurie and Mason 2007). Therefore, in both 

simple and proportional bar graphs, consumers’ decisions should be more influenced by 

graphical cues (i.e., bars) than by textual information (i.e., written frequencies or percentages). 

However, the fundamental differences in graphical cues provided by each format lead to distinct 
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cognitive tasks. Prior research has found that while perceptions of changes and differences are 

direct with simple bar graphs (i.e., they require fewer mental operations), perceptions of 

proportions are direct with proportional bar graphs (Hollands and Spence 1992). Therefore, 

while simple bar graphs naturally lead consumers to compare the bars through length judgments, 

individuals process proportional bar graphs by engaging in proportion judgments. As a result, to 

examine how consumers may be influenced by each graphical format, we should first discuss 

how length and proportion judgments are made and what factors may influence these judgments. 

Length judgments. Previous research has shown that individuals are quite accurate in 

judging lengths (Cleveland and McGill 1986, 1987). For example, Cleveland and McGill (1984) 

find that judging and comparing the length of graphical cues is among the easiest perceptual 

tasks that can be performed by an individual. On the other hand, Hollands and Dyre (2000) 

report a perfectly linear relationship between the true length of a stimulus and individuals’ 

subjective judgment of that length. In a simple bar graph, the only informative attribute of a bar 

is its length. Therefore, given that (a) a linear relationship exists between the objective and 

subjective lengths of a stimulus, and (b) the relative lengths of bars are determined by their 

values, engaging in length judgments should not lead to a biased perception of ratings. 

 Proportion judgments. Unlike length judgments, research has identified two biases in the 

judgment of proportions: small proportions are overestimated, while large proportions are 

underestimated (Gonzalez and Wu 1999; Hollands and Spence 1992; Hollands, Tanaka, and 

Dyre 2002; Landy, Guay, and Marghetis 2018; Slusser and Barth 2017; Slusser, Santiago, and 

Barth 2013; Tversky and Kahneman 1992; Zhang and Maloney 2012; Zhang, Ren, and Maloney 

2020). Proportion judgments have been studied mainly in the context of perceptual magnitude 

judgments, where biased assessments of part and whole magnitudes lead to biased estimates of 
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proportions (e.g., Hollands and Dyre 2000; Hollands, Tanaka, and Dyre 2002; Sullivan et al. 

2011). A consistent finding of proportion judgment research is that individuals tend to 

overestimate small proportions and underestimate large proportions (i.e., an inverted S-shaped 

curve), which suggests that when judging proportions, the subjective perception of a large 

[small] proportion is smaller [greater] than its true value (Figure 2). 

[INSERT FIGURE 2 ABOUT HERE] 

This bias pattern, however, is not limited to graphical representations and has been 

observed in various contexts, including gambling and probability judgments, ratio and proportion 

judgments, time perception, and scale reading (for a review, see Holland and Dyre 2000). 

Tversky and Kahneman's (1992) cumulative prospect theory has also documented the same 

pattern in proportion judgments. They argue that:  

Overweighting of small probabilities contributes to the popularity of both lotteries and 

insurance. Underweighting of high probabilities contributes both to the prevalence of 

risk aversion in choices between probable gains and sure things, and to the prevalence of 

risk seeking in choices between probable and sure losses. (p. 316) 

A crucial finding of this research is the extent to which individuals’ judgments of 

proportions are biased. As displayed in Figure 2, the estimation errors (i.e., the subjective 

proportion minus the true proportion) committed by individuals when judging small proportions 

are much smaller than the estimation errors for large proportions. Consequently, we expect the 

underestimation of large proportions to be more influential in determining how consumers 

evaluate rating distributions displayed in proportional bar graphs. Consistent with these findings, 

we predict that displaying rating distributions in proportional bar graphs lowers consumers’ 

judgment of large proportions (i.e., positive ratings) and, consequently, their judgment of the 
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target item. To explain how those underestimations may influence consumers, we next discuss 

the findings of previous research on how consumers process rating distributions in different ways 

and how these processes may be influenced by proportion and length judgments. 

Consumers’ Processing of Rating Distribution and Hypothesis Development 

In both simple and proportional bar graphs, consumers extract bar values and utilize this 

information in different ways (Fisher et al. 2018; Rozenkrants et al. 2017; West and Broniarczyk 

1998). In this section, we discuss how graphical proportions may influence the tasks that are 

involved in processing the distribution of a set of ratings and how the effect of the graphical 

format is influenced by the shape of the rating distribution. 

Information extraction. Extracting values is the first and most basic task in processing a 

rating distribution. While consumers extract information from simple bar graphs by assessing bar 

lengths, the extraction of information from proportional bar graphs is influenced by automatic 

proportion judgments. Given that an overwhelming majority of reviews average four and above 

on a 5-point scale (Hu et al. 2017; Moe et al. 2017; Schoenmueller et al. 2020), 4- and 5-star 

ratings account for larger proportions of all ratings in most cases, and as a result, 1- and 2-star 

ratings account for smaller proportions. This finding is also confirmed by our analysis, which 

revealed that 86% [83%] of the reviews posted on Google [TripAdvisor] in Study 1 had either 

four or five stars. Therefore, a lower subjective judgment of large proportions with a proportional 

bar graph should lead to an underestimation of positive ratings. Hence, we expect consumers to 

form a lower evaluation of an item when its rating distribution is displayed in a proportional (vs. 

simple) bar graph. Formally, we propose the following: 



 

 

11 

 

H1: Since the subjective values of large proportions are smaller than their objective 

values, using a proportional (vs. simple) bar graph leads to a lower evaluation of the 

target item. 

Role of peak value. A distribution’s peak value (i.e., the value of the tallest bar) can range 

between 20% (when ratings are distributed uniformly) and 100% (when any single bar has all 

ratings). Peak value, therefore, is a useful indicator of how an item’s ratings are distributed. 

Distributions with high peak values include fewer large proportions than do those with smaller 

peak values. For instance, while a distribution whose peak value is 90% has only one large 

proportion (i.e., the peak value itself), a distribution with a peak value of 40% is likely to have 

multiple large proportions. As suggested in Figure 2, the difference between the subjective 

judgment and the true value of a proportion is smaller at the two ends or boundaries (i.e., 

estimation errors are smaller for proportions closer to 0 or 1). One explanation for this 

phenomenon is that there is little room for error at the two boundaries (Hollands and Dyre 2000; 

Spence and Krizel 1994). Therefore, with an increase in the peak value, the underestimation of 

large proportions diminishes for two reasons: (1) fewer large proportions, which can be 

underestimated, exist, and (2) underestimation sizes are smaller for proportions that are closer to 

one (i.e., a large peak value). Consequently, the negative effect of using proportional bar graphs, 

as described in H1, should be moderated by the peak value. In other words, we propose the 

following: 

H2: As the peak value increases, the negative effect of displaying rating distributions in 

the proportional format becomes weaker, leading to a positive, two-way interaction 

between the graphical format and the peak value of the distribution. 

Categorical thinking and binary bias. Information extraction is the first step in evaluating 

rating distributions. Aggregating 4- and 5-star [1- and 2-star] ratings and perceiving them as 
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being equally positive [negative] is another crucial task undertaken by consumers to process 

rating distributions, resulting in a binary assessment of ratings (Fisher et al. 2018). This process, 

therefore, leads to the imbalance score (defined as the difference between the proportion of 5- 

and 4-star reviews and that of 1- and 2-star reviews) having a positive impact on product 

evaluations, even after controlling for other statistics such as average rating, peak value, and 

variance of ratings. 

We propose that the graphical format in which ratings are displayed should influence 

such mental operations in at least two ways. First, given that perceptions of changes and 

differences are direct with simple bar graphs, consumers who view simple (vs. proportional) bar 

graphs should be more likely to carry out mental calculations found in binary bias research. 

Second, a lower subjective value of positive ratings (as discussed previously) in proportional (vs. 

simple) bar graphs should lead to a lower subjective value of the imbalance score. Therefore, we 

expect binary bias to be less influential when rating distributions are displayed in a proportional 

(vs. simple) bar graph. More formally, we propose the following: 

H3: The positive impact of the imbalance score on product evaluation is weaker when 

distributions are displayed in the proportional (vs. simple) bar graph format. 

In addition to the presence or lack of graphical proportionalities, simple and proportional 

bar graphs differ in several other aspects, including bars’ relative and absolute lengths, mutable 

and fixed reference points, and the number of graphical cues provided. These differences, 

therefore, may also lead to altered judgments and may make the processing of one format easier 

than that of the other. In the next section, we examine these differences and discuss the extent to 

which they may support or undermine our predictions through two lenses: visual perception and 

processing fluency. 
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Differences Beyond the Presence of Part-to-Whole Relationships 

Absolute bar lengths. When the same space is dedicated to both graphs, because of the 

nature of the two formats, all bars in simple bar graphs appear taller and consequently more 

visually salient than those in proportional bar graphs. Therefore, one explanation for our main 

proposition that proportional bar graphs lead to lower evaluations (H1) can be that this difference 

in the absolute length of the bars and their visual salience may alter the perception of ratings and 

items’ favorability. In other words, consumers may evaluate simple bar graphs more positively 

simply because the bars in such graphs are taller and more salient. While this potential 

explanation seems plausible, at least one strong counterargument exists. Both negative and 

positive bars in a simple bar graph appear taller with the same ratios. Therefore, the underlying 

assumption of this explanation is that the effect of increasing the saliency of positive ratings is 

stronger than that of negative ratings (i.e., a positivity effect). However, the research on the 

negativity effect (Ahluwalia 2002; Klein and Ahluwalia 2005) suggests otherwise. 

 Relative length judgments. Another visual difference between simple and proportional 

bar graphs is how bars appear differently relative to bar graph borders (i.e., chart area). Thus, the 

second explanation for why proportional bar graphs lead to lower evaluations (H1) could be that 

instead of proportional judgments, consumers judge the size of the bars relative to the chart area, 

and the smaller relative size of the bars in proportional bar graphs leads to a lower evaluation. 

This explanation is unlikely, as it also requires the positivity effect assumption mentioned earlier. 

We test both absolute and relative length judgment explanations in Study 3. 

 Number of graphical cues. The third possible explanation for why proportional graphs 

lead to lower evaluations (H1) could be rooted in how visually crowded they are. A proportional 

bar graph has more graphical cues than does a simple bar graph (see Figure 1’s top panels). The 
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mere presence of those additional shaded rectangles may lead to lower evaluations. The 

crowdedness of proportional bar graphs may also lower their visual appeal, leading to lower 

evaluations. While these explanations seem plausible, and we test them in our studies, they do 

not predict any outcome regarding the moderating role of the peak value (H2) and how binary 

bias (considering high rating scores equally positive and low scores equally negative) is 

influenced by the graphical format (H3). 

Graphical Formats and Processing Fluency 

Processing fluency is defined as the subjective experience of the ease with which 

incoming information is processed (Lee and Labroo 2004). Research has shown that higher 

processing fluency can lead to a higher evaluation of the target stimulus (Shen, Jiang, and 

Adaval 2010), as consumers tend to misattribute the fluency of information processing to the 

stimulus itself and associate fluent stimuli with greater appeal (Schwarz 2004). Before discussing 

the differences in the two graphical formats (i.e., simple and proportional bar graphs), it should 

be noted that the processing fluency research suggests that consumers should evaluate both 

distribution graphs more positively or at least as positively as distribution tables because 

graphical perception research has shown that offering information in a graphical format 

facilitates cognitive processes (Lurie and Mason 2007; Scaife and Rogers 1996). However, it is 

not apparent whether simple or proportional bar graphs are easier to process, but this may 

become more evident when examined through the following vantage points. 

Complexities incurred by the number of graphical cues and lack of information. 

Graphical perception research finds that the number of elements displayed in a visual stimulus is 

essential in determining its complexity: the more graphical cues a stimulus has, the more 
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complicated it is (Hegarty 2011). According to this view, processing a distribution displayed in a 

proportional bar graph should be more complicated than when it is displayed in a simple bar 

graph. The lower processing fluency caused by a higher number of cues can lead to lower 

product evaluations and explain why the use of proportional graphs leads to lower evaluations of 

the target item (H1). Conversely, a proportional bar graph offers more information than does a 

simple bar graph. Therefore, a lack of information can make the processing of a simple bar graph 

distribution more complex, leading to lower evaluations, which contradicts H1. 

Complexities incurred by shifts in reference points. As discussed earlier, the two formats 

lead to crucial differences in the reference points against which the values are compared. In a 

proportional bar graph, a bar’s apparent length is determined solely by its own value, meaning 

that a full [half empty] bar always represents 100% [50%] of the ratings. Thus, the reference 

point against which the value of each bar is visualized (and therefore compared) is always a 

constant number (i.e., 100% of the ratings), leading to proportion judgments. In a simple bar 

graph, however, the length of a bar is determined by its value as well as the distribution’s peak 

value. In simple bar graphs, therefore, the reference point against which individual bars are 

visualized is the distribution’s peak value, which changes from one distribution to another. The 

crucial question, therefore, is to what extent do mutable reference points (i.e., peak values) affect 

the processing fluency of simple bar graphs and consumers’ evaluations? 

From this perspective, we contend that the processing fluency of simple bar graph 

distributions depends on the number of stimuli being processed at a time or in a sequence (i.e., 

the number of items being evaluated). When evaluating a single item, no initial reference point 

that needs to be changed exists. However, when multiple simple bar graph distributions are 

involved (e.g., in the sequential evaluation task in Studies 2 and 3), changing reference points 
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from one distribution to another should make the processing of simple bar graph distributions 

more difficult. Thus, while processing one simple bar graph distribution should not be more 

complicated than processing its proportional bar graph counterpart, processing multiple simple 

bar graph distributions should be more complicated. Therefore, a processing fluency explanation 

predicts no difference in single-item evaluation tasks but predicts lower evaluations of simple bar 

graph distributions when multiple products or services are involved. In other words, this 

interpretation of processing fluency predicts that we should observe no difference in the 

evaluations of simple and proportional bar graph distributions in between-subjects studies 

(Appendices A, B, and C) and the opposite of the central proposition (H1) in mixed-design 

studies (Studies 2 and 3 and Appendix D). Moreover, this interpretation predicts that consumers 

who view rating distributions in simple bar graphs require more time processing the information 

(Westerman, Lanska, and Olds 2015) than those who view proportional bar graphs (Studies 3 

and 4 and Appendix A). 

 

Overview of Studies 

 

We report the results of nine studies, including five in the current manuscript and four in the 

Appendices. Study 1 is an observational study where we test whether the ratings that are 

provided for a particular business differ on two platforms that use different graphical formats. In 

Study 2, we ask online participants to evaluate several target items whose ratings are displayed in 

simple or proportional bar graphs using a large sample of 200 unique distributions. This study 

provides a robust test of the effect of the graphical format and its generalizability in a controlled 

setting, testing H1 (proportional graphs lead to lower ratings than do simple bar graphs), H2 (as 

peak values increase, the negative effect of proportional graph format lessens), and H3 (the 
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impact of the imbalance score is weaker in the proportional bar graph format). In Study 3, we use 

five graphical formats of different sizes and visual appearances along with a table format to test 

alternative explanations. Study 4 tests the roles played by proportion and length judgments in the 

perception of ratings, and finally, in Study 5, we examine the effect of the graphical format on 

consumers’ choices. Appendices A, B, C, and D provide additional support for our propositions 

in different contexts. 

In Studies 2 and 3, we administered Fisher, Newman, and Dhar's (2018) four-item, ten-

point Likert scale [“How do you feel about this product/service (unfavorable/favorable)?” “How 

would you expect your experience of this product/service to be (very negative/very positive)?” 

“How likely would you be to buy this product/service (very unlikely/very likely)?” and “How 

much would you be willing to pay for this product/service (not a lot/very much)?”] in 

randomized order. Study 4 asked participants to estimate the number of ratings associated with a 

star-rating when ratings were displayed in simple or proportional bar graphs. 

In each experiment, a between-subjects design was used for the graphical format, where 

at least two graphical formats were included. Moreover, each experiment involved a unique 

sample of participants who had not taken part in previous studies. For experiments performed via 

Amazon Mechanical Turk (MTurk) and Prolific users, we administered an attention test at the 

beginning, allowing only those who followed the instructions to participate in the experiments 

(Appendix E). 

 

Study 1: Do Consumers Rate the Same Businesses on Various Platforms Differently? 

 

This study aimed to test the extent to which the ratings of a product or service might 

differ across platforms, especially on those that display rating distributions in different formats. 
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This question is crucial because the format in which ratings are displayed may also affect future 

customer ratings. We searched Google Maps, which uses the simple bar graph format, for 

restaurants in New York City. The search yielded 429 locations whose rating distributions and 

price ranges were collected. We then searched all 429 locations on TripAdvisor―which uses the 

proportional bar graph format―and found matches for 343 restaurants. From TripAdvisor 

restaurants’ pages, we collected the number of reviews and their distributions and whether those 

restaurants had received any Michelin stars. 

To test whether businesses had received different ratings on the two platforms, we 

conducted a mixed-effects regression model using individual rating scores as the dependent 

variable and platform as the independent variable. We included price level, Michelin star status, 

and their interactions with the platform as covariates. We treated price level as a continuous 

variable spanning from one to four, depending on the number of $ signs displayed on each 

restaurant page on Google. A random intercept for each restaurant (SD = .19) was also included 

in the model. 

Results. The negative main effect of the platform on ratings revealed that restaurants in 

our dataset had received lower ratings on TripAdvisor (b = –.18, SE = .01, p < .001). Michelin 

restaurants were rated more favorably than non-Michelin restaurants (b = .13, SE = .03, p < 

.001), but the negative interaction between platform and Michelin star (b = –.03, SE = .01, p < 

.001) revealed that the positive effect of having Michelin stars was smaller for TripAdvisor. The 

main effect of price level on ratings was not significant (b = .001, SE = .01, p = .970), but its 

interaction with the platform revealed that higher prices led to higher ratings on TripAdvisor (b 

= .01, SE = .003, p <.001; see Table 1). 

[INSERT TABLE 1 ABOUT HERE] 
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We next tested whether other more crucial attributes affecting the distribution of a set of 

ratings were different on the two platforms. We calculated two peak values and two variances for 

each restaurant: one based on ratings on Google and the other based on those on TripAdvisor. 

We conducted a paired t-test to examine the effect of the platform on the peak value and found 

that Google users had rated restaurants more homogeneously (mean peak value = 65.31%) than 

had TripAdvisor users (mean peak value = 55.74%; t(342) = 21.01, p < .001). Moreover, while 

the mode of all 343 rating distributions on Google was 5, on TripAdvisor the modes varied as 

follows: 5 (292 distributions), 4 (48 distributions), and 2 (1 distribution), with two distributions 

being multimodal. 

A paired t-test also showed that there was a significant difference in imbalance scores—

defined as the difference between the proportion of positive (4- and 5-star) and negative (1- and 

2-star) ratings—between the two platforms (MGoogle = 79.67%, MTripAdvisor = 75.69%, t(342) = 

7.76, p < .001). The variance of all ratings provided for restaurants in our sample was not 

significantly different on the two platforms (F(608346, 356122) = .98, p = 1). To test whether 

the variance of the ratings for each restaurant was different on the two platforms, we conducted 

an equality of variance test (F-test) for each restaurant, comparing the variance in their ratings on 

Google and TripAdvisor. Out of the 343 F-tests, we found that at least 126 restaurants (36.73% 

of our sample) had different variances on these platforms (ps < .1). The averages of the rating 

variances for these restaurants on Google and TripAdvisor were 1.06 and .80, respectively 

(t(125) = 15.96, p < .001), suggesting a lower consensus among Google users who rated those 

restaurants. 

These results suggest that different sets of ratings are displayed for the same businesses 

or products on various platforms, for which there can be several justifications. First, Google and 
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TripAdvisor users may systematically differ in terms of several attributes, such as age, gender, 

education, expertise, and income, which can lead to different rating behaviors. Second, different 

perceptions of the same reviews and ratings can also influence consumers’ expectations and thus 

the manner in which they rate an experience. Third, and more importantly, even when consumers 

have the same expectations and experiences, the positivity or negativity of prior ratings can 

influence how they rate products and businesses (Moe and Schweidel 2012; Schlosser 2005). For 

example, being exposed to negative opinions about a product may activate reviewers’ concern 

regarding the social outcomes of their evaluations (e.g., being judged as having a low standard in 

case of positive evaluations), therefore leading them to adjust their evaluations downward and 

give the product lower ratings (Schlosser 2005). 

This phenomenon may partly explain why TripAdvisor users had given lower ratings to 

restaurants than had Google users; displaying ratings using proportional bar graphs could 

negatively influence users’ perception of the current ratings, trigger impression management 

goals among them, and lead them to provide lower rating scores. While the sources of these 

differences are not within the scope of the current work, such differences make studying the 

effects of using different graphical formats even more crucial. We suggest that different 

representations of ratings can indeed influence the future ratings of products/services. The 

following study examines how using simple and proportional bar graphs affects consumers’ 

evaluations. 

 

Study 2: Testing the Effect of the Graphical Format on Product Evaluation 

 

Study 2 aimed to test the effect of the graphical format on consumer evaluation (H1) in a 

controlled setting. The additional objectives of this study were to test the interaction effects 
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between the graphical format and peak value and imbalance score described in H2 and H3. Per 

our conceptualization, the peak value of distribution should influence consumers’ perception of 

proportions provided in a proportional bar graph (H2). We contend that in a distribution with a 

low peak value (vs. a high peak value), the presence of part-to-whole relationships leads to a 

greater underestimation of positive ratings and further dampens consumers’ evaluations. In 

addition, this study tested whether the graphical presence of part-to-whole relationships in the 

proportional bar graph mitigated the positive effect of the imbalance score (H3). 

 Method. We recruited 1,192 participants (44% female, mean age = 37.29 years) from 

MTurk in return for a small payment. This study involved a 2 (graphical format: simple vs. 

proportional bar graph, as displayed in the top panels of Figure 1) × 2 (product: laptop vs. 

stapler) × 10 (rating distributions) mixed design. The first two factors varied between subjects, 

and the third varied within-subjects. Each participant saw ten randomly selected distribution 

graphs in a randomized order and was told that each distribution graph displayed a product’s 

ratings. We measured product evaluation using the four-item scale mentioned earlier (Fisher et 

al. 2018). Since previous research suggests that any conclusion about graphical displays of 

information should be based on a large number of stimuli (Hegarty 2011), our distribution pool 

consisted of 200 randomly selected distributions from 130,000 randomly generated distributions 

(see Appendix F), resulting in 400 stimuli. Participants saw only a rating distribution displayed 

in a simple or proportional graph for each product evaluation task, as exhibited in the top panels 

of Figure 1. We used staplers and laptops as target products to test the effect of the graphical 

format on both small and relatively more significant purchases. 

Results. We used a linear mixed-effects regression model with product evaluation as the 

outcome variable and graphical format (–1 = simple bar graph, +1 = proportional bar graph; H1), 
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average rating, variance, average rating × variance, distribution’s peak value, graphical format × 

distribution’s peak value (H2), imbalance score and its interaction with the graphical format (H3), 

product, and its interaction with the graphical format as fixed effects. We included variance in 

our model because research has found its negative impact on consumers’ evaluations (Sun 2012). 

Moreover, because previous research has found that consumers show lower purchase intentions 

for products that do not have any negative ratings (i.e., low variance at higher rating averages; 

Maslowska, Malthouse, and Bernritter 2017), average rating × rating variance was added with 

the expectation of it having a positive effect on product evaluation. Due to the mixed design of 

this study, we included random intercepts for participants (SD = .94), random slopes for 

imbalance score (SD = 1.12) and rating variance (SD = .43) in our model. Given the importance 

of the sampling of stimuli (Judd, Westfall, and Kenny 2012), we also included random intercepts 

for the rating distributions  that were used (SD = .32). 

As proposed, displaying ratings in proportional bar graphs led to lower product 

evaluations (b = –.41, SE = .06, p < .001, 95% CI = [–.55, –.29]). We also found that the peak 

value had a positive impact on product evaluation (b = 1.38, SE = .20, p < .001, 95% CI = 

[1.00, 1.76]). As predicted in H2, with an increase in the distribution’s peak value, the negative 

impact of the graphical format on evaluation became weaker (b = .53, SE = .08, p < .001, 95% 

CI = [.38, .69]). Moreover, the effect of the graphical format was not moderated by the product 

type (p = .932). 

We operationalized imbalance score by calculating the difference between the proportion 

of positive (i.e., sum of 4- and 5-star) and negative (i.e., sum of 1- and 2-star) ratings. Our 

analysis supported the positive impact of imbalance score on product evaluation (b = 1.63, SE = 

.21, p < .001, 95% CI = [1.23, 2.04]). More importantly, as predicted in H3, the positive effect of 
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imbalance score was weaker when ratings were displayed in the proportional format (b = –.19, 

SE = .05, p < .001, 95% CI = [–.31, –.10]), suggesting that consumers’ perception of imbalance 

score is lower when a proportional bar graph is viewed. Consistent with prior research, we also 

found that average rating had a positive impact on evaluation (b = 1.63, SE = .12, p < .001, 95% 

CI = [1.38, 1.87]. While we expected a negative main effect of variance and a positive 

interaction effect with average rating, neither was significant (all ps > .400), possibly because 

the peak value and imbalance score included in our models had captured the effect of variance. 

See Table 2 and Appendix F for more details. 

[INSERT TABLE 2 ABOUT HERE] 

This study provided support for H1, H2, and H3 by demonstrating that the negative effect 

of displaying ratings in the proportional format is generalizable to an extensive set of 

distributions and that this effect is moderated by the peak value. We also found that the positive 

impact of imbalance score on product evaluation is moderated by the graphical format in which 

rating distributions are displayed. We further showed that this effect holds for both small and 

relatively more significant purchases. Finally, while average rating had a positive impact on 

product evaluations, neither the variance nor its interaction with average rating predicted product 

evaluation. 

 

Study 3: Ruling Out Alternative Explanations 

 

We previously argued that the graphical presence of part-to-whole relationships is the 

underlying mechanism for the observed effect. However, in addition to visualizing rating 

information in a proportional or simple format, the bar graphs used in Study 2 (i.e., Figure 1’s 

top panels) differed in other aspects that may explain our findings. In many cases, the lengths of 
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the highlighted bars in simple bar graphs were greater than those of highlighted bars in 

proportional bar graphs. One possibility is that this difference in absolute sizes can be why 

participants evaluate products less positively when rating distributions are displayed in 

proportional bar graphs. However, this explanation is unlikely due to our between-subjects 

design, where participants saw only one graphical format and did not have a chance to compare 

bar lengths across the two graphical formats. 

A second plausible explanation could be the differences in the lengths of the bars relative 

to the chart area. In other words, relative to the chart area, bars in a simple bar graph appear taller 

than do those in proportional bar graphs, and it could be argued that these differences in relative 

lengths had led to the observed effect in Study 2. A third possible explanation could be a 

difference in the number of graphical cues of the graphs and their appearances. Specifically, the 

presence of lightly shaded rectangles in proportional bar graphs used in Study 2 might have led 

to lower evaluations. While Study 3 tests these possibilities, it should be noted that differences in bar 

lengths and the number of graphical cues do not offer any predictions regarding our other propositions 

described above (i.e., H2 and H3). In this study, we also measured response time to test whether 

consumers need more time to process either of the graphical formats. 

 Method. We recruited 607 participants (69% female, mean age = 35.10 years) using 

Prolific (an online platform). The stimuli consisted of 21 distributions with an average rating of 

3.0, 3.3, 3.6, 3.9, 4.2, 4.5, or 4.8 that were randomly selected from a pool of 130,000 randomly 

generated distributions (see more details in Appendix G). Participants were randomly assigned to 

one of the six format conditions displayed in Figure 3, where each person was shown rating 

distributions for seven TV sets in a randomized order. 

[INSERT FIGURE 3 ABOUT HERE] 
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Including Formats Ⅱ and Ⅴ enabled us to test the impact of the presence of lightly shaded 

rectangles. The lightly shaded rectangles in Format Ⅱ increase the number of graphical cues 

compared to Format Ⅰ’s blank spaces. Format Ⅴ is a proportional bar graph because the 

placement of the bars’ values adds a fixed reference point (i.e., 100% of the ratings) equivalent 

to the reference point offered in Format Ⅳ. Prior research has shown that consumers incorporate 

such reference points into their decision-making process (Thomas and Kyung 2019). Format Ⅲ 

enabled us to test the impact of bars’ visual saliency because it displays information in a simple 

format, while the bars appear the same size as those in the proportional formats (i.e., Formats Ⅳ 

and Ⅴ ). It should be noted that in Format Ⅲ, the placement of bar values next to the bars hinders 

proportional judgments, but the salience of the chart border makes relative length judgments 

possible. Therefore, should our proposed mechanism be at play, the effect of using proportional 

(vs. simple) bar graphs on evaluation should be significant even after controlling for the presence 

or lack of gray rectangles and differences in bar lengths. Consistently, participants in Formats Ⅳ 

and Ⅴ should evaluate the products less positively than those in Formats Ⅰ, Ⅱ, and Ⅲ. The table 

condition (Format VI) was included as the control condition. 

 Results. We conducted a one-way repeated-measures ANOVA to test whether product 

evaluation was significantly different among the six conditions. As in previous studies, the 

format in which rating distributions were displayed had a significant effect on product evaluation 

(F(5, 601) = 4.33, p = .001, η2 = .03). On average, product evaluations were lower at 5.61 (SD = 

2.58) in the proportional bar graph (Formats Ⅳ and Ⅴ combined) conditions compared to 6.00 

(SD = 2.53) in the simple bar graph (Formats Ⅰ, Ⅱ, and Ⅲ combined) conditions (t(3547) = 4.48, 

p < .001, Cohen’s d = .15). Product evaluation in the table condition was 5.59 (SD = 2.41). 

Figure 4 displays product evaluations across the six conditions. 
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[INSERT FIGURE 4 ABOUT HERE] 

A priori, we expected participants in both simple and proportional bar graph conditions to 

evaluate target items more favorably than those in the table condition. Research has shown that 

providing information in a graphical format can facilitate cognitive processes (Lurie and Mason 

2007; Scaife and Rogers 1996), leading to higher evaluations. However, while participants in the 

simple bar graph conditions evaluated target products more positively than those in the table 

condition, there was no significant difference in product evaluation between the proportional bar 

graph and table conditions (p = .870). The fact that displaying ratings in a proportional format 

did not boost product evaluations suggests that offering graphical proportions cancels out the 

positive effect of using visual displays, supporting our central hypothesis (H1). 

We conducted four linear mixed-effects regression models to test the impact of bar 

lengths, the number of graphical cues (i.e., presence of lightly shaded rectangles), and the 

graphical presence of part-to-whole relationships on evaluations. As shown in Table 3, we 

included the graphical format (–1 = simple, +1 = proportional), its interaction with the peak 

value, and the imbalance score in all models except the base model. Similar to Study 2, we also 

included random intercepts for each participant (SD = .77), rating distribution (SD = .34), and 

random slopes for imbalance score (SD = .75) and rating variance (SD = .44) in our models. As 

expected, our proposed model performed better than the base, covariate-only, and full models 

according to the Akaike information criterion (AIC). This finding indicated that the proportional 

(vs. simple) aspect of graphical formats could better explain the observed differences in product 

evaluation across the conditions. 

Based on this model, offering rating proportions graphically leads to a lower product 

evaluation (b = –.33, SE = .10, p = .001, 95% CI = [–.55, –.14]), supporting H1. The significant 
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and positive main effect of peak value on evaluation (b = 3.59, SE = .85, p < .001, 95% CI = 

[2.11, 5.11]) supported its impact on evaluation even when no graphical format was used. The 

negative and significant interaction between the display format and peak value (b = –1.58, SE = 

.43, p < .001, 95% CI = [–2.31, –.79]) indicated that the positive effect of peak value was 

smaller when distributions were displayed graphically compared with the tabular format. The 

nonsignificant main effect of imbalance score (b = .50, SE = .75, p = .509, 95% CI = [–.97, 

2.16] showed that participants did not commit binary bias in the absence of graphical displays 

(i.e., in the tabular format). Its positive interaction with the display format (b = 1.13, SE = .24, p 

< .001, 95% CI = [.67, 1.55]), however, indicated that a higher imbalance score led to higher 

evaluations when ratings were displayed in a graph. 

Importantly, this study also provided support for H2 and H3. As predicted in H2, with an 

increase in the distribution’s peak value, the negative impact of displaying ratings in proportional 

bar graphs on evaluation became weaker (b = .41, SE = .17, p = .015, 95% CI = [.10, .74]). 

Moreover, the positive effect of imbalance score when ratings were presented graphically was 

weaker in the proportional (vs. simple) format (b = –.19, SE = .09, p = .048, 95% CI = [–.35, 

.01]), suggesting that consumers were affected less by binary bias when a proportional bar graph 

was used. 

Again, consistent with previous research, average rating had a positive effect on product 

evaluation (b = 1.96, SE = .45, p < .001, 95% CI = [.94, 2.86]). Similar to Study 2, rating 

variance and its interaction with average rating did not predict product evaluation (all ps > .600). 

Another important finding of this study was that consumers committed binary bias only when 

ratings were presented in a graphical format and not in a tabular format. This finding indicates 
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that while using graphical displays in the context of online reviews may benefit firms and 

consumers, it also has drawbacks. 

[INSERT TABLE 3 ABOUT HERE] 

Processing fluency and response time. If consumers have more difficulty processing one 

type of information, they should require more time to process that piece of information 

(Westerman et al. 2015). In this experiment, we also measured the response time for each 

evaluation task. We conducted a one-way repeated-measures ANOVA to test the effect of the 

information presentation format on processing time. Our analysis revealed that the processing 

time was not significantly different across the six conditions (F(5, 601) = .67, p = .646). The 

response time in seconds for each task was 19.91 (SD = 23.37) in Format Ⅰ, 17.79 (SD = 17.87) 

in Format Ⅱ, 19.79 (SD = 39.1) in Format Ⅲ, 19.16 (SD = 31.07) in Format Ⅳ, 17.05 (SD = 

13.34) in Format Ⅴ, and 17.21 (SD = 17.49) in Format Ⅵ. We further measured the correlation 

between the response time and product evaluation and did not find a significant correlation 

between them (r = .005, p = .761), undermining the role of processing fluency in the current 

context. 

In sum, this study replicated the findings of Study 2 and showed that other visual 

differences and bar size could not explain the impact of graphical formats on consumers’ 

evaluations. We also found no support for the processing fluency explanation. In the following 

study, we test the effect of graphical format on the perception of online consumer ratings. 
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Study 4: Consumers’ Perception of Ratings in Proportional and Simple Bar Graphs 

 

Thus far, we have provided converging evidence that consumers tend to evaluate 

products less positively when rating distributions are displayed in proportional bar graphs. We 

propose that this is because consumers tend to underestimate the value of large proportions (i.e., 

positive ratings) when ratings are displayed in proportional bar graphs. Thus, this study aimed to 

test the effects of the graphical format on the perception of ratings more rigorously. 

Method. Participants (N = 297, 63% female, mean age = 35.17 years) were recruited via 

Prolific. In the instruction task, they were informed that they would be estimating the number of 

consumers who had given the product a specific rating score. To ensure that participants 

understood the task, in the instruction phase, they were asked to enter the number of 3-star 

reviews along with the total number of reviews displayed on a distribution graph. We then 

implemented a 2 (graphical format: simple vs. proportional) × 2 (valence: positive vs. negative 

ratings) × 4 (target value: the number of reviews with a specific rating score: 35 vs. 49 vs. 872 

vs. 938) mixed design. The first two factors varied between subjects and the latter varied within 

subjects. Therefore, we randomly assigned participants to one of the four conditions where they 

estimated the number of reviews with a specific rating score. Distributions and their target rating 

scores are displayed in Figure 5. 

As displayed in Figure 5, each participant saw four rating distributions―one at a 

time―with their total number of ratings but no information on the frequency or proportion of 

each star rating. They were then asked to provide their best and quick estimates of the number of 

ratings associated with the target bars, which represented 35, 49, 872, and 938 reviews. These 

corresponded to two small (3% and 4%) and two large (75% and 79%) proportions from 

distributions with a different number of total reviews (1,165, 1,230, 1,163, and 1,187, 
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respectively). We expected consumers in the proportional bar graph condition to underestimate 

the number of ratings when the true number of ratings were high at 872 and 938 reviews. 

Moreover, for small values, 35 and 49, we expected participants in the proportional bar graph 

conditions to provide larger estimates. 

[INSERT FIGURE 5 ABOUT HERE] 

Results. Fourteen participants failed to complete the instruction task, leaving 283 

participants. We divided the participants’ estimates by the total number of reviews for each 

distribution to calculate the estimated proportions. We first conducted a three-way repeated-

measures ANOVA to test the effect of the graphical format, true proportion, valence, and their 

interactions on proportion estimates. We applied the Greenhouse–Geisser corrections 

(Greenhouse and Geisser 1959) for lack of sphericity, and found that both the graphical format 

(F(1, 279) = 13.03, p < .001, η2
partial = .05) and the true proportion (F(1.83, 511.12) = 6687.44, p 

< .001, η2
partial = .96) had significant effects on participants’ estimates. As expected, our analyses 

also showed that there was a significant interaction between the graphical format and true 

proportion (F(1.83, 511.12) = 7.91, p = .001, η2
partial = .03). Moreover, there was no significant 

main effect of valence (F(1, 279) = .15, p = .700), or any other two- or three-way interactions 

among the three factors (all ps > .250). 

Estimation of large proportions. When target values were large proportions (i.e., 75% 

and 79%), participants in the proportional bar graph conditions provided smaller estimates than 

those in the simple bar graph conditions. When the true proportion was 75% [79%], participants’ 

mean estimates were 70.82% [72.47%] in the proportional bar graph conditions and were 

76.08% [76.92%] in the simple bar graph conditions. The results of two t-test analyses showed 

that the estimates of these proportions were significantly lower in the proportional (vs. simple) 
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bar graph conditions (true proportion 75%: t(281) = –3.67, p < .001; true proportion 79%: t(281) 

= –3.29, p = .001). This finding supports the idea that in proportional bar graphs, large 

proportions are underestimated. 

Estimation of small proportions. When the true proportion was 3% [4%], participants’ 

mean estimates were 5.15% [6.11%] (proportional bar graph) and 5.21% [6.41%] (simple bar 

graph), thereby overestimating small proportions. In other words, participants in both simple and 

proportional bar graph conditions overestimated smaller values. However, as expected, these 

overestimations were very small in both conditions (2% ~ 3%). Two t-test analyses found that 

there was no difference between the two conditions (true proportion 3%: p = .930; true 

proportion 4%: p = .636). These overestimations in both simple and proportional bar graph 

conditions support our proposed explanation that the lower evaluation of proportional bar graphs 

is due to the lower subjective value of large proportions. 

Estimation errors. To test our explanation more rigorously, we also conducted a mixed-

effects regression model to test the effect of the graphical format, true proportion, and their 

interaction effect on estimation errors. We calculated estimation errors by subtracting the true 

proportions from the estimated proportions and regressed it on the graphical format, true 

proportion, and their interaction effect. We also controlled for valence (i.e., whether the target 

value corresponded to positive or negative ratings) and response time (time spent estimating in 

seconds). We included random intercepts for each participant (SD = 1.59) and each stimulus (SD 

= .95) and random slopes for the true proportion (SD = 12.97; Table 4). A positive and 

statistically significant intercept of 2.52% (SE = .75, p = .007, 95% CI = [1.02, 3.91]) suggested 

that participants in all conditions overestimated smaller proportions. The negative main effect of 

the true proportion (b = –7.09, SE = 1.28, p < .001, 95% CI = [–9.59, –4.32]) and its interaction 
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with the graphical format (b = –3.16, SE = .89 p < .001, 95% CI = [–5.00, –1.34]) suggested 

smaller estimation errors (i.e., smaller overestimations) for larger proportions in the simple bar 

graph conditions and an underestimation of larger proportions in the proportional bar graph 

conditions. 

[INSERT TABLE 4 ABOUT HERE] 

Response time. Similar to Study 3, we measured response time to test whether 

participants in one condition provided their estimates faster than others. Participants in the 

proportional and simple bar graph conditions spent 29.66 (SD = 32.89) and 27.31 (SD = 25.25) 

to estimate each target value, respectively. We conducted a similar three-way repeated-measures 

ANOVA and applied Greenhouse–Geisser corrections (Greenhouse and Geisser 1959) for lack 

of sphericity to test the effect of graphical format and its interaction with the true proportion and 

valence on estimation time. Neither was there a significant main effect of the graphical format 

(F(1, 279) = .95, p = .330), valence (F(1, 279) = 1.15, p = .285), or true proportion (F(2.42, 

674.64) = .51, p = .636), nor were there any two- or three-way interactions among the three 

factors (all ps > .250). 

In summary, this study demonstrated that consumers tend to overestimate small values 

and underestimate large values when a proportional bar graph is used. While the modest 

overestimation of small proportions was shared between the two formats, the underestimation of 

large proportions was unique to proportional bar graphs. These findings support the idea that the 

lower subjective value of large proportions (i.e., positive ratings) leads to a lower product 

evaluation when ratings are displayed in a proportional bar graph. 
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Study 5: The Effect of the Graphical Format on Choice: TripAdvisor Restaurant Page 

 

In previous studies, we found that a distribution’s graphical format significantly 

influences consumers’ perception of ratings and their assessment of the products. The purpose of 

this study was to test whether the graphical format of rating distributions could also affect 

consumers' choices. As predicted in H2, the negative impact of the graphical format should be 

strongest when a distribution has a small (vs. large) peak value. The distributions exhibited in 

Figure 6 have the same averages (4.4 out of 5). However, the peak value of the distribution for 

Keens Restaurant is smaller than that for Perkins Restaurant (50% vs. 78% 5-star ratings, 

respectively). Now, let us consider two choice sets, each consisting of two restaurants with rating 

distributions presented in simple or proportional bar graphs. Compared with the simple bar graph 

condition, the choice share of Keens Restaurant should drop in the proportional bar graph 

condition, as its rating distribution has a smaller peak value, and its evaluation is influenced 

more when its ratings are displayed in a proportional bar graph. In this experiment, we test this 

proposition in the presence of many other distracting pieces of information. 

 Method. We recruited 204 MTurk participants (39% female, mean age = 39.14 years). 

Participants were randomly assigned to the simple bar graph (Figure 6: choice set A) or 

proportional bar graph condition (Figure 6: choice set B) in a between-subjects design where 

participants were shown only the bottom panels of Figure 6. They were asked to imagine that 

they wanted to dine out and then selected the restaurant of their choice. 

 Results. Analysis revealed that out of 106 participants in the simple bar graph (choice set 

A) condition, 68 (64.2%) participants preferred Keens Restaurant compared with only 46 

(46.9%) participants out of 98 in the proportional bar graph (choice set B) condition (χ2(1) = 

6.12, p = .013). Logistic regression analysis using the graphical format as the only independent 
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variable also showed that the choice share of this restaurant significantly decreased in the 

proportional bar graph condition (b = –.70, SE = .29, p = .014, 95% CI = [–1.27, –.15]). In 

summary, this study revealed that the graphical format of rating distributions significantly affects 

consumers’ choices, even when rating distributions are only one of many available pieces of 

information. 

[INSERT FIGURE 6 ABOUT HERE] 

 

Summary of Additional Studies Reported in Appendices 

 

In addition to the five studies reported here, we reported four more studies in the 

Appendix that tested other factors related to our propositions, including attention, the role of 

average rating, and the type of numerical information provided in the graphs. Appendix A was 

an eye-tracking study in which we measured pupil fixation to test the effect of graphical format 

on consumers’ attention. In this study, we found that consumers relied more [less] on the 

graphical [textual] information when information was provided in a proportional (vs. simple) bar 

graph. We also found that the more time consumers spent on graphical cues in a proportional bar 

graph, the lower their evaluations were. 

In Appendix B, in addition to testing the effect of graphical format on evaluation, we 

measured the perceived visual appeal of five information presentation formats. We observed the 

same pattern of results for product evaluation as in other studies but did not find any differences 

in the perceived visual appeal of the formats. This study provided further evidence against both 

relative and absolute length judgment explanations. In Appendix C, we provided additional 

evidence supporting the positive interaction between the graphical format and the peak value. 

Finally, Appendix D tested five graphical formats with different colors and different types of 
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numerical information (i.e., the value of the bars displayed in frequencies or percentages), where 

the distribution graph took a small portion of the stimuli. This study validated previous findings 

and demonstrated that the negative effect of using a proportional bar graph persists, regardless of 

the type of numerical information and colors used to provide graphical part-to-whole 

relationships. 

 

General Discussion 

 

This work has focused on an important yet neglected aspect of online WOM. We systematically 

examined how displaying ratings in various bar graphs affects consumers’ evaluations of 

products. Across nine studies (five reported in this article and four in the Appendices), we found 

strong evidence that consumers report a lower evaluation of an item when its rating distribution 

is displayed in a graphically proportional format. We attribute these findings to consumers' 

nature of processing involving the graphical displays of part-to-whole relationships (i.e., 

proportion judgments). Study 1 found that the same business is likely to receive different ratings 

on platforms that use different formats to display rating distributions. Utilizing an extensive set 

of rating distributions, Studies 2 and 3 established the negative effect of displaying ratings in 

proportional bar graphs. 

However, the degree to which proportional bar graphs can lower consumers’ evaluations 

is not equal across all distributions. In Studies 2 and 3, we found that the distribution’s peak 

value moderates this effect, suggesting a smaller effect for distributions with greater peak values. 

We also found that other processes are influenced by the graphical format. The results of Studies 

2 and 3 showed that consumers are less influenced by binary bias—considering different levels 

of star ratings as being equally positive (e.g., 4- and 5-star ratings) or equally negative (i.e., 1- 



 

 

36 

 

and 2-star ratings)—when ratings are displayed in proportional (vs. simple) bar graphs. Studies 3 

and 4 did test our proposed mechanism and ruled out several crucial alternative explanations. 

Study 3 showed that neither the difference in relative and absolute sizes nor the presence of 

lightly shaded rectangles could have led to the results. In Study 4, we found that the negative 

effect of using a proportional bar graph is due mainly to the underestimation of large proportions. 

Study 5 established that the distributions’ graphical format also influences consumer choice. 

Implications. From a theoretical perspective, this research makes several contributions. 

First, we contribute to the large body of research on online WOM. The extant research on 

consumers’ interpretations of online consumer ratings has been focused mainly on the impact of 

attributes such as average ratings, rating variance, and rating volume. Even the limited research 

that has studied the consequences of displaying rating distributions in a graphical format (e.g., 

Fisher, Newman, and Dhar 2018) did not differentiate between simple and proportional bar 

graphs. Our findings suggest that the format used to display the distribution of ratings influences 

consumers’ perception of such ratings, their evaluation of products, and their choices. As a 

result, by identifying the graphical format of rating distributions as a key factor in consumers’ 

evaluation, these findings enhance our understanding of how online ratings affect consumers. 

Second, this research suggests that the findings of previous studies regarding the impact 

of displaying rating distributions may be moderated by the format in which distributions are 

presented. For example, we found that binary bias is less influential when proportional (vs. 

simple) bar graphs are used. Previous research has suggested that consumers prefer products with 

multimodal or unimodal rating distributions, depending on the context (Rozenkrants et al. 2017). 

Our findings in Study 5 suggest that consumers’ preference for products with multimodal and 



 

 

37 

 

unimodal distributions is also influenced by the graphical formats in which rating distributions 

are displayed. 

Third, our work also contributes to graphical perception and visual information 

processing research (Cleveland and McGill 1984; Hegarty 2011; Lurie and Mason 2007; Talbot, 

Setlur, and Anand 2014). We augment this research stream by scrutinizing differences between 

interpretations of graphical formats in an online shopping context and by demonstrating how 

consumers make sense of different graphical representations of the same information. Our results 

are consistent with the idea that even small changes in relatively subtle aspects of graphical 

displays can affect task performance dramatically (e.g., Fischer 2000; Hegarty 2011; Lurie and 

Mason 2007). This research extends the understanding of how different perceptual tasks in 

decoding simple and proportional bar graphs can affect consumers’ perception of ratings. 

Contributing to the extant research on proportion and length judgments, we also found that 

individuals tend to underestimate large proportions in the context of online consumer ratings. 

From a managerial perspective, given the astronomical number of reviews being posted, 

the present work has important implications. Consumers are often overwhelmed in extracting 

meaningful insights from all the reviews submitted for an item. Summary information, such as 

rating distributions and average ratings, empowers consumers to evaluate and compare 

alternatives more efficiently. This work demonstrates that the relatively subtle features of online 

WOM, such as the graphical format of rating distributions, can substantially influence consumer 

judgments. Marketers should not ignore this aspect of online WOM, as it is one of the few 

attributes that they fully control and can modify at no additional cost. Our findings suggest that 

marketers can improve consumer evaluations of their offerings by displaying ratings in simple 

bar graphs, which is especially important for retailers or platforms that compete with other 
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platforms. For instance, platforms such as Google Maps and TripAdvisor operate in the same 

industry and both derive advertising and transactional income by enabling business owners to 

advertise their services and allowing consumers to place online orders or make reservations. Our 

results suggest that platforms that display ratings in a proportional format (e.g., TripAdvisor) will 

be better off if they switch to a simple bar graph format. 

To gain additional insights, we conducted a simulation. As TripAdvisor and Google use 

different graphical formats, we used the results of Study 2 to predict users’ evaluations of the 

restaurants operating in New York City. Our simulation revealed that while TripAdvisor users’ 

evaluations of restaurants in our dataset would be 6.51 (SD = .81) on average, Google users 

would evaluate the same restaurants 14% higher (M = 7.42, SD = .48). A paired t-test revealed 

that this difference was significant (t(342) = 30.24, p < .001). According to the National 

Restaurant Association, the industry generated $864.3 billion in sales in 2021 in the United 

States (FinanceOnline 2022). With this market size, even a small difference in consumers’ 

evaluation of restaurants can have a substantial financial impact on both restaurants and review 

platforms.  

It should be noted that according to our results, it is not recommended that all platforms 

display ratings in simple bar graphs. As suggested by previous research (Fisher et al. 2018) and 

supported by current findings, one consequence of displaying rating distributions is binary bias, 

where consumers group different levels of star ratings as either equally positive or equally 

negative. Now, let us consider a scenario in which committing binary bias has serious 

consequences or in which the difference between the utility of each star rating is substantial, as 

would be the case, say, when a 4-point versus 10-point rating scale is used. Alternatively, 

consider a product category for which a suboptimal choice can have substantial consequences. 
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For example, consumers and physicians may read patients’ reviews for prescription drugs and 

their side effects on various platforms, such as AskAPatient.com. The cost of committing binary 

bias when deciding whether to take or prescribe a medication, either by a physician or a patient, 

would be greater than in the case of choosing a restaurant or a product such as a toaster. Thus, 

while the use of simple bar graphs may lead to higher product evaluations and potentially higher 

sales, they should not be used for product categories where a suboptimal choice may lead to 

potentially grave consequences. In such cases, platforms may even consider presenting rating 

distributions in tabular formats instead of any type of bar graph because―as Study 3 

showed―consumers do not commit binary bias when tables are used. Indeed, the possibility of 

using graphical displays in an unethical manner to mislead consumers exists. Therefore, firms 

should use graphical displays cautiously and consider the ethical repercussions of their usage. 

Limitations and future work. Although our findings are robust, they need to be viewed in 

light of two caveats. First, while we generated a population of 130,000 distributions and used 

samples from these, it was impossible to exhaust all possible distributions. Second, while 

consumers incorporate distribution information into their judgments, their evaluations are also 

influenced by other factors, such as prices, brand perception, and the textual content of reviews. 

For example, research has shown that the textual content of individual reviews can affect 

consumer decisions beyond other attributes of online WOM (Chen and Lurie 2013; Grewal and 

Stephen 2019; Kronrod and Danziger 2013; Rocklage and Fazio 2020), yet we did not 

investigate how the impact of using different graphical formats is influenced by the textual 

content of reviews. Moreover, consumers may put more (or less) weight on the rating 

distribution summary depending on its graphical format and the levels of other attributes (such as 
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average rating, rating volume, price, or product category), possibly leading to different 

outcomes. 

While we found consistent evidence supporting our proposition that graphical format 

influences consumer judgment and choice, we do not claim that all individuals are influenced by 

graphical formats in the same way. There can be individual variations, such as differences in 

numeracy levels or information processing styles (verbal vs. visual; Bagozzi 2008; Childers, 

Houston, and Heckler 1985), which can lead to different outcomes. Future work can also 

investigate additional graphical aspects of online WOM, such as the color and orientation of the 

distribution graphs. Whether consumers perceive vertical and horizontal bar graphs differently is 

also a worthwhile research question. Future research may similarly investigate the extent to 

which a bar graph’s aspect ratio can influence consumers’ perception in an online shopping 

context. 

In conclusion, this research sheds new light on how consumer judgment is influenced by 

online rating distributions. We investigated the role of graphical displays in the context of online 

WOM and found that consumers’ perceptions of ratings are affected by displays’ graphical 

format, leading to diverse outcomes. We contribute to the marketing literature and graphical 

perception and information visualization research by showing how consumers perceive rating 

distributions differently depending on their graphical formats. In addition, this research has 

significant implications for consumers, academics and marketing practitioners by enhancing the 

understanding of rating distributions and their differential impact on consumer evaluations. 
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Appendices 

 

Appendix A. Proportionalities and Information Diagnosticity: Measuring the Difference in 

Attention Through Eye Tracking 

 

The format in which information is provided influences how consumers utilize various 

cues. As described in the main paper, research has shown that consumers tend to rely more on 

visual information when provided simultaneously with textual information, as they are perceived 

to be more diagnostic (Hegarty 2011; Lurie and Mason 2007). In the current context, therefore, 

prior research suggests that regardless of the graphical format used, consumers should engage in 

processing displayed bars (graphical cues) more than they do in textual information. The 

configuration of graphical cues is the only difference between the two formats, as the same 

information is provided. Therefore, any difference in consumers’ judgments should be attributed 

to how consumers utilize various cues differently depending on the graphical format. 

In the absence of textual information (i.e., value labels), consumers should engage in 

summation operations to estimate the value (frequency or proportion) of each star rating 

(Hollands and Spence 1998). On the other hand, in a proportional bar graph, the value of each 

star rating is displayed proportionally, and no additional mental calculations (summations and 

divisions) are needed. Since other than proportion judgments, no additional mental calculations 

are required to process graphical cues offered in proportional bar graphs, consumers’ motivations 

for utilizing explicitly written values (i.e., value labels) should be lower when a proportional (vs. 

simple) bar graph is used. Therefore, we propose the following: 

“Consumers will rely more [less] on the graphical cues [explicitly written values] when 

distributions are displayed in the proportional (vs. simple) format.” 
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As we proposed earlier, proportion judgments are elicited through graphical cues. Paying 

more attention to graphical cues at the expense of explicit values should therefore increase biases 

in proportion judgments. In other words, spending more time processing graphical cues in a 

proportional bar graph does not allow consumers to adjust their biased perception of the ratings 

and therefore should make the effects of proportion judgments stronger. Accordingly, we further 

propose the following: 

“The more consumers rely on graphical cues in a proportional bar graph, the lower will 

be their evaluation of the target item, while this should not be the case for simple bar 

graphs.” 

The purpose of Appendix A was to test the aforementioned predictions by demonstrating 

how consumers utilize graphical and textual information depending on the graphical format and 

how it may influence their evaluation of target items. Pupil fixation, which refers to brief 

instances in which the eyes focus on a given stimulus, is associated with the information being 

processed by the brain (Cian, Krishna, and Elder 2015) and is a reliable measure of the cognitive 

processing of information on which consumers act (Barbot et al. 2017). In this study, we 

captured participants’ attention to test whether they rely more [less] on the graphical cues [bars’ 

value labels] when processing a graph in a proportional (vs. simple) format and how their 

judgments are influenced by those differences. 

Method. Undergraduate students (N = 159; 44% female; average age = 22.68 years) from 

a large U.S. university completed the study for partial course credit. We collected the data using 

a high frequency (120 Hz) eye-tracker (Tobii T120) that collected raw eye-movement data points 

every 8.3 milliseconds. The design was a single-factor—distribution graph format (Formats Ⅰ vs. 

Ⅱ vs. Ⅲ, as shown in Figure 7)—between-subjects design, in which participants were asked to 
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evaluate one product (a set of headphones). Formats Ⅰ and Ⅲ are simple and proportional bar 

graphs, respectively. Format Ⅱ, on the other hand, is a variation of a simple bar graph in which 

blank spaces are replaced with lightly shaded rectangles. This graphical format does not provide 

part-to-whole relationships, but it does make the existing blank spaces more salient. Including 

this graphical format enabled us to test whether merely displaying gray rectangles would 

influence information processing and, as a result, pupil fixations. We asked one question to 

measure participants’ willingness to buy headphones: “How likely would you be to buy this set 

of headphones?” (1 = “very unlikely,” 10 = “very likely”). 

[INSERT FIGURE 7 ABOUT HERE] 

Results. A one-way analysis of variance (ANOVA) examining the differences in 

participants’ willingness to buy among the three graphical formats found significant differences 

(F(2, 156) = 4.76, p = .038). As expected, participants’ willingness to buy the headphones was 

not different in the simple graphical (i.e., Formats Ⅰ and Ⅱ) conditions (Mformat Ⅰ = 7.08, Mformat Ⅱ 

= 7.22; t(100) = .41, p = .681). Therefore, we collapsed the data across these two conditions. In 

a planned contrast, participants in the proportional graph condition (Format Ⅲ) reported lower 

willingness to buy the headphones than did those in the simple graphical (Formats Ⅰ and Ⅱ 

combined) conditions (Mproportional bar graph = 6.40 vs. Msimple bar graph = 7.16; t(157) = –2.57, p = 

.011, Cohen’s d = .43), supporting H1. 

Processing Time. One explanation for the observed differences in the willingness to buy 

could be that processing a proportional bar graph requires more cognitive resources. If true, this 

could lead to lower processing fluency and lower product evaluations. Should this explanation be 

true, we should observe a significant difference in processing time across conditions (Westerman 

et al. 2015). In contrast, processing time was not found to be significantly different among the 
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three conditions (F(2, 156) = .81, p = .446). However, as noted earlier, we expected participants 

in the proportional format (vs. simple format) to rely more [less] on the graphical cues [bar value 

labels] to assess the ratings. Consistent with this prediction, our analysis of gaze times indeed 

found that participants in the proportional format spent significantly more of their time looking at 

the graphical cues (highlighted bars and blank/shaded spaces combined) than did those in the 

simple bar graph conditions (Mproportional bar graph = 66.45%, Msimple bar graph = 57.57%; t(157) = 3.30, 

p = .001). This difference was driven mainly by the proportion of time participants in the 

proportional bar graph condition spent on lightly shaded rectangles, which elicited proportional 

judgments (Mproportional bar graph = 37.80%, Msimple bar graph = 18.96%; t(157) = 8.26, p < .001). On the 

other hand, participants in the proportional format spent significantly less of their time looking at 

the written values (Mproportional bar graph = 13.88%) than did those in the simple bar graph conditions 

(Msimple bar graph = 22.61%; t(157) = –3.66, p < .001). These results support our proposition that 

consumers place more weight on graphical cues at the expense of explicitly written values when 

processing a graph in a proportional format. 

We argued earlier that the differences in the graphical cues between the proportional and 

simple format result in lower evaluations in the proportional format. Therefore, differences in 

evaluations should be greater as consumers place more weight on graphical cues, as their 

judgments are adjusted by explicitly written values to a lesser extent. To test this, we regressed 

mean-centered willingness to buy on the graphical format (proportional vs. simple), the mean-

centered proportion of time gazed at graphical cues, and their interaction effect. The main effect 

of the graphical format was significant and negative (b = –.34, SE = .17, p = .048, CI = [–.672, –

.003]), supporting our primary proposition that consumers evaluate a proportional bar graph less 

favorably than a simple bar graph. The main effect of time gazing at graphical cues was not 
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significant (b = .07, SE = .10, p = .483, CI = [–.12, .26]), suggesting that the amount of time 

spent on graphical cues did not affect consumers’ willingness to buy in simple bar graph 

conditions. As expected, we found a negative interaction effect between the time gazing at 

graphical cues and the graphical format such that higher gazing time at graphical cues in the 

proportional format led to a lower willingness to buy (b = –.35, SE = .17, p = .047, CI = [–.687, 

–.004]; see Figure 8). 

[INSERT FIGURE 8 ABOUT HERE] 

 

Appendix B. Role of Proportionalities and Relative Length Judgments 

 

The primary aim of this study was to assess whether consumers judge the length of the 

bars relative to the chart border to evaluate a rating distribution rather than graphical proportions. 

This study also examined whether consumers perceive one form of information presentation as 

more visually appealing than the other. 

 Method. Three hundred seventy-seven participants (73% female, mean age = 26.87 

years) were recruited using an online platform (Prolific). Participants were randomly assigned to 

one of the five distribution format conditions displayed in Figure 9A and asked to evaluate a 

brand-new coffee maker. We used the same items as we did in Studies 2 and 3 to measure 

product evaluation. After reporting their product evaluations, participants reported the visual 

appeal of the stimuli and answered basic demographic questions. 

Stimuli. Formats Ⅰ and Ⅳ in Figure 9A are original proportional and simple bar graphs 

used in previous studies. Format Ⅱ is also a proportional bar graph where we displace value 

labels to make it more comparable to Format Ⅲ. Compared to Format Ⅰ, we expected participants 

who saw the rating distribution in Format Ⅱ to report similar evaluations, as the presence of gray 
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rectangles still triggers proportion judgments. The absolute and relative lengths of the bars are 

exactly the same in Formats Ⅰ, Ⅱ, and Ⅲ. However, in Format Ⅲ, we interfere with proportion 

judgments by simultaneously removing gray rectangles and displacing explicitly written values. 

If lower evaluations of proportional bar graphs are caused by bars’ smaller relative or absolute 

lengths, participants who see the distribution in Format Ⅲ should also report a lower evaluation 

than those who see the distribution in Format Ⅳ. However, if proportion judgments biases are at 

play, we should not observe any difference in evaluations between participants in Formats Ⅲ and 

Ⅳ conditions, despite differences in bar lengths. Finally, we included the table condition as the 

control condition in which no graphical cues were provided. 

Results. We conducted two one-way ANOVAs to test whether product evaluation and the 

perceived visual attractiveness were significantly different among the five conditions. As in 

previous studies, the graphical format of the rating distributions was found to have a significant 

effect on product evaluation (F(4, 372) = 6.16, p < .001). Visual appeal, however, was not 

perceived to be significantly different across the five conditions (F(4, 372) = 1.42, p = .228). 

Consistent with our theorizing, participants who saw the rating distribution in both Formats Ⅲ 

and Ⅳ evaluated the coffee maker more favorably than did those seeing the distribution in 

Formats Ⅰ and Ⅱ (MⅢ = 6.80, MⅣ = 6.96; MⅠ = 6.10, MⅡ = 5.93; all ps <= .01). The higher 

evaluation of ratings in Format Ⅲ than in Formats Ⅰ and Ⅱ is theoretically important, as it 

supports the idea that proportion judgments dampen the consumer evaluations in the proportional 

format rather than the absolute or relative sizes of the bars. Finally, it should be noted that the 

difference in product evaluations between Formats III and IV and the control condition was not 

significant (Mtable = 6.92; all ps > .6; see Figure 9). 

[INSERT FIGURE 9 ABOUT HERE] 
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Appendix C. Average Rating, Peak Value, and Graphical Format Interaction Effects 

 

Although we predicted that the peak value would moderate the negative effect of using 

proportional bar graphs and Studies 2 and 3 supported our prediction, we did not predict 

consumers’ evaluations to be moderated by the average rating. Our post hoc analyses in the 

abovementioned studies also did not support such an interaction effect. However, we conducted 

this straightforward between-subjects study to test whether the effect of the graphical format was 

moderated by average rating or peak value. 

Method. We recruited 721 participants (42% female, average age = 37.95 years) from 

MTurk in return for a small payment. This study involved a 2 (graphical format: simple vs. 

proportional bar graph) × 2 (average rating: 4.4 vs. 3.4 out of 5 stars) × 2 (peak value: high vs. 

low) between-subjects design, as shown in Figure 11. Participants were told that the distribution 

displayed ratings for a coffee maker, and using the scale used in Studies 2 and 3, each participant 

evaluated one product. As mentioned earlier, we expected this more straightforward design to 

shed light on how these factors influence participants’ evaluations. 

Results. We conducted a 3-way between-groups ANOVA (Table 5) to examine the main 

effects and interactions of the graphical format, average rating, and peak value on product 

evaluation. Consistent with our previous findings, product evaluation was found to be 

significantly influenced by the graphical format (F(1, 713) = 4.33, p =.038), with proportional 

graphs leading to a lower product evaluation (M = 7.34) than simple bar graphs (M = 7.61). The 

main effects of average rating (F(1, 713) = 82.76, p < .001) and peak value (F(1, 713) = 8.53, p 

= .004) were also significant. While the interaction between the graphical format and peak value 

was significant (F(1, 713) = 3.68) p = .055), that between the graphical format and average 

rating was not (F(1, 713) = .17, p = .676). 
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[INSERT FIGURE 10 ABOUT HERE] 

[INSERT FIGURE 11 ABOUT HERE] 

[INSERT TABLE 5 ABOUT HERE] 

 

Appendix D. Variations in Numerical Information, Colors, and Additional Information 

 

The objectives of this study were twofold: we wanted to test 1) whether the effect of the 

graphical format on evaluation holds when additional pieces of information compete for 

consumers’ attention and 2) whether a match or mismatch between the graphical format and 

explicitly written values influences the results. In other words, we wanted to test how using 

written raw numbers (i.e., frequencies) versus percentages for the value of the bars and the color 

of empty spaces may affect product evaluation. 

 Method. We recruited 400 participants (44% female; average age = 39.31 years) using 

MTurk. The same pool of 21 distributions and measurement scale employed in Study 3 were 

used. We randomly assigned participants to one of the five formats exhibited in Figure 12 in a 

between-subjects design, resulting in 105 stimuli. We designed our stimuli to resemble a product 

page on Amazon.com. Formats Ⅰ, Ⅱ, Ⅲ, and Ⅳ allowed us to test the impact of the type of 

numerical information provided in a distribution graph (written frequencies vs. percentages for 

the value of each bar). Format Ⅴ was included to test the impact of the color of the additional 

cues in proportional bar graphs. Within subjects, each participant evaluated seven different 

products (rechargeable LED lamp, face masks, charcoal grill, coffee maker, toaster, air 

circulator, and microwave oven) with different rating distributions in a randomized order. 

Results. We conducted a linear mixed-effects regression analysis. We used average 

rating, variance of ratings, their interaction, color, the distribution graph format (–1 = simple bar 
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graphs, +1 = proportional bar graphs), type of written values (–1 = frequencies; +1 = 

percentages), and type of written values × graphical format as fixed effects. Random intercepts 

for participants, products, and distributions in addition to random slopes for imbalance score and 

variance were included (see Table 6). Participants evaluated the products less favorably when 

ratings distributions were presented in proportional formats (b = –.30, SE =.13, p =.021, 

95% CI = [–.55, –.04]). The average product evaluation in the proportional bar graph conditions 

was 6.24 (SD = 1.97) compared with 6.68 (SD = 2.01) in the simple bar graph conditions 

(Cohen’s d = .22). Using a different color (b = –.05, p = .642) or different types of value labels 

(b = .05, p = .531) did not influence participants’ judgments significantly. More importantly, the 

influence of the graphical format was not moderated by the type of value labels (b = –.01, p = 

.899). This finding supports the idea that the negative effect of using a proportional bar graph 

holds even when (1) other information (e.g., product description, rating volume, and graphical 

and verbal presentation of the means) is provided and (2) bar values are provided in frequencies 

and percentages. 

[INSERT FIGURE 12 ABOUT HERE] 

[INSERT TABLE 6 ABOUT HERE] 

[INSERT FIGURE 13 ABOUT HERE] 

 

Appendix E. Attention Check Used at the Beginning of MTurk and Prolific Studies 

 

Below are several questions related to bamboo. We want to test the level of general 

knowledge about bamboo among the general American population. Please read the questions and 

select one answer. When you select the answer, always choose the answer that says ‘none of the 
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above’ instead of clicking on the right answer. In other words, please ignore the right answer, 

and just click on the answer choice that says ‘none of the above’. 

 

What is the growth rate of a normal healthy bamboo plant? 

 

How long does bamboo live? 

 

What country eats food made with bamboo? 

 

 

 

Appendix F. Distributions used in Study 2 and Additional Tested Models 
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Appendix G: Distributions Used in Study 3 and Additional Tested Models 

 

 

[INSERT TABLE 15 ABOUT HERE] 
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Tables 

 

TABLE 1: STUDY 1 MIXED-EFFECTS REGRESSION RESULTS 

Predictor Estimates SE p-value 

(Intercept) 4.39 .03 <.001 

Platform (TripAdvisor) –.18 .01 <.001 

Michelin Star (yes) .13 .03 <.001 

Price .001 .01 .970 

Platform × Michelin Star –.03 .01 <.001 

Platform × Price .01 .003 <.001 

Random effects Variable SD 

Grouping variable: Restaurant Intercept .19 

AIC  2,664,172 

BIC  2,664,266 

 

 

 

TABLE 2: MIXED-EFFECTS REGRESSION RESULTS IN STUDY 2 
Outcome variable: Product evaluation 

Predictor Estimates SE p-value 95% CI 

(Intercept) –2.34 .39 <.001 –3.16 –1.53 

Average Rating 1.63 .12 <.001 1.38 1.87 

Variance –.07 .25 .779 –.56 .37 

Average Rating × Variance .05 .07 .429 –.07 .19 

Imbalance Score 1.63 .21 <.001 1.23 2.04 

Product (Stapler) .29 .07 <.001 .15 .42 

Graphical Format~ (H1) –.41 .06 <.001 –.55 –.29 

Peak Value 1.38 .20 <.001 1.00 1.76 

Graphical Format × Imbalance Score 

(H3) –.19 

.05 <.001 

–.31 –.10 

Graphical Format × Peak Value (H2) .53 .08 <.001 .38 .69 

Graphical Format × Product .01 .07 .932 –.12 .15 

Random effects  Variable SD 

Grouping variable: Subject  Intercept .94 

 Variance Slope .43 

 Imbalance Score Slope 1.12 

Grouping variable: Stimulus  Intercept .32 

AIC   40,719 

BIC   40,837 

 
           ~ –1 = simple, +1 = proportional 
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TABLE 3: STATISTICAL SUMMARY OF THE MIXED-EFFECTS REGRESSION 

MODELS TESTED IN STUDY 3 

Outcome variable: Product evaluation 

Predictor 
Base model b 

(SE) 

Covariate-only 

model b (SE) 

Proposed 

model b (SE) 

Full model b 

(SE) 

(Intercept) –4.65 (1.35)*** –4.65 (1.35)*** –4.97 (1.36)*** –4.94 (1.36)*** 

Average Rating 1.95 (.45)*** 1.96 (.45)*** 1.96 (.45)*** 1.96 (.45)*** 

Variance –.19 (.86) –.18 (.86) –.18 (.86) –.18 (.86) 

Average Rating × Variance .11 (.22) .11 (.22) .11 (.22) .11 (.22) 

Imbalance Score .69 (.75) .69 (.75) .50 (.75) .50 (.75) 

Peak Value 3.17 (.83)*** 3.17 (.83)*** 3.59 (.85)*** 3.59 (.85)** 

Display Format (graph vs. table) .52 (.23)** .53 (.24)** .78 (.25)*** .81 (.26)*** 

Display Format × Imbalance .98 (.23)*** .98 (.23)*** 1.13 (.24)*** 1.13 (.24)*** 

Display Format × Peak Value –1.25 (.40)*** –1.25 (.40)*** –1.58 (.43)*** –1.58 (.43)*** 

Graphical Format ~ (H1) – – –.33 (.10)*** –.29 (.11)** 

Graphical Format × Imbalance Score 

(H3) 
– – –.19 (.09)** –.19 (.09)** 

Graphical Format × Peak Value (H2) – – .41 (.17)** .41 (.17)** 

Bar Size – .25 (.10)** – .06 (.14) 

Gray Rectangles – –.26 (10)** – –.18 (.11)* 

Random effects Variable SD SD SD SD 

Grouping variable: Subject Intercept .78 .77 .77 .77 

Variance Slope .45 .45 .44 .45 

Imbalance Score Slope .76 .75 .75 .75 

Grouping variable: 

Stimulus Intercept .34 .34 .34 .34 

AIC 14,992 14,985 14,980 14,981 

BIC 15,081 15,087 15,088 15,102 

* p < .1, ** p < .05, *** p < .01 

~ –1 = simple, +1 = proportional 
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TABLE 4: MIXED-EFFECTS REGRESSION RESULTS IN STUDY 4 

Outcome variable: Estimation error 

Predictor Estimates SE p-value 95% CI 

(Intercept) 2.52 .75 .007 1.01 3.91 

Graphical Format~ .01 .26 .961 –.53 .53 

True Proportion –7.09 1.28 <.001 –9.59 –4.32 

Valence (positive vs. negative) –.03 .92 .978 –1.90 1.80 

Graphical Format × True Proportion –3.16 .89 <.001 –5.00 –1.34 

Estimation Time .00 .89 .971 –.01 .01 

Random effects  Variable SD 

Grouping variable: Subject  Intercept 1.59 

 True Proportion Slope 12.97 

Grouping variable: Stimulus  Intercept .95 

AIC   7,754 

BIC   7,805 

 

 

 

 

TABLE 5: TYPE Ⅲ ANOVA RESULTS IN APPENDIX C 

Predictor SS DF F-value p-value 

Graphical Format 13.98 1 4.33 .038 

Average Rating 267.40 1 82.76 <.001 

Peak Value 27.56 1 8.53 .004 

Graphical Format × Average Rating .56 1 .17 .676 

Graphical Format × Peak Value 11.90 1 3.68 .055 

Average Rating × Peak Value 10.33 1 3.20 .074 

Graphical Format × Average Rating 

× Peak Value 
.04 1 .01 .912 

Residuals 2303.70 713   
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TABLE 6: APPENDIX D FULL MODEL 

Outcome variable: Product evaluation 

Predictor Estimates SE p-value 95% CI 

(Intercept) 1.88 .76 .023 .30 3.48 

Average Rating .98 .26 .001 .43 1.48 

Variance .22 .49 .655 –.65 1.31 

Average Rating × Variance –.02 .12 .854 –.30 .21 

Imbalance Score .66 .42 .132 –.13 1.58 

Peak Value .34 .43 .448 –.46 1.16 

Color (red vs. gray) –.05 .10 .642 –.25 .16 

Value Labels .05 .07 .531 –.10 .21 

Graphical Format ~ (H1) –.29 .13 .021 –.55 –.04 

Graphical Format × Peak 

Value (H2) 
.35 .22 .110 –.04 .80 

Graphical Format × 

Imbalance Score (H3) 
–.19 .13 .124 –.44 .06 

Graphical Format × 

Value Labels 
–.01 .07 .899 –.14 .13 

Random Effects   

Predictor 

variable SD 

Grouping variable: Subject   Intercept .93 

  Variance Slope .49 

  Imbalance Score Slope 1.00 

Grouping variable: Product  Intercept .00 

 Stimulus Intercept 1.37 

AIC    10725 

BIC    10832 

~ –1 = simple, +1 = proportional 
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TABLE 7: AVERAGE RATINGS AND VARIANCE OF DISTRIBUTIONS 

USED IN STUDY 2 
Average Rating 

(±.02) 
3.0 3.2 3.4 3.6 3.8 4.0 4.2 4.4 4.6 4.8 

V
ar

ia
n
ce

 
.04 .28 .50 .30 .48 .17 .22 .24 .34 .17 

.08 .35 .58 .38 .56 .19 .34 .44 .54 .22 

.11 .40 .70 .54 .69 .33 .34 .48 .65 .29 

.24 .46 .77 .65 .71 .58 1.01 .50 .67 .33 

.38 .75 .77 .69 .75 .64 1.02 .61 .71 .34 

.38 .77 .93 .79 .83 .78 1.10 .64 .75 .35 

.89 .97 1.17 .91 1.04 1.08 1.14 .77 .75 .36 

1.09 1.21 1.17 .97 1.13 1.22 1.34 .83 .75 .42 

1.25 1.21 1.17 .99 1.66 1.22 1.53 1.09 .81 .43 

1.28 1.33 1.19 1.01 1.70 1.24 1.55 1.11 .85 .44 

1.68 1.35 1.36 1.15 1.88 1.26 1.57 1.13 .89 .44 

1.70 1.40 1.88 1.19 1.99 1.30 1.58 1.23 .89 .45 

1.72 1.53 2.00 1.25 2.01 1.34 1.59 1.29 .93 .45 

1.91 1.76 2.00 1.33 2.07 1.67 1.65 1.43 .99 .46 

2.00 1.79 2.08 1.44 2.19 1.73 1.66 1.47 1.05 .47 

2.01 1.82 2.22 1.57 2.48 1.77 1.77 1.47 1.07 .53 

2.59 1.83 2.35 1.62 2.48 1.81 1.86 1.47 1.11 .55 

2.59 2.01 2.50 1.64 2.81 2.17 2.05 1.48 1.13 .57 

2.94 3.37 2.70 1.64 2.89 2.62 2.16 1.76 1.27 .61 

3.18 3.97 2.85 1.90 3.39 2.66 2.46 1.96 1.42 .71 
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TABLE 8: STUDY 2 REGRESSION MODEL W1  

Outcome variable: Product evaluation 

Predictor Estimates SE p-value 95% CI 

(Intercept) –2.34 .39 <.001 –3.16 –1.52 

Average Rating 1.63 .12 <.001 1.38 1.87 

Variance –.07 .25 .779 –.56 .37 

Average Rating × Variance .05 .07 .430 –.07 .19 

Imbalance Score 1.63 .21 <.001 1.23 2.04 

Product (Stapler) .29 .07 <.001 .15 .42 

Graphical Format~ (H1) –.40 .14 .004 –.68 –.11 

Peak Value 1.38 .20 <.001 1.00 1.76 

Graphical Format × Imbalance Score (H3) –.19 .09 .030 –.38 –.01 

Graphical Format × Peak Value (H2) .53 .08 <.001 .37 .69 

Graphical Format × Product .01 .07 .932 –.12 .15 

Graphical Format × Average Rating .00 .04 .941 –.10 .08 

Random effects  Variable SD 

Grouping variable: Subject  Intercept .94 

 Variance Slope .43 

 Imbalance Score Slope 1.12 

Grouping variable: Stimulus  Intercept .32 

AIC   40,721 

BIC   40,846 
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TABLE 9: STUDY 2 REGRESSION MODEL W2 

Outcome variable: Product evaluation 

Predictor Estimates SE p-value 95% CI 

(Intercept) –2.35 .39 <.001 –3.18 –1.54 

Average Rating 1.63 .12 <.001 1.38 1.88 

Variance –.05 .25 .828 –.54 .38 

Average Rating × Variance .05 .07 .474 –.07 .18 

Imbalance Score 1.62 .21 <.001 1.23 2.04 

Product (Stapler) .29 .07 <.001 .15 .42 

Graphical Format~ (H1) –.33 .14 .017 –.61 –.05 

Peak Value 1.39 .20 <.001 1.00 1.76 

Graphical Format × Imbalance Score (H3) –.15 .09 .094 –.34 .03 

Graphical Format × Peak Value (H2) - - - - - 

Graphical Format × Product .00 .07 .951 –.12 .15 

Graphical Format × Average Rating .07 .04 .126 –.03 .15 

Random effects  Variable SD 

Grouping variable: Subject  Intercept .94 

 Variance Slope .43 

 Imbalance Score Slope 1.11 

Grouping variable: Stimulus  Intercept .32 

AIC   40,765 

BIC   40,883 
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TABLE 10: STUDY 2 REGRESSION MODEL W3 

Outcome variable: Product evaluation 
Predictor Estimates SE p-value 95% CI 

(Intercept) –1.86 .43 <.001 –2.75 –.95 

Average Rating 1.78 .14 <.001 1.52 2.06 

Variance –.54 .27 .042 –1.07 –.02 

Average Rating × Variance .14 .07 .044 .01 .29 

Imbalance Score 1.54 .23 <.001 1.09 2.00 

Product (Stapler) .29 .07 <.001 .15 .42 

Graphical Format~ (H1) –.34 .14 .016 –.62 –.05 

Peak Value - - - - - 

Graphical Format × Imbalance Score (H3) –.15 .09 .093 –.34 .03 

Graphical Format × Peak Value (H2) - - - - - 

Graphical Format × Product .00 .07 .957 –.12 .15 

Graphical Format × Average Rating .07 .04 .123 –.03 .15 

Random effects  Variable SD 

Grouping variable: Subject  Intercept .94 

 Variance Slope .43 

 Imbalance Score Slope 1.11 

Grouping variable: Stimulus  Intercept .36 

AIC   40,808 

BIC   40,919 
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TABLE 11: STUDY 2 REGRESSION MODEL W4 

Outcome variable: Product evaluation 
Predictor Estimates SE p-value 95% CI 

(Intercept) –1.86 .43 <.001 –2.76 –.95 

Average Rating 1.78 .14 <.001 1.52 2.06 

Variance –.54 .27 .043 –1.07 –.02 

Average Rating × Variance .14 .07 .045 .01 .29 

Imbalance Score 1.54 .23 <.001 1.09 2.00 

Product (Stapler) .29 .07 <.001 .15 .42 

Graphical Format~ (H1) –.17 .10 .085 –.37 .02 

Peak Value - - - - - 

Graphical Format × Imbalance Score (H3) - - - - - 

Graphical Format × Peak Value (H2) - - - - - 

Graphical Format × Product .00 .07 .957 –.12 .15 

Graphical Format × Average Rating .01 .02 .816 –.04 .05 

Random effects  Variable SD 

Grouping variable: Subject  Intercept .94 

 Variance Slope .43 

 Imbalance Score Slope 1.11 

Grouping variable: Stimulus  Intercept .36 

AIC   40,809 

BIC   40,912 
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TABLE 12: STUDY 2 REGRESSION MODEL W5 

Outcome variable: Product evaluation 

Predictor Estimates SE p-value 95% CI 

(Intercept) –2.36 .39 <.001 –3.18 –1.55 

Average Rating 1.64 .12 <.001 1.39 1.88 

Variance –.52 .25 .835 –.54 .39 

Average Rating × Variance .05 .07 .480 –.07 .18 

Imbalance Score 1.62 .21 <.001 1.22 2.04 

Product (Stapler) .29 .07 <.001 .15 .42 

Graphical Format~ (H1) –.17 .10 .086 –.36 .03 

Peak Value 1.39 .20 <.001 1.00 1.76 

Graphical Format × Imbalance Score (H3) - - - - - 

Graphical Format × Peak Value (H2) - - - - - 

Graphical Format × Product .00 .07 .951 –.12 .15 

Graphical Format × Average Rating .01 .02 .830 –.04 .05 

Random effects  Variable SD 

Grouping variable: Subject  Intercept .94 

 Variance Slope .43 

 Imbalance Score Slope 1.11 

Grouping variable: Stimulus  Intercept .32 

AIC   40,767 

BIC   40,877 
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TABLE 13: STUDY 2 REGRESSION MODEL W6 

Outcome variable: Product evaluation 
Predictor Estimates SE p-value 95% CI 

(Intercept) –4.17 .36 <.001 –4.82 –3.46 

Average Rating 2.40 .09 <.001 2.23 2.56 

Variance –.24 .28 .395 –.81 .29 

Average Rating × Variance .06 .07 .461 –09 .21 

Imbalance Score - - - - - 

Product (Stapler) .15 .06 .010 .03 .27 

Graphical Format~ (H1) –.14 .09 .109 –.30 .05 

Peak Value 1.29 .22 <.001 .85 1.71 

Graphical Format × Imbalance Score (H3) - - - - - 

Graphical Format × Peak Value (H2) .47 .08 <.001 .31 .63 

Graphical Format × Product .01 .06 .837 –.12 .13 

Graphical Format × Average Rating –.08 .02 <.001 –.14 –.04 

Random effects  Variable SD 

Grouping variable: Subject  Intercept .85 

 Variance Slope .45 

Grouping variable: Stimulus  Intercept .37 

AIC   41,236 

BIC   41,340 
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TABLE 14: STUDY 2 REGRESSION MODEL W7 

Outcome variable: Product evaluation 

Predictor Estimates SE 
p-

value 
95% CI 

(Intercept) –3.63 .38 <.001 –4.30 –2.88 

Average Rating 2.50 .09 <.001 2.32 2.68 

Variance –.67 .29 .022 –1.20 –.11 

Average Rating × Variance .14 .08 .074 –.01 .30 

Imbalance Score - - - - - 

Product (Stapler) .15 .06 .011 .03 .27 

Graphical Format~ (H1) –.14 .09 .120 –.30 .06 

Peak Value - - - - - 

Graphical Format × Imbalance Score 

(H3) - 

- - 

- - 

Graphical Format × Peak Value (H2) - - - - - 

Graphical Format × Product .01 .06 .877 –.12 .13 

Graphical Format × Average Rating .00 .02 .803 –.05 .03 

Random effects  Variable SD 

Grouping variable: Subject  Intercept .85 

 Variance Slope .44 

Grouping variable: Stimulus  Intercept .41 

AIC   41,295 

BIC   41,384 
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TABLE 15: AVERAGE RATING AND VARIANCE OF DISTRIBUTIONS 

USED IN STUDY 3 

Average 

Rating (±.02) 
3.0 3.3 3.6 3.9 4.2 4.5 4.8 

Variance 

.93 1.17 .30 .54 .83 .52 .33 

1.72 1.23 .91 1.58 1.50 .62 .44 

2.38 1.96 1.39 2.09 2.25 1.42 .70 

 

 

 

TABLE 16: STUDY 3 BASE MODEL 

Outcome variable: Product evaluation 

Predictor Estimates SE p-value 95% CI 

(Intercept) –4.65 1.35 .002 –7.18 –1.85 

Average Rating 1.95 .45 <.001 .94 2.86 

Variance –.19 .86 .831 –1.82 1.48 

Average Rating × Variance .11 .22 .610 –.32 .54 

Imbalance Score .69 .75 .366 –.72 2.38 

Peak Value 3.17 .83 <.001 1.65 4.68 

Display Format (graph vs. 

table) .52 .23 .025 .07 .92 

Display Format × 

Imbalance .98 .23 <.001 .56 1.38 

Display Format × Peak 

Value –1.25 .40 .002 –1.96 –.47 

Random Effects   

Predictor 

variable SD 

Grouping variable: Subject   Intercept .78 

  Variance Slope .45 

  Imbalance Score Slope .76 

Grouping variable: Stimulus  Intercept .34 

AIC    14,992 

BIC    15,081 

 

 

 

  



 

 

65 

 

TABLE 17: STUDY 3 COVARIATE-ONLY MODEL 

Outcome variable: Product evaluation 

Predictor Estimates SE p-value 95% CI 

(Intercept) –4.65 1.35 .002 –7.18 –1.85 

Average Rating 1.96 .45 <.001 .94 2.86 

Variance –.18 .86 .832 –1.82 1.49 

Average Rating × Variance .11 .22 .610 –.32 .54 

Imbalance Score .69 .75 .366 –.72 2.38 

Peak Value 3.17 .83 .001 1.65 4.69 

Display Format (graph vs. 

table) .53 .24 .028 .04 .95 

Display Format × 

Imbalance .98 .23 <.001 .56 1.38 

Display Format × Peak 

Value –1.25 .40 .002 –1.96 –.47 

Gray Rectangles –.26 .10 .011 –.44 –.05 

Bar Size .25 .10 .013 .05 .44 

Random Effects   

Predictor 

variable SD 

Grouping variable: Subject   Intercept .77 

  Variance Slope .45 

  Imbalance Score Slope .75 

Grouping variable: Stimulus  Intercept .34 

AIC    14,985 

BIC    15,087 
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TABLE 18: STUDY 3 PREDICTED MODEL 

Outcome variable: Product evaluation 

Predictor Estimates SE p-value 95% CI 

(Intercept) –4.97 1.36 .001 –7.52 –2.18 

Average Rating 1.96 .45 <.001 .94 2.86 

Variance –.18 .86 .833 –1.82 1.49 

Average Rating × Variance .11 .22 .611 –.32 .54 

Imbalance Score .50 .75 .509 –.97 2.16 

Peak Value 3.59 .85 <.001 2.11 5.11 

Display Format (graph vs. 

table) 
.78 .25 .001 .32 1.21 

Display Format × 

Imbalance 
1.13 .24 <.001 .67 1.55 

Display Format × Peak 

Value 
–1.58 .43 <.001 –2.31 –.79 

Graphical Format ~ (H1) –.33 .10 .001 –.55 –.14 

Graphical Format × Peak 

Value (H2) 
.41 .17 .015 .10 .74 

Graphical Format × 

Imbalance Score (H3) 
–.19 .09 .048 –.35 .01 

Random Effects   

Predictor 

variable SD 

Grouping variable: Subject   Intercept .77 

  Variance Slope .44 

  Imbalance Score Slope .75 

Grouping variable: Stimulus  Intercept .34 

AIC    14,980 

BIC    15,088 
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TABLE 19: STUDY 3 FULL MODEL 

Outcome variable: Product evaluation 
Predictor Estimates SE p-value 95% CI 

(Intercept) –4.94 1.36 .001 –7.44 –2.13 

Average Rating 1.96 .45 <.001 .94 2.86 

Variance –.18 .86 .833 –1.81 1.49 

Average Rating × Variance .11 .22 .611 –.32 .54 

Imbalance Score .50 .75 .510 –.97 2.16 

Peak Value 3.59 .85 <.001 2.11 5.11 

Display Format (graph vs. table) .81 .26 .002 .31 1.28 

Display Format × Imbalance 1.13 .24 <.001 .67 1.55 

Display Format × Peak Value –1.58 .43 <.001 –2.31 –.79 

Gray Rectangles –.18 .11 .098 –.39 .03 

Bar Size .06 .14 .685 –.24 .35 

Graphical Format ~ (H1) –.29 .11 .007 –.53 –.08 

Graphical Format × Peak Value 

(H2) 
.41 .17 .015 .10 .74 

Graphical Format × Imbalance 

Score (H3) 
–.19 .09 .048 –.35 .01 

Random Effects   

Predictor 

variable SD 

Grouping variable: Subject   Intercept .77 

  Variance Slope .45 

  Imbalance Score Slope .75 

Grouping variable: Stimulus  Intercept .34 

AIC    14,981 

BIC    15,102 
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Figures 

 

FIGURE 1: PROPORTIONAL AND SIMPLE BAR GRAPH EXAMPLES 

A) Proportional bar graphs         B) Simple bar graphs 
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FIGURE 2: BIASES IN JUDGING PROPORTIONS PREDICTED BY TVERSKY AND 

KAHNEMAN (1992) 

Source: (Hollands and Dyre 2000, p. 522) 
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FIGURE 3: EXAMPLES OF FORMATS USED IN STUDY 3 

 

 

 

  



 

 

71 

 

FIGURE 4: PRODUCT EVALUATION AS A FUNCTION OF GRAPHICAL FORMAT 

IN STUDY 3 
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FIGURE 5: STIMULI AND TARGET RATING SCORES USED IN STUDY 4 

A) Proportional bar graph (positive vs. negative condition) 
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B) Simple bar graphs (positive vs. negative condition) 

 

 

  



 

 

74 

 

FIGURE 6: DISTRIBUTIONS AND STIMULI USED IN STUDY 5 

Choice set A: Simple bar graphs                           Choice set B: Proportional bar graphs 
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FIGURE 7: STIMULI USED IN APPENDIX A 
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FIGURE 8: WILLINGNESS TO BUY AS A FUNCTION OF THE GRAPHICAL 

FORMAT AND TIME GAZED AT GRAPHICAL CUES IN APPENDIX A 

 

 

 

 

  



 

 

77 

 

FIGURE 9: APPENDIX B FORMATS AND RESULTS 

A) Formats used in Appendix B. 

 

B) Appendix B results: Product evaluation as a function of rating distribution format. 
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FIGURE 10: STIMULI USED IN APPENDIX C 
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FIGURE 11: APPENDIX C RESULTS 

A) Low peak value 

 

B) High peak value 
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FIGURE 12: EXAMPLES OF STIMULI USED IN APPENDIX D 

Format Ⅰ (simple bar graph with frequencies) 

Format Ⅱ (simple bar graph with percentages) 
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Format Ⅲ (proportional bar graph with frequencies) 

Format Ⅳ (proportional bar graph with percentages) 
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Format Ⅴ (proportional bar graph with high contrast) 
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FIGURE 13: PRODUCT EVALUATIONS IN APPENDIX D 
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Abstract 

Political ideology plays a vital role in shaping a wide range of consumers’ behaviors in the 

marketplace. Specifically, previous research has shown that political identity affects customer 

satisfaction and complaining behaviors. In this research, the authors demonstrate that consumers 

with different political ideologies are not equally likely to complain about various attributes of a 

product or service. Specifically, the authors use a unique database of online reviews in conjunction 

with a county-level indicator of political ideology (the U.S. presidential election results between 

2000 and 2020) and a lab experiment to show that conservative consumers are more likely to 

complain about their interpersonal interactions with firms’ employees during a product or service 

delivery. Given that political ideology is an easily observable variable, the present research will 

help managers customize their offerings and allocate their resources more effectively. 

 

Keywords: online WOM, political ideology, interpersonal interactions, empathy  
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Introduction 

 

Private and public complaints are common reactions to product or service failures and 

can influence a brand’s current and prospective customers. With the rise of technology, it has 

never been more straightforward for consumers to express their dissatisfaction privately to the 

suppliers or publicly on social media and online review platforms. Millions of internet users can 

easily see customers’ negative word of mouth (WOM) on online review platforms. While 

negative WOM on review platforms and social media networks might negatively influence 

firms’ performance, studying them offers valuable opportunities to identify the shortcomings, 

understand the underlying issues, and address them. Therefore, academics and practitioners must 

understand what types of product and service failures may cause more negative WOM. 

Research on customer satisfaction and consumer complaints has studied the impact of 

various variables on satisfaction and complaint likelihood, including political identity (Fernandes 

et al. 2022; Jung et al. 2017), self-efficacy, Machiavellianism (Shoham, Gavish, and Segev 

2012), impulsivity, and self-monitoring (Sharma et al. 2010). A related research stream has 

focused explicitly on consumer characteristics that can affect negative WOM (Casidy et al. 2021; 

Dubois, Bonezzi, and De Angelis 2016; Zhang, Feick, and Mittal 2014). While the findings of 

these studies help managers understand why some groups of consumers are less satisfied or more 

likely to spread negative WOM, they do not offer guidelines for detecting product and service 

attributes whose failures result in a higher dissatisfaction and an increased risk of complaining 

among different groups of customers. Therefore, in order to obtain the full benefits of consumer 

feedback and reduce future negative WOM, firms need to understand how different groups of 

customers react differently to various negative experiences. 
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The customer satisfaction literature has identified two fundamental types of attributes that 

determine customer satisfaction: core attributes (i.e., what is delivered or the outcome) and 

peripheral attributes (i.e., the delivery process―how is the product or service delivered; 

Anderson, Pearo, and Widener 2008). Peripheral attributes can be further categorized into two 

general subgroups, physical (i.e., environmental and mechanical components) and interactional 

attributes (i.e., interpersonal interactions involved in the delivery process). Importantly, not all 

customers value different aspects of a service or a product equally, resulting in different 

satisfaction compositions. For instance, it has been found that the effect of the core and 

peripheral attributes on overall satisfaction is moderated by consumers’ characteristics such as 

gender, age, income, and previous experiences (Anderson et al. 2008). 

Social interactions between customers and employees are inevitable in the marketplace. 

Given that such interactions occur overwhelmingly more in service contexts, it is critical to 

understand how various consumers react differently to their dissatisfactory interactions with the 

employees. Therefore, the current research focuses on the role of political ideology in shaping 

consumers’ assessment of and reaction to dissatisfactory personal interactions with service 

employees. 

Several studies have investigated the role of political ideology in a wide range of 

behaviors, including brand choice (Khan, Misra, and Singh 2013; Varman and Belk 2009), 

variety-seeking (Fernandes and Mandel 2014), customer satisfaction (Fernandes et al. 2022), and 

complaining (Jung et al. 2017). We build on previous research findings on political psychology 

and consumer behavior and contribute to this literature by investigating the impact of political 

ideology on negative WOM about dissatisfactory customer-employee interactions. The choice of 

political identity as a factor to be studied with respect to consumer post-consumption behaviors 
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is useful because managers can use publicly available data (e.g., voter registration and polling 

data) to adjust their marketing practices according to the political orientations of their customers. 

We contend that conservatives are more likely than liberals to share negative WOM 

about interpersonal interactions involved in product and service deliveries. Specifically, we 

hypothesize that because conservative (vs. liberal) consumers tend to adhere to social norms and 

show less empathy toward others, they are more critical about their personal interactions with 

employees. We test these predictions using online consumer reviews posted on Google and 

conducting randomized lab experiments. Finally, we discuss the theoretical and managerial 

implications of this work and some avenues for future research.   

 

Theoretical Background 

 

Post-consumption Behaviors: Satisfaction, Complaining, and Negative WOM 

Consumer complaining is defined as any form of “behavioral expression of 

dissatisfaction” (Peter McGraw, Warren, and Kan 2015, p. 1153), and it includes a wide range of 

responses from private and public negative word of mouth to lengthy legal proceedings (Crie 

2003). Such complaints are directed toward firms, third parties (e.g., Better Business Bureau), 

friends, family, or strangers. Given the increasing importance of establishing long-term 

relationships with customers, firms should encourage dissatisfied customers to lodge more 

complaints (Fornell and Wernerfelt 1987). In fact, actively encouraging complaints and 

monitoring negative WOM shared on social media and review platforms are standard practices 

among many businesses (Bell and Luddington 2006; Peter McGraw et al. 2015). 
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Consumer complaining has received considerable attention in the marketing literature as 

well. This includes research on motivational factors influencing consumers’ complaining 

responses. Individuals often complain in different forms, with a variety of purposes, including 

venting negative emotions (Robertson and Shaw 2009), starting conversations with other 

consumers (Peter McGraw et al. 2015), warning others about a negative experience (Ward and 

Ostrom 2006), and demanding redress (Chebat, Davidow, and Codjovi 2005).  

However, not all consumers engage in complaining activities equally and in the same 

manner. Negative WOM and complaining likelihood are influenced by a wide array of 

consumers’ psychological characteristics. For instance, complaining propensity is associated 

with impulsivity (Sharma et al. 2010), self-confidence (Jacoby and Jaccard 1981), external locus 

of control (Robertson and Shaw 2009), assertiveness (Sharma et al. 2010; Voorhees, Brady, and 

Horowitz 2006), and self-efficacy (Mckee, Simmers, and Licata 2006). At a broader level, many 

researchers have studied the influence of a variety of cultural and situational factors on 

consumers complaining behaviors (e.g., Liu, Furrer, and Sudharshan 2001; Mattila and Patterson 

2004; Orsingher, Valentini, and de Angelis 2010; Oster 1980; Schoefer 2010). For example, 

situational factors such as price (Oster 1980), the likelihood of success (Robertson and Shaw 

2009), perceived social justice (Voorhees and Brady 2005), and sources of dissatisfaction 

(Bitner, Booms, and Tetreault 1990) have been found to influence consumers’ complaining 

behaviors. Studying cultural differences in complaining, Liu and McClure (2001) report that 

consumers in individualistic cultures (e.g., United States) are more likely to engage in public 

complaining and less likely to show private reactions to dissatisfaction, as compared with those 

in collectivistic cultures (e.g., South Korea).  
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Many personal and cultural characteristics that have been found to influence consumers’ 

complaining behaviors are related to political ideology. However, mixed findings have been 

reported regarding the way consumers’ post-consumption behaviors such as satisfaction and 

negative WOM are influenced by personal and cultural characteristics associated with 

conservatism. For instance, political psychology research has found that conservatism is 

positively [negatively] associated with conscientiousness [openness to new experiences] (Carney 

et al. 2008). Nevertheless, research has found that higher degrees of both conscientiousness and 

openness to new experiences lead to a higher complaining likelihood (Ekinci, Calderon, and 

Siala 2016; Harris and Mowen 2001). 

Such mixed findings can be found elsewhere (e.g., Phau and Baird 2008; Swimberghe, 

Sharma, and Flurry 2009). Importantly, Jung et al. (2017) find that while conservative consumers 

are less likely to complain about financial products, they are more likely to complain about 

services. On the one hand, religious beliefs–which are associated with conservatism (Noël and 

Thérien 2008)–have been found to be associated with higher negative WOM in everyday service 

failure encounters (Casidy et al. 2021). In contrast, recent research suggests that since 

conservatives believe in free will and trust their own decisions, they are more satisfied with both 

products and services and less likely to post negative reviews on public platforms (Fernandes et 

al. 2022).  

Despite growing research on the role of political identity in the marketplace, it is still 

unclear why conservatism and closely related constructs are associated with favorable post-

consumption behaviors in some cases and negative reactions in others. While the extant studies 

help understand the influence of political beliefs on various post-consumption behaviors such as 

complaining behaviors and customer satisfaction, most investigate consumers’ overall 



 

 

96 

 

satisfaction with products and services as the main driver of complaints without distinguishing 

between various sources of dissatisfaction. We believe that distinguishing between various 

product and service failures in exploring the influence of political ideology on negative WOM 

and complaints is essential to both theory and practice. Therefore, we study the effects of 

consumers’ political ideologies on post-consumption behaviors (satisfaction and negative WOM) 

while focusing on customer-employee personal interactions. We specifically study consumers’ 

evaluations of their personal interactions during service encounters to better understand how 

conservatives and liberals react differently to dissatisfactory social interactions in the 

marketplace. 

Conservatism, Empathy, and Social Interactions 

Political ideology refers to “beliefs and principles that reflect a person’s views on how 

society should be governed” (Kim, Park, and Dubois 2018, p. 135) and is usually measured on a 

spectrum ranging from liberal to conservative. Studying its role in consumer behavior is crucial 

because individuals’ political ideologies have been found to affect their thoughts, feelings, 

attitudes, and behaviors (Jost et al. 2003; Jung et al. 2017). Research has found that liberal and 

conservative consumers deviate from one another in various aspects, including personality traits, 

motivational interests, interpersonal relationships, and personal values (Carney et al. 2008; Jung 

et al. 2017).  

Among those differences, some are more influential in shaping social interactions. 

Specifically, the two that stand out are empathy and social norms. Empathy is a 

multidimensional construct that affects individuals’ assessment of social interactions and is 

defined as “a person’s ability to sense another’s thoughts, feelings, and experiences, to share the 
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other’s emotional experience, and to react to the observed experiences of another person” 

(Wieseke, Geigenmüller, and Kraus 2012, p. 317). Prior research suggests that while 

conservatives value politeness more than liberals do (Hirsh et al. 2010), they tend to show lower 

levels of compassion and empathy toward others (Hasson et al. 2018; Hirsh et al. 2010; Hudson, 

Cikara, and Sidanius 2019; McCue and David Gopoian 2000; Pratto, Sidanius, and Levin 2006). 

A consequence of differences in empathy felt toward others is that while liberals tend to attribute 

external factors to people’s hardships and express more sympathy for them, conservatives blame 

individuals for their situations and show less compassion (Hasson et al. 2018).  

Conservatives also tend to place a higher emphasis on traditional values and social 

norms, and prior research suggests that they are more sensitive to violations of those values and 

norms (Skitka and Tetlock 1993). Consistently, several studies have found that conservatism is 

associated with less tolerance for other people (Lindner and Nosek 2009; Noël and Thérien 

2008). Conservatives tend to punish violators of social norms because such violations can 

increase uncertainty (Jost et al. 2003). Other studies have also found an association between 

constructs related to conservatism and adherence to social norms, unforgiveness, and retaliatory 

behaviors. For example, research has reported both an association (Noël and Thérien 2008) and a 

reciprocal causal relationship (Patrikios 2008) between religiosity and conservatism, and 

religious individuals have been found to advocate adherence to social norms and spread negative 

WOM about service failures more than nonreligious people do (Casidy et al. 2021). Furthermore, 

research indicates that southern United States residents, who are mainly conservative, have 

higher norms and standards for politeness and are more prone to respond to even “trivial” 

encounters such as an insulting remark or a petty argument than those who live in the north 

(Cohen et al. 1996 and 1999). These findings suggest that customer conservatism, empathy, and 
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tolerance for others can have significant implications for personal interactions occurring in the 

marketplace. 

Employee-Customer Interactions and Customer Satisfaction 

Given that social interactions are ubiquitous in the production and delivery of products 

and services, a large corpus of research has focused on how interactions between consumers and 

frontline personnel affect consumers’ evaluations of products and services (Bitner et al. 1990; 

Brady, Voorhees, and Brusco 2012; Hartline and Ferrell 1996; Wieseke et al. 2012; Yim, Tse, 

and Chan 2008). Prior studies suggest that consumers’ assessment of the quality of their personal 

interactions with employees is a significant predictor of their overall satisfaction with the service 

in various industries (Bitner et al. 1990).  

Specifically, the level of empathy displayed during personal interactions between 

customers and employees has been found to affect consumers’ perception of service quality 

(Berry, Seiders, and Grewal 1967; Wieseke et al. 2012). In fact, Wieseke, Geigenmüller, and 

Kraus (2012) report that more empathic people tend to assess an unsatisfactory service encounter 

less negatively because empathy enables adaptive and prosocial behaviors. This implies that 

empathic customers, who are more likely to forgive mistakes occurring in service encounters, 

should also be less likely to spread negative WOM about their social interactions with 

employees. 

Empathy involves seeing the world from another person’s perspective and is 

characterized by feelings of compassion towards them (Hasson et al. 2018). By taking another 

person’s perspective, an empathic individual can increase her understanding of other people’s 

experiences and react appropriately to various circumstances (Wieseke et al. 2012). A better 
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understanding of what is happening enables empathic customers to predict other people’s 

behaviors, revise their expectations, and respond to them accordingly. In customer-employee 

interactions, customers with high empathy can similarly foster a more precise understanding of 

an employee’s state of mind and adapt to the situation (Wieseke et al. 2012). The resulting 

adaptive approach improves a customer’s social interactions with service employees, leading to 

higher satisfaction. 

Another aspect of empathy involves feeling compassion for other people and being 

motivated to help others (Bendapudi, Singh, and Bendapudi 1996; Hasson et al. 2018; Pavey, 

Greitemeyer, and Sparks 2012). According to Berry, Seiders, and Grewal (1967), empathy is an 

other-focused emotion that reflects the need for harmony and motivates individuals to help 

others. As a result, an empathic customer may be compelled to be more mindful of employees’ 

working conditions, recognize their efforts, and act less selfishly. Consistently, Wieseke, 

Geigenmüller, and Kraus (2012) find that empathic customers are less likely to engage in 

punitive behaviors when experiencing unsatisfying interactions with employees.  

Considering all the evidence, given that conservative (vs. liberal) individuals value 

traditions, display less empathy toward others, advocate social norms, and show less tolerance 

for other people, they should be more critical of their dissatisfactory social interactions in the 

marketplace. Therefore, we predict that conservative consumers will evaluate their 

dissatisfactory personal interactions with the service personnel more negatively and complain 

more about those interactions. We further hypothesize that this effect is mediated by lower levels 

of empathy toward service employees felt by conservative consumers. In the following section, 

we report two studies to test the effect of political conservatism on the perception of 

interpersonal interactions in service contexts. 
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Study 1: Textual Content of Online Consumer Reviews 

 

Using online reviews posted on review platforms such as Amazon, Yelp, and Google to 

understand consumers’ post-consumption behaviors is common among researchers (e.g., Casidy 

et al. 2021; Fernandes et al. 2022). In this study, we use a unique dataset of reviews posted on 

Google to test whether conservative consumers are more likely to spread negative WOM about 

their dissatisfactory interactions with service employees. 

We collected all reviews posted for 893 McDonald’s branches on Google (data collection 

was done between January 7 and 9 of 2021. We selected this fast-food chain for several reasons. 

First, McDonald’s is a well-known brand with many customers writing reviews for its’ branches. 

Second, our analysis of Google data (i.e., Google Trends) did not suggest any significant 

difference in its popularity in liberal and conservative states in the U.S. Third, since all branches 

offer the same menu and similar services, the simplicity of shopping at this chain would 

minimize the number of attributes about which consumers would write reviews. All branches 

were located in the U.S. The following section describes the procedures used in this study. 

Data Collection and Text Analysis 

Data Collection. We selected 108 U.S. counties/parishes whose 2019 estimated 

populations were between 150,000 and 200,000. We selected this population range for several 

reasons. First and foremost, we could observe different levels of conservativism in those counties 

as measured by voting behaviors. Second, counties with higher [lower] populations were 

predominantly conservative [liberal], and including them in our sample would introduce 

unnecessary complexities and would make the data set biased. Third, we could assume that 
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branches in those 108 counties (vs. those in counties with higher populations) were more likely 

to serve local customers than travelers. Finally, branches in those counties had received a 

considerable number of reviews. 

After selecting the counties, we used 108 [“McDonald’s” in X county/parish, Y] search 

phrases where X and Y denote county and state names, respectively. Then, we collected the 

reviews posted for the branches displayed on each of the 108 search result pages. This process 

resulted in 732,152 consumer ratings (352,099 written reviews) posted for 893 branches. Since 

search results were not exclusive to the target counties, several branches from neighbor counties 

were also collected and included in our analyses. 

Preparing Text for Statistical Analysis. Analysis of the text in the reviews is complex for 

many reasons. First, there is no structure in the reviews. Most reviews written by consumers tend 

to be casual in their grammar and word usage. Second, the textual content in these reviews must 

be cleaned to remove words that are not informative. Third, many words must be transmuted so 

that they can be manipulated numerically. In the preprocessing step, the textual data is cleaned 

and standardized for analysis. We treated each individual review as a document and ran the 

following preprocessing steps. We removed non-English characters and words (e.g., HTML tags, 

URLs, telephone numbers, punctuation) that do not typically have any informational content 

about the writers’ experiences. After preprocessing, each review was assumed to be an unordered 

collection of words with meaning. We also used the Quanteda R package to stem the words (i.e., 

convert words to their root forms―e.g., “write” for “writer,” “wrote” and “writing”) and remove 

all stop words that are not required for meaning (e.g., “and,” “the,” “as,” “are,” “by,” “on,” and 

“in”). 
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Topic Modeling. Topic modeling is an unsupervised machine learning technique to 

discover topics in a text document automatically. Latent Dirichlet Allocation (LDA; Blei, Ng, 

and Jordan 2003) is one of the most commonly used topic modeling techniques and is capable of 

the extraction of a parsimonious set of an optimum number of topics (Tirunillai and Tellis 2014). 

We identified five popular topics for the reviews posted for various McDonald’s branches on 

Google from the LDA analysis. In addition to identifying topics present in the text, the LDA 

algorithm also calculates the probability of each topic in individual reviews. For instance, if the 

probability of a review to include a topic is 70%, that means that 70% of the review’s content is 

related to that topic.  

We then used the most frequent keywords that appeared in each topic (extracted by the 

LDA algorithm) and the logical connection among them to name the topics. For instance, the 

topic name “Interpersonal Interactions” in Figure 1 was based on the words 

“manager/management,” “employee,” “customer,” “rude,” “worker,” “back,” “people,” “call,” 

and “lady.” The naming process was verified by closely examining the reviews with the highest 

probabilities of each topic. We also determined the valence of each topic by examining the 

correlation between its probability and the reviews’ star-rating scores. Topics’ names and 

valence were as follows: Topic 1’s valence was negative as its probability was negatively 

correlated with the reviews’ rating scores (r = –.25, p < .001), and it was named “Poor 

Interpersonal Interactions.” Topic 2’s valence was positive (r = .24, p < .001), and it was named 

“High Food Quality.” Topic 3’s valence was negative (r = –.30, p < .001), and it was called 

“Poor Ordering Process.” Topic 4’s valence was positive (r  = .45, p < .001), and it was called 

“General Positive Experience.” Finally, Topic 5 was of negative valence (r= –.15, p < .001), 

and it was called “Poor Food Quality.” 



 

 

103 

 

[INSERT FIGURE 1 ABOUT HERE] 

 

Hypothesis Testing 

We predicted that conservative consumers were more likely to complain about their 

interactions with McDonald’s staff in their reviews. At a branch level, each topic’s likelihood 

was calculated by averaging the probability of that topic in each branch’s reviews. To measure 

the impact of consumer conservatism on the probability of each topic for each branch, we used 

the average of U.S. presidential election results between 2000 and 2016. Following Jung et al. 

(2017), we computed a single index for political conservatism by subtracting the percentage of 

Democratic voters from the percentage of Republican voters and then averaging them in each 

county for the 2000, 2004, 2008, 2012, and 2016 elections. In five multiple-regression models, 

we regressed each branch level topic’s probability on our conservatism index along with a 

number of county-level demographic variables and branch-level variables. Table 1 reports the 

regression models and model-free tests (i.e., correlation) of the relationship between the topics’ 

probabilities and consumer conservatism. 

Results. As reported in Table 1, we found that consumers who lived in more conservative 

communities were more likely to complain about their interpersonal interactions with the branch 

workers (Model 1: b = .11, SE = .03, p < .001). Our model-free test also supported the positive 

relationships between conservatism and the likelihood of complaining about shopping trips' 

interpersonal aspects (r = .09, p = .007). On the other hand, consumers in the conservative 

communities were less likely to appraise the food quality (Model 2: β = –.08, SE = .03, p = 

.007) and to share their positive experiences (Model 4: β = –.04, SE = .02, p < .067). Our 
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model-free tests also supported such relationships (r = –.12, p < .001 and r = –.11, p = .001, 

respectively). Finally, conservatism did not predict either the likelihood of complaining about 

ordering process (Model 3: β = .02, SE = .03, p = .401), or the likelihood of complaining about 

the product (i.e., food) quality (Model 5: β = –.01, SE = .04, p = .888).  

To summarize, we demonstrated that consumers’ political ideology correlates 

significantly with the content of online reviews. Our analyses revealed that the effect of political 

ideology on topic probabilities is robust even after controlling for multiple country-level 

covariates. We found that while conservative consumers were more likely to complain about 

their interactions with service staff, they were not more sensitive to the food quality. Moreover, 

we found that conservative consumers were less likely to praise the food quality or talk about 

their positive experiences. 

[INSERT TABLE 1 ABOUT HERE] 

 

Study 2: Dissatisfactory Interactions with Service Employees: A Lab Experiment 

 

Analyzing the field data in Study 1 provided evidence for our main hypothesis that 

conservative (vs. liberal) consumers are more likely to spread negative WOM about their 

personal interactions with employees. However, given the complexities of field data and many 

uncontrolled factors, testing our hypothesis in a more controlled setting was required. Therefore, 

Study 2 aimed to test the effect of political ideology on complaining about customer-employee 

personal interactions in a controlled scenario-based experiment. We conducted this experiment 

based on a scenario because scenarios make expensive and complex manipulations feasible, 

provide more control over uncontrolled variables, decrease random noise, and save time by 

summarizing the unfolding events (Bitner 1990). 
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Method. Three hundred fifty-four Prolific users (all native English speakers living in the 

U.S.) completed this study, out of whom 287 (143 females, Mage = 36.26 years) could pass the 

comprehension test, i.e., they could identify the key points described in the scenario. The 

sampling process was designed to have a balanced pool in terms of political belief: conservative 

vs. liberal. 

Participants were randomly assigned to the product or interaction failure condition in a 

between-subjects design. In both conditions, participants were asked to imagine a shopping 

experience at a restaurant. In the product failure condition, participants were presented with a 

scenario in which the food quality was not acceptable, but the waiter treated them professionally 

and respectfully. On the other hand, in the interaction failure condition, they read a scenario in 

which the food quality was acceptable, but their interactions with the employee were 

dissatisfactory. Next, participants in both conditions were asked to report their tip amount (the 

percentage of the total bill) and willingness to complain to the restaurant manager, followed by a 

rating task, giving the restaurant ratings for service, food, and an overall rating. Finally, we 

measured participants’ self-reported conservatism using a single item question anchored by 1 

(very liberal) and 7 (very conservative) and some other basic demographic variables.  

Manipulation check. We found that participants’ evaluations of the service quality in the 

interaction failure condition (M = 1.30) was significantly lower than that of those in the low food 

quality condition (M = 3.98, t (285) = –22.70, p < .001; Cohen’s d = 2.69). On the other hand, 

participants’ evaluations of food quality in the interaction failure condition (M = 3.72) was 

significantly higher than that of those in the low food quality condition (M = 1.49, t(285) = 

20.65, p < .001; Cohen’s d = 2.45). 



 

 

106 

 

Results. To test the effect of conservatism on complaining likelihood, we regressed the 

complaining likelihood on failure type (interaction vs. product), conservatism, and their 

interaction. We found that failure type had a significant effect on the complaining likelihood, 

such that participants in the interaction-failure condition were less likely to complain about their 

experience (b = –2.26, S.E. = .53, p < .001). The main effect of conservatism was not significant 

(b = .12, S.E. = .08, p = .140), suggesting that conservatism did not affect the complaining 

likelihood about low food quality. However, the positive and significant interaction between 

conservatism and failure type (b = .30, S.E. = .12, p = .011) demonstrated that conservatism led 

to a higher complaining likelihood among participants in the interaction-failure condition. 

We conducted the same regression analysis for participants’ overall ratings that they 

would provide on a review platform. The main effect of conservatism on the overall rating was 

not significant (b = –.02, S.E. = .04, p = .558), suggesting that conservatism did not influence 

the overall rating in the product-failure condition. The positive main effect of failure type 

revealed that participants in the interaction-failure condition rated their experience more 

positively than those in the product-failure condition (b = .67, S.E. = .23, p = .004). Consistent 

with our prediction, however, we found a negative and significant interaction between the failure 

type and conservatism (b = –.11, S.E. = .05, p = .030), showing that conservative consumers in 

the interaction-failure condition gave fewer stars to the restaurant (Table 2). 

[INSERT TABLE 2 ABOUT HERE] 

  

General Discussion 

 

This research investigates how consumers’ political identities affect their post-

consumption reactions to dissatisfactory service encounters. Although recent research has 
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examined the role of consumers’ political ideologies in forming various post-consumption 

behaviors such as customer satisfaction, word of mouth, and complaints (Fernandes et al. 2022; 

Jung et al. 2017; Jung and Mittal 2020), it is still unclear whether conservative consumers are 

more satisfied with all aspects of products and services. Given that personal interactions between 

customers and employees are ubiquitous in both product and service deliveries, understanding 

how conservative and liberal consumers react differently to dissatisfactory interactions with 

employees is theoretically and managerially critical. 

Extending prior research on the role of political ideology in shaping consumers’ behavior 

in the marketplace (Chan and Ilicic 2019; Fernandes et al. 2022; Fernandes and Mandel 2014; 

Jung et al. 2017; Jung and Mittal 2020; Ordabayeva and Fernandes 2018), we demonstrate the 

systematic effect of political identity on negative WOM and consumer complaining behavior. 

While prior research has found that conservative consumers are more satisfied with products and 

services and, therefore, less likely to post negative online reviews (Fernandes et al. 2022; Jung et 

al. 2017), we find that this is not always the case. Specifically, our results suggest that 

conservatives are more likely to complain about dissatisfactory interactions with employees. 

 This research also makes significant contributions to customer satisfaction research. Prior 

research has found that customers tend to differ in the weight they place on various service 

attributes (Anderson et al. 2008). Advancing this line of research, we find that compared to 

liberals, conservative consumers are more sensitive about the interpersonal aspects of their 

experience. Given an increasing focus on enhancing customer experience, our research draws 

specific attention to the differential impact of peripheral core attributes on consumers’ 

satisfaction with their experiences. 
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 These findings present intriguing avenues for future research. First, future studies could 

examine how political identity may affect consumers’ perception of their interactions with 

employees over the Internet. Given that companies extensively use the Internet and social media 

to interact with their customers, whether consumers with various political beliefs respond to such 

interactions differently is both practically and theoretically important. It may be the case that the 

lack of social context in private chats over the internet may attenuate our observed effect. One 

example of this could be when consumers’ requests are rejected by an online representative. 

However, for interactions happening on social media, conservatism may even result in more 

harsh reactions due to the public nature of social media interactions. 

 Second, more and more businesses are adopting virtual agents and chatbots to manage 

their interactions with consumers. Given that customer-virtual agent interactions are very similar 

to customer-employee interactions, future research could investigate how conservatives and 

liberals react to dissatisfactory interactions with such technologies. Such studies may lead 

businesses to take the political identity of their customers―which can be inferred from their I.P. 

address locations―into consideration in designing the artificial intelligence behind the chatbots 

and virtual agents. 

 Third, future research may investigate other boundary conditions for the observed effect. 

For example, when consumers observe negative social interactions between employees and other 

customers, differences in empathy for others may completely reverse the effect. In such cases, 

while lower empathy may lead consumers to ignore their peers, higher levels of empathy felt by 

liberals may result in lower evaluations of their experiences.  

Our findings also have important implications for practitioners. First, given that political 

identity can be easily inferred from various sources such as polls and election records, companies 
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could better predict how their customers respond to dissatisfactory interactions and train their 

frontline personnel according to their target segment. 

 Second, companies can use these results to assess the performance of their branches more 

objectively. Specifically, our results suggest that the same experience leads to different 

evaluations between conservative and liberal consumers. Therefore, higher volumes of negative 

WOM, or complaints about personal interactions in conservative areas should not necessarily be 

attributed to employees’ incompetence. 

 Third, prior research has documented the reciprocal effects between customer satisfaction 

and employee satisfaction (Frey, Bayón, and Totzek 2013). High employee turnover rates can 

damage firms’ profits. During the Covid-19 pandemic, hiring frontline employees and retaining 

them has become a more serious challenge for many businesses as people tend to quit their jobs 

more often. Enhancing employees’ satisfaction can lower their turnover rates. Therefore, 

companies may use these results to improve employee satisfaction through higher customer 

satisfaction by evoking empathy in their conservative patrons by subtle interventions such as 

emphasizing similarities between employees and customers. 
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Tables 

 

TABLE 1: STUDY 1 REGRESSION ANALYSES RESULTS 

 

Model 1: 

Topic 1 (poor 

Interactions) 

Model 2: 

Topic 2 (high 

food quality) 

Model 3: 

Topic 3 (poor 

ordering process) 

Model 4: 

Topic 4 (general 

positive 

experience) 

Model 5: 

Topic 5 (poor 

food quality) 

Intercept* .00 (.02, 1.000) .00 (.02, 1.000) .00 (.02, 1.000) .00 (.02, 1.000) .00 (.03, 1.000) 

Conservatism .11 (.03, <.001) –.08 (.03, .007) .02 (.03, .401) –.04 (.02, .067) –.01 (.04, .888) 

Population .02 (.03, .543) .07 (.03, .020) –.02 (.03, .463) –.01 (.02, .506) –.05 (.04, .203) 

Poverty rate .13 (.06, .022) .03 (.06, .662) –.21 (.05, <.001) .11 (.04, .009) –.10 (.07, .169) 

Median 

income 
–.01 (.06, .812) .02 (.06, .758) –.22 (.06, <.001) .28 (.04, <.001) –.21 (.08, .007) 

Unemployment 

Rate 
–.17 (.03, <.001) –.17 (.03, <.001) –.05 (.03, .085) .35 (.02, <.001) –.15 (.04, .001) 

Education .04 (.04, .285) –.01 (.04, .845) .03 (.04, .485) .03 (.03, .365) –.15 (.05, .008) 

%Female .00 (.03, .989) .05 (.03, .131) –.04 (.03, .161) .02 (.02, .487) –.03 (.04, .490) 

%White .29 (.13, .024) –.52 (.13, <.001) .02 (.12, .856) –.12 (.1, .244) .43 (.17, .013) 

%Black .40 (.11, <.001) –.69 (.12, <.001) .08 (.11, .469) –.09 (.09, .308) .35 (.15, .022) 

%Asian .10 (.08, .203) –.17 (.09, .049) .04 (.08, .648) –.08 (.06, .193) .17 (.11, .128) 

Age (% of 

65+) 
.06 (.03, .044) .05 (.03, .094) –.10 (.03, <.001) –.02 (.02, .460) .05 (.04, .212) 

Review 

characters 
.45 (.03, <.001) –.16 (.03, <.001) .18 (.03, <.001) –.39 (.02, <.001) .06 (.04, .108) 

Review counts –.06 (.02, .027) –.13 (.03, <.001) .18 (.02, <.001) .08 (.02, <.001) 
–.17 (.03, 

<.001) 

Store rating –.27 (.03, <.001) .40 (.03, <.001) –.55 (.03, <.001) .43 (.02, <.001) –.11 (.04, .004) 

R–squared .523 .484 .554 .707 .130 

Model–free 

test (r) 
.09 (.007) –.12 (<.001) .10 (.003) –.11 (.001) .08 (.014) 

*β (SE, p-value) 

All variables are standardized. 

 

 

 

TABLE 2: STUDY 2 REGRESSION ANALYSES RESULTS 

 Complaining likelihood Overall rating 

Predictor β SE p-value β SE p-value 

Intercept 4.65 .37 < .001 2.45 .16 < .001 

Failure type (interaction) –2.26 .53 < .001 .67 .23 .004 

Conservatism .12 .08 .140 –.02 .04 .558 

Failure type × Conservatism .30 .12 .012 –.11 .05 .030 

R-squared .150 .062 
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Figures 

 

 

FIGURE 1: TOPICS’ MOST IMPORTANT KEYWORDS FROM LDA ANALYS 
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