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Abstract

More extreme temperature and precipitation events are defining features of climate

change, and higher volatility in asset prices is a defining feature of globalization. Four

experiments (two preregistered; total N = 2086) found that exposure to a high

degree of variability in a given domain shifted people's preferences toward more

popular products, that is, products rated by a larger number of consumers. This find-

ing replicated across different experimental manipulations of variability, including

graphs depicting either high or low variability in annual rainfall or temperature

(Experiments 1 and 2), and in the experienced outcomes of dice rolls, which were

manipulated to be perceived as having high or low variability (Experiment 3). The

results generalized across different consumer choices, including services (Experiment

1) and products (Experiments 2 and 3). After exposure to higher variability, partici-

pants who received a more popular but lower rated option felt less anxious than

those who received a less popular but higher rated option, indicating that choosing

popular products serves to reduce the anxiety induced by higher variability

(Experiment 4). This research highlights both a novel consequence of exposure to

greater variability and a novel antecedent of people's preference for popular options.
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1 | INTRODUCTION

As the COVID-19 pandemic emerged in early 2020, stock markets

around the world exhibited unprecedented volatility (Baker et al.,

2020). In March 2020, VIX, an index that measures the stock market's

volatility expectations for the forthcoming 30 days, reached its highest

level ever (Partington & Wearden, 2020). Now, imagine a person who

viewed the S&P 500 stock index graph in March 2020 before going to

www.amazon.com to buy a face mask. Two options stood out: one with

300 reviews and a mean rating of 4 and another with 200 reviews but

with a mean rating of 4.5. Would viewing the graph of the S&P

500 stock index influence the person's choice of face mask on Amazon?

In the present research, we propose that exposure to different

degrees of variability influences people's tendency to choose more

popular options. We predict that experiencing higher degrees of vari-

ability would lead people to choose more popular alternatives, even if

such alternatives have lower average ratings. A more popular option

signifies a consensual choice of the majority (Andersson et al., 2009).

Consistent with research suggesting that people tend to affiliate

with others when they seek safety and stability (e.g., Murray &

Schaller, 2012; Yamaguchi, 1998), we reason that choosing a popular

option might be a way for people to affiliate with others and, hence,

cope with the stress and anxiety that they experience when exposed

to greater variability.
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1.1 | Exposure to greater variability

Over the last few decades, people have been exposed to increasing

variability in several domains. Climate change is making temperatures

and precipitation more variable (Intergovernmental Panel on Climate

Change, 2007). Macroeconomic indicators, such as asset prices, stock

market indices, and currency exchange rates, have gradually become

more volatile (CaixaBank Research, 2018). Emerging evidence sug-

gests that experiencing high degrees of variability can affect people's

attitudes and behavior. For instance, people in countries experiencing

greater climatic variability are more likely to adopt a slow life history

strategy by focusing their resources on prolonging life and growth and

engaging less in risk-taking behavior, aggression, and violence (Van

Lange et al., 2017). After being exposed to information with high

degrees of variability, people are harsher when judging others who

engage in unethical behaviors (Ding & Savani, 2020).

People generally prefer a world that is orderly, structured, and

predictable (Landau et al., 2015). By definition, high variability in a

given domain indicates less order, less structure, lower predictability,

and greater risk in that domain. Experiencing such uncertainty and

unpredictability can make people feel anxious and threatened.

Neuroimaging studies show that unpredictability and lack of control

are related to activations of the amygdala, the brain region associated

with fear response (Whalen, 1998). Participants in a study who experi-

enced an unpredictable auditory stimulus showed sustained amygdala

activation, suggesting that unpredictable experiences are associated

with our fear response (Herry et al., 2007). In a recent study, partici-

pants who perceived greater variability in their environment indicated

feeling more anxious in their daily lives (Ding & Savani, 2020). We

predict that upon experiencing higher degrees of variability, people

would choose more popular products to cope with the increased

anxiety and stress brought about by the high degree of perceived

variability.

1.2 | How variability affects the choice of popular
options

A way in which people cope with fear and a heightened perception of

threat is through social affiliation. Priming people with social attach-

ment can reduce threat-related activation in the amygdala (Norman

et al., 2014). In another study, participants felt safer when they were

part of a larger group exposed to a risk, such as a disease outbreak,

than when they faced the risk alone (Yamaguchi, 1998). Similarly,

exposing people to the threat of a disease outbreak reduced their

willingness to break social norms (Murray & Schaller, 2012). Further,

people experiencing fear are more likely to conform to others'

opinions (Griskevicius et al., 2006) and are more susceptible to adver-

tisement appeals based on the idea of social proof (e.g., “the choice of

millions”; Griskevicius et al., 2009).
When choosing among consumer products, conformity can be

reflected in people's preference for popular options, such as best-

selling books and most-downloaded mobile apps (Bikhchandani

et al., 1998; Chen, 2008; Hanson & Putler, 1996; Stern, 1995). A

product's popularity can signal various attributes about the product,

including its quality, novelty, and usefulness. Importantly, choosing a

popular product can also reflect people's tendency to conform to the

majority opinion (Mead et al., 2011; Wang et al., 2012). In fact, people

often overly rely on the number of reviews a product has received,

more so than other measures of the product's quality, such as the

average rating provided by reviewers (Heck et al., 2020; Powell

et al., 2017).

Further, popular products (e.g., those that received a large

number of reviews) pose lower risk because even if they are rated

lower on average, the large number of users' feedback reduces the

confidence bound around the product's average rating (Powell

et al., 2017). This idea is consistent with the risk homeostasis theory

(Wilde, 1982, 1998), which posits that each person has their own

acceptable level of risk and that they adjust their behavior to reduce

any discrepancy between their perceived level of risk and their

acceptable level of risk. Choosing popular products which are less

risky can thus compensate for the heightened perceptions of risk

induced by exposure to high environmental variability.

Taken together, the above arguments lead to the proposition that

when people experience variability in their environment, they try to

cope with the increased anxiety and sense of threat by conforming to

the majority opinion. Popular products, by definition, reflect the

majority opinion. Thus, choosing such products can serve as a coping

mechanism for dealing with high variability. Consequently, we predict

that when faced with choices that vary in popularity, exposure to

higher variability and the consequent need for conforming to the

majority opinion would lead people to put greater weight on popular-

ity. Thus, encountering higher variability would lead people to choose

options that are more popular, that is, products with a greater number

of reviews. Following this idea, we predict that receiving more popular

options rather than less popular ones can lead to lower anxiety after

people are exposed to high variability but not after they are exposed

to low variability.

2 | THE PRESENT RESEARCH

We test our prediction across four experiments. Experiment 1

(preregistered) manipulated perceived variability and tested whether

exposure to a graph with higher (vs. lower) perceived variability in

temperatures led people to choose more popular services (such as

restaurants and car servicing). Past research suggests that people

think that services are inherently more variable than products

(Folkes & Patrick, 2003; Johnson & Nilsson, 2018). Therefore, Experi-

ment 2 tested whether exposure to a graph with higher (vs. lower)

perceived variability in rainfall led people to choose more popular

products (such as clocks, lamps, and earpieces). Whereas Experiments

1 and 2 used visual cues of variability, Experiment 3 (preregistered)

tested whether a direct experience with seemingly high (vs. low) vari-

ability outcomes led people to choose more popular products. Finally,

Experiment 4 tested whether receiving a more versus less popular
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service affected the level of anxiety people experienced after being

exposed to high versus low variability. If choosing popular options is a

strategy people use to cope with the anxiety induced by experiencing

high variability, we should observe a decreased level of anxiety for

people who receive the more popular option, rather than the less

popular one, after being exposed to high variability. This would

provide evidence for our underlying mechanism.

Experiments 1, 2, and 4 manipulated perceived variability by

giving participants the impression that the quantity depicted in graphs

was more or less variable. We achieved this by adjusting Y-axis of the

graphs. Experiment 3 manipulated the standard deviation of succes-

sive deviations while holding constant the set of dice roll outcomes

that participants encountered. The details of these manipulations are

described in the respective experiments' methods section.

Across all experiments, we report all participants, all experimental

conditions, all exclusions, and all measures collected. We only

included participants with unique IP addresses, unique geolocations,

and unique IDs to ensure that only unique participants were included

in the analyses (Dennis et al., 2020). Further, as all our dependent

measures were adapted to the United States, we excluded all non-US

citizens. These exclusion criteria were preregistered for Experiments

1 and 3. Although we used predetermined sample sizes across all

studies based on a priori power analyses, we aimed to further increase

the power and generalizability of the studies by ensuring that we

used multiple products in the choice tasks for all studies (Baayen

et al., 2008).

3 | EXPERIMENT 1

Experiment 1 tested whether exposure to higher degrees of variability

led to a greater preference for popular options using consumer

services. We predicted that participants exposed to a graph depicting

greater variability in temperatures would be more likely to choose

services that were more popular.

3.1 | Method

We preregistered the sample size, participant exclusions, and analyses

for this study at https://osf.io/n62p5. All data, stimuli, and analysis

code are available at https://osf.io/x4qch/.

3.1.1 | Participants

As we did not have a priori basis for calculating power given the

new dependent variable used in this experiment, we first posted the

study for 400 participants on Amazon Mechanical Turk and

obtained 373 valid responses. There was a statistically significant

effect of the experimental condition on the dependent measure (see

Supporting Information S1). However, a power analysis revealed

that a much larger sample size was needed to obtain adequate

power. Therefore, as mentioned in our preregistration plan, we con-

ducted a power analysis using G*Power (Faul et al., 2007) with

Cohen's d = 0.23 (from the first wave), α = .025 (one-tailed), and

power = 80%. The power analysis indicated that we would need to

recruit at least 596 valid responses. After applying our predeter-

mined exclusion criteria, we posted the survey again to ensure that

we will have sufficient valid participants, seeking additional 266 US

residents on MTurk. Across the two waves, 701 participants com-

pleted the survey. Of these, we excluded 96 responses (44 from the

low variability condition and 52 from the high variability condition)

from participants who were non-US citizens or had duplicated IP

addresses, geolocations, or MTurk IDs. The final sample consisted of

605 participants (322 women, 277 men, 2 others, and 4 unreported;

Mage = 36.98 years, SD = 12.22). Given that we analyzed the data

in the first wave before deciding the total sample size, the study

design had a risk of inflating Type 1 error. Thus, we also report

statistics corrected for Type 1 error (Lakens, 2014).

3.1.2 | Procedure

We randomly assigned participants to either the high or the low vari-

ability condition. We adapted the experimental manipulation from

Ding and Savani (2020, Study 2c). In both conditions, we showed par-

ticipants a line graph depicting the average annual temperature in the

United States from 1996 to 2016 (National Oceanic and Atmospheric

Administration [NOAA], 2017). Specifically, we adjusted the range of

the graph's Y-axis to manipulate perceived variability. In the low (high)

variability condition, we used a wide (narrow) range so that the tem-

perature appeared less (more) variable over time (see Supporting

Information S1). Thus, although the data points were the same across

the two graphs, the apparent variability in average annual temperature

was visually higher in the high variability condition than in the low

variability condition. To ensure participants spent some time studying

the graphs, we asked participants three questions: (1) “In which year

was the average temperature the highest? (Please type in YYYY

format)”; (2) “In which year was the average temperature the lowest?

(Please type in YYYY format)”; and (3) “Please summarize the main

information you get from this graph in one sentence.” Finally, to check

if our manipulation was successful, we asked participants: “How

variable do you think is the average temperature in the US?” (7-point
Likert scale ranging from Not at all to Extremely).

Next, in an ostensibly unrelated task, we measured participants'

preference for more popular options by asking them to choose among

five providers for each of five different services: a restaurant, a hair

salon, a car servicing station, an electrician, and an event planner. To

ensure ecological validity, we took these options from the service

providers listed on www.yelp.com in several US cities, such as San

Francisco, Boston, Atlanta, and Denver, but we edited the number of

stars and customer reviews that these providers had received. For

each alternative, we provided participants with the number of

consumers who reviewed the service provider (range 14–1583) and

the average star rating (out of 5; range 2–5) the provider received.
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We ensured that all options received a minimum rating of 2 and

were rated by at least 14 reviewers; that way, there was sufficient

information about each option. To introduce trade-offs among the

options, we ensured that for each category, the star ratings of the

service providers were negatively correlated with the number of

customer reviews. We presented the five alternatives for each service

category on a single page and asked participants to choose one. We

randomized the order of presentation of the service categories and

the five alternatives within each service category. See Supporting

Information S1 for all the stimuli used in this study and Appendix A

for a summary.

3.2 | Results

3.2.1 | Manipulation check

An independent samples t-test on the manipulation check item

indicated that participants in the high variability condition viewed the

average annual temperature in the United States to be significantly

more variable, M = 4.50, 95% CI [4.35, 4.66], SD = 1.38, than partici-

pants in the low variability condition, M = 3.03, 95% CI [2.88, 3.18],

SD = 1.28, t(603) = 13.64, p < .001, Cohen's d = 1.11.

3.2.2 | Preference for popular options

We next calculated our dependent measure. For each service cate-

gory, we ranked the five options by popularity such that the most

popular option received a rank of 5 and the least popular option a

rank of 1. We calculated participants' preference for more popular

options by averaging the rank across the five service categories

(M = 2.67, 95% CI [2.59, 2.75], SD = 0.75). We ran an independent

samples t-test with the average rank of chosen option as the depen-

dent variable and the experimental conditions as the independent var-

iable. This analysis indicated that participants in the high variability

condition preferred options that were more popular, M = 2.84, 95%

CI [2.74, 2.93], SD = 0.84, than those in the low variability condition,

M = 2.67, 95% CI [2.58, 2.76], SD = 0.77, t(603) = 2.55, p = .011,1

Cohen's d = 0.21. We used the GroupSeq package in R to compute

the corrected alpha level using exact Pocock (1977) bounds

(Lakens, 2014). The p-value corrected for potential Type 1 error infla-

tion was p = .032.

The analyses reported above did not take into account within-

participant effects across the five trials. Further, it remains unclear if

the effect documented above was driven by trials in which the

options had generally high ratings. We ran two multilevel regressions

treating trials as nested within participants to examine these possibili-

ties. First, we ran a model that controlled for the average rating of all

options within each trial and found that the effect of the variability

condition remained statistically significant. Next, we examined if there

was an interaction between the average trial rating and the experi-

mental condition. The interaction was not significant. The detailed

results of these analyses are reported in Supporting Information S1.

3.3 | Discussion

Experiment 1 provided evidence for our hypothesis: People who

viewed a graph giving the illusion that the average annual temperature

in the United States varied a lot were more likely to choose more

popular service providers. The findings suggest that incidental

exposure to information about variability in a domain unrelated to

consumer choices can lead people to value popularity when choosing

service providers.

4 | EXPERIMENT 2

The aim of Experiment 2 was to conceptually replicate the findings of

Experiment 1 with different experimental manipulation and depen-

dent choice context. We experimentally manipulated variability by

showing graphs depicting average annual rainfall (instead of tempera-

ture, as in Experiment 1). Further, we aimed to increase the generaliz-

ability of our findings by replacing services with products, which

people typically perceive as less variable than services (Folkes &

Patrick, 2003; Johnson & Nilsson, 2018). We predicted that exposure

to a graph showing higher variability in rainfall would lead participants

to choose more popular products.

4.1 | Method

All data, stimuli, and analyses are available at https://osf.io/rsq4e/.

4.1.1 | Participants

We assumed an effect size of Cohen's d = 0.31 from Ding and

Savani (2020, Study 2c), which used a similar manipulation. A power

analysis using G*Power (Faul et al., 2007) for the difference between

two independent means with α = .05 (two-tailed) and power = 80%

indicated that we would need to recruit at least 330 valid responses.

To ensure that we will have sufficient valid participants after apply-

ing our predetermined exclusion criteria, we posted a survey seeking

400 US residents on MTurk. In response, 475 participants completed

the survey. We excluded responses from 109 participants (55 from

the high variability condition and 54 from the low variability

condition) who are non-US citizens or have duplicated IP addresses,

geolocations, or MTurk IDs. The final sample comprised 366

participants (218 women, 142 men, and 4 others; Mage = 35.6 years,

SD = 12.00).

1We preregistered a one-tailed test because we preregistered a directional hypothesis. The

one-tailed test p-value was .0056.
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4.1.2 | Procedure

We assigned participants to either the high or low variability condition.

As in Experiment 1, we showed participants a line graph. However, in

this study, the graph depicted the average annual rainfall in the

United States from 1985 to 2015 (NOAA, 2017). As in Experiment

1, we adjusted the range of the graph's Y-axis to manipulate variability.

To ensure participants study the graphs carefully and to strengthen the

manipulation, we asked participants (1) “In which year was the average

rainfall the largest? (Please type in YYYY format)” and (2) “In which year

was the average rainfall the smallest? (Please type in YYYY format).” We

also asked them: “Please summarize the main information you get from

this graph in one sentence.” Next, to check if our manipulation was

successful, we asked participants: “How variable do you think was the

average rainfall in the US over the past thirty years?” (7-Likert scale

ranging from Not at all to Extremely).

Next, we presented participants with a choice task that was simi-

lar to that used in the previous experiment, except that we substituted

services with products. We presented participants with five alterna-

tives for each of the following product categories: dehumidifiers,

lamps, earpieces, clocks, and photo frames. To ensure ecological valid-

ity, we took these options from Amazon.com's US marketplace, but

we edited the number of stars and customer reviews these products

actually received. For each alternative, we provided participants with

the number of consumers who reviewed the product (range 14–1583)

and the average star rating (out of 5; range 2–5) received.

All aspects of the product options, including the order of presen-

tation, strictly followed the structure we used in Experiment 1. One

notable distinction was that we provided an image for each product

option. To minimize any influence the products' appearance might

have, we selected products that looked similar. See Supporting

Information S1 for all stimuli used in this study and Appendix A for a

summary.

4.2 | Results

4.2.1 | Manipulation check

An independent samples t-test on the manipulation check item indi-

cated that participants in the high variability condition viewed the

average rainfall in the United States to be significantly more variable,

M = 4.83, 95% CI [4.62, 5.03], SD = 1.43, than participants in the low

variability condition, M = 2.94, 95% CI [2.76, 3.12], SD = 1.22, t(364)

= 13.54, p < .001, Cohen's d = 1.42.

4.2.2 | Preference for popular options

We created a similar measure for participants' preference for popular

options as in the previous experiment. We coded the product alterna-

tive within each category as 1 (the alternative with the lowest number

of reviews) to 5 (the alternative with the highest number of reviews).

We calculated participants' preference for popular options by comput-

ing the average value of their chosen alternatives across the five

product categories. An independent samples t-test indicated that

participants in the high variability condition showed greater prefer-

ence for options that are popular, M = 2.61, 95% CI [2.51, 2.71],

SD = 0.68, compared with those in the low variability condition,

M = 2.45, 95% CI [2.34, 2.55], SD = 0.70, t(364) = 2.22, p = .027,

Cohen's d = 0.23.

As robustness checks, we also ran multilevel analyses similar to

the ones reported in Experiment 1. The results were similar to those

observed in Experiment 1. These analyses once again indicated that

our main finding of the effect of high variability on people's

preference for popular options held even when we controlled for the

average ratings of options in the trials and when we nested the trials

within participants. The detailed results of these analyses are reported

in Supporting Information S1.

4.3 | Discussion

Experiment 2 thus conceptually replicated the findings from Experi-

ment 1: Incidental exposure to greater variability increased people's

preference for more popular consumer products. This experiment also

provided a more conservative test for our hypothesis, as people

generally think that product quality is less variable than service quality

(Folkes & Patrick, 2003; Johnson & Nilsson, 2018).

5 | EXPERIMENT 3

In Experiments 1 and 2, we manipulated variability using line graphs

that induced visual cues of variability. In Experiment 3, we tested

whether directly experiencing higher variability can also increase

people's preference for more popular options. Specifically, we asked

participants to roll a virtual dice 10 times. We experimentally manipu-

lated the outcome of these throws to have higher or lower perceived

variability. We predicted that participants who perceived higher

variability in the outcomes of the 10 dice throws would be more likely

to choose the more popular products.

5.1 | Method

We preregistered the sample size, participant exclusions, and analyses

for this study at https://osf.io/fjs4w. All data, stimuli, and analyses,

including those of the additional manipulation check study, are also

available at https://osf.io/tx3e5/.

5.1.1 | Participants

As this experiment used a similar dependent measure as in Experi-

ment 1, we ran a power analysis using G*Power (Faul et al., 2007) for
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the difference between two independent means with Cohen's

d = 0.23, the effect size from Experiment 1, and α = .05 (one-tailed).

We aimed for 95% power, indicating that we would need to recruit at

least 804 participants. Therefore, a survey seeking 804 participants

was posted on MTurk. In response, 844 participants completed the

survey. We then excluded 168 responses (80 from the high variability

condition and 88 from the low variability condition) from participants

who were non-US citizens or had duplicated IP addresses, geoloca-

tions, or MTurk IDs. The final sample contained 676 participants

(403 women, 266 men, 4 others, and 3 did not indicate their gender;

Mage = 36.82 years, SD = 11.91).

5.1.2 | Procedure

We manipulated variability using a dice roll task, which was adapted

from Ding and Savani (2020, Study 3). We informed participants

that the computer would roll a dice 10 times, and they would win

points equivalent to the result of the dice rolls. Specifically, we told

participants: “In each roll, the dice will randomly land on a number

(1, 2, 3, 4, 5, or 6) and you will get point(s) corresponding to the

number that the dice landed on.” We randomly assigned partici-

pants to either the high or low variability condition. In the low

(high) variability condition, we ensured that each dice roll outcome

was followed by another outcome of a similar (different) magnitude.

In the low variability condition, participants experienced the 10 dice

roll outcomes in the sequence of “6, 5, 5, 6, 4, 3, 2, 1, 2, 1,”
whereas in the high variability condition, participants experienced

the outcomes in the sequence of “6, 2, 5, 1, 5, 3, 6, 2, 4, 1.” Both

sequences had the same mean and standard deviation, and hence,

the same overall outcome. After the dice roll task, we asked

participants to complete the same product preference task as in

Experiment 2.

5.2 | Results

5.2.1 | Manipulation check

We conducted a post-test to assess whether participants indeed

perceive the high and low variability conditions as intended. We

recruited a separate sample of 200 participants from MTurk

(87 women, 109 men, 3 others, and 1 did not indicate their gender;

Mage = 40.47 years, SD = 11.10). We randomly assigned participants

to either the high or the low variability condition and showed them

the same dice roll manipulation as described above. We then asked

participants how variable they thought their dice roll outcomes

were (7-point Likert scale ranging from Not at all to Extremely). An

independent t-test indicated that the participants in the high

variability condition perceived the dice roll outcomes to be more

variable, M = 5.33, 95% CI [5.07, 5.59], SD = 1.32, than those in the

low variability condition, M = 4.90, 95% CI [4.66, 5.14], SD = 1.22,

t(198) = .38, p = .018, Cohen's d = .34.

5.2.2 | Preference for popular options

We computed a score for participants' preference for popular options,

as reported in the previous experiments. We conducted an indepen-

dent samples t-test which indicated that participants in the high

variability condition showed a greater preference for popular options,

M = 2.62, 95% CI [2.54, 2.70], SD = 0.77, compared with those in the

low variability condition, M = 2.50, 95% CI [2.43, 2.58], SD = 0.70, t

(674) = 2.04, p = .042,2 Cohen's d = 0.16.

Additional multilevel models yielded similar results as those

observed in Experiments 1 and 2. Participants exposed to high

variability preferred more popular options even after controlling for

the average ratings of the options and even when the trials were

nested within participants. For the detailed results, see Supporting

Information S1.

5.3 | Discussion

Experiment 3 provided further support for our prediction: Participants

who experienced greater variability in an unrelated dice-rolling task

preferred options that were more popular. The results also suggest

that our finding is not limited to visual cues of variability but also

experienced variability in outcomes.

6 | EXPERIMENT 4

In the previous experiments, we found that when people are exposed

to high (vs. low) variability, they tend to prefer more popular prod-

ucts or services (i.e., with more reviews) even when these options

are rated lower than options that are less popular (i.e., with fewer

reviews). We theorized that people feel anxious when exposed to

high variability (Ding & Savani, 2020), and choosing more popular

options is a way to lower this anxiety. The aim of Experiment 4 was

to directly test this hypothesis. As in the previous experiments, we

exposed participants to either high or low variability. However, we

also manipulated whether participants received the most popular

(but the lowest rated) or the least popular (but the highest rated)

option and measured their state anxiety. We expected that partici-

pants who are exposed to high variability would feel less anxious

when they receive the most popular option compared with when

they receive the least popular option.

6.1 | Method

All data, stimuli, and analyses are available at https://osf.io/e7a4g/.

2We had preregistered a one-tailed test because we preregistered a directional hypothesis.

The one-tailed test p-value was .021.
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6.1.1 | Participants

As we used a new design for Experiment 4, we ran a power analysis

using G*Power (Faul et al., 2007) to determine the sample size

needed for a small-to-medium effect size of Cohen's f = 0.15 with

α = .05 and 90% power. The required sample size was 469. Round-

ing up this number, we posted a study seeking 500 participants on

MTurk. In response, 503 participants completed the study. We

excluded 64 responses (30 from the high variability condition and

34 from the low variability condition) from participants who were

non-US citizens or had duplicated IP addresses, geolocations, or

MTurk IDs. The final sample contained 439 participants (202 women,

232 men, 4 others, and 1 did not indicate their gender;

Mage = 40.71 years, SD = 12.27).

6.1.2 | Procedure

We used a 2 (high vs. low variability) � 2 (most popular vs. least

popular service provider) between-participants design. Participants

were randomly assigned to one of four cells. We used the same

temperature graphs as in Experiment 1 to manipulate participants'

exposure to high versus low variability and used the same manipula-

tion check items.

Next, in an ostensibly unrelated task, we showed participants

the ratings of five different electricians, purportedly obtained from

Yelp.com. These were the same ratings as those used in the electri-

cian trial from the service provider stimuli used in Experiment

1. We provided participants with the number of consumers who

reviewed each electrician (range: 91–1287) and the average star rat-

ing that each electrician received (out of 5; range: 3–4). As in

Experiment 1, the star ratings of the electricians were negatively

correlated with the number of customer reviews, such that the

electrician which received the most number of customer reviews

also had the lowest average rating. Unlike our previous experiments,

however, we informed participants that an electrician had been

randomly selected for them. In fact, participants were randomly

assigned to receive either the electrician with the most number of

customer reviews (i.e., most popular) or the one with the least

number of customer reviews (i.e., least popular). Although irrelevant

to our analysis, we asked participants to estimate the fee per hour

that their assigned electrician would charge. The aim of this ques-

tion was simply to minimize any suspicion the participants might

have that this task was related to the outcome variable. We then

measured participants' state anxiety using the five-item short ver-

sion of the Spielberger state-trait anxiety inventory (STAIS-5; Zsido

et al., 2020). Specifically, we asked participants to rate how much

they felt upset, frightened, nervous, jittery, and confused at that

moment (7-point Likert scale ranging from Not at all to Extremely;

α = .916).

6.2 | Results

6.2.1 | Manipulation check

An independent samples t-test on the manipulation check item

indicated that participants in the high variability condition viewed the

average annual temperature in the United States to be significantly

more variable, M = 4.44, 95% CI [4.24, 4.64], SD = 1.53, than those in

the low variability condition, M = 2.83, 95% CI [2.69, 2.98],

SD = 1.09, t(437) = 12.67, p < .001, Cohen's d = 1.21.

6.2.2 | State anxiety

The means, confidence intervals, and standard deviations of the

outcome variable, that is, participants' state anxiety, in each

condition are reported in Table 1. We conducted a two-way ANOVA

with participants' anxiety score as the dependent variable and

variability condition and assigned popularity condition as the two

independent variables. The effect of the popularity condition on

participants' state anxiety was not significant, F(1, 435) < 0.001,

p = .98, η2p < .001. However, the main effect of the variability

condition on participants' state level of anxiety was significant, such

that participants exposed to high variability tend to have a higher

level of state anxiety than participants exposed to low variability,

F(1, 435) = 4.76, p = .030, η2p = .011. As predicted, we found a

significant interaction effect of the variability condition and the

popularity condition on participants' level of state anxiety, F(1, 435)

= 9.27, p = .0025, η2p = .021. Given the significant interaction

effect, we examined participants' anxiety scores within the high and

low variability conditions. For participants exposed to high variability,

those who received a more popular electrician had significantly

lower state anxiety than those who received a less popular option,

F(1, 222) = 6.86, p = .0094, η2p = .030. However, this difference

was not significant for participants exposed to low variability,

F(1, 213) = 3.40, p = .067, η2p = .016 (see Figure 1).

TABLE 1 Cell sizes, means, standard deviations, and confidence intervals of participants' state anxiety for Experiment 4.

Condition

Most popular option given Least popular option given

N M (SD) 95% CI N M (SD) 95% CI

High variability 113 1.24 (0.57) [1.13, 1.34] 111 1.51 (0.95) [1.33, 1.69]

Low variability 109 1.70 (1.19) [1.48, 1.93] 106 1.44 (0.93) [1.26, 1.61]

TAN ET AL. 7 of 11

 10990771, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/bdm

.2343 by H
ong K

ong Polytechnic U
niversity, W

iley O
nline L

ibrary on [15/07/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://Yelp.com


6.3 | Discussion

Experiment 4 provided evidence for our conceptualization that people

choose popular options to cope with the anxiety induced by high

variability. Participants exposed to low variability felt similarly anxious

irrespective of whether they received the most popular or the least

popular option. However, participants exposed to high variability felt

less anxious when they received the most popular option compared

with when they received the least popular option. This finding is

consistent with the idea that people choose popular options after

being exposed to high variability because popular options help

mitigate some of the anxiety triggered by high variability.

7 | GENERAL DISCUSSION

Across four experiments, we found that exposure to high variability

shifts people's preferences toward consumer options that are more

popular. Participants who were led to believe that the average temper-

ature (Experiment 1) or the annual rainfall (Experiment 2) was more

variable preferred more popular services and products over ones that

were rated more highly but were not as popular. We observed this

effect when participants directly experienced high versus low variabil-

ity in the outcome of repeated dice rolls (Experiment 3). Finally, we

found that receiving more popular options can help lower the anxiety

that people experience when exposed to high variability (Experiment

4). Thus, people choose popular options when exposed to high variabil-

ity as a means to cope with the anxiety that high variability induces.

7.1 | Theoretical implications

These findings advance the nascent literature on the psychological

consequences of exposure to variability. Past research has found that

exposure to greater environmental variability decreases aggression

and violence (Van Lange et al., 2017) and leads people to make

harsher moral judgments (Ding & Savani, 2020). We find that expo-

sure to environmental variability could also influence people's amoral

decisions, such as consumer choices. Together with past research, our

finding indicates that variability, whether observed visually or experi-

enced directly, is likely a key construct that influences people's

judgments, decisions, and behaviors across a wide range of domains.

Our research also contributes to the literature on popularity bias

and the literature on conformity. Prior research in these areas has

explored characteristics of the decision-maker (Bearden & Rose, 1990;

Berger & Heath, 2007; Tian et al., 2001) and of products (Steinhart

et al., 2014; Zaggl et al., 2019) that can lead people to conform to the

majority's preferences. We contribute to this literature by documenting

that even subtle environmental cues can affect people's conformist ten-

dencies. In organizational contexts, past research suggests that follow-

ing the majority opinion might increase groupthink (Bénabou, 2013),

stifle creativity (Sternberg & Lubart, 1995), and hinder the adoption of

innovations (Reinstaller & Sanditov, 2005). Our findings suggest that

greater environmental variability might exacerbate these effects. The

insights from the current research can also be used to promote proso-

cial behavior. For example, exposure to variability can nudge people

toward more sustainable behavior if individuals believe that most others

have chosen the sustainable option (e.g., Griskevicius et al., 2008).

7.2 | Directions for future research

Future research can extend our findings in multiple directions. First,

although we have provided robust evidence for the phenomenon and

ruled in our proposed mechanism, it is possible that multiple mecha-

nisms are at play. For instance, people might believe that a product's

popularity contains information about the product's quality as many

people have chosen that product (Bikhchandani et al., 1992). Indeed,

F IGURE 1 Participants' state
level of anxiety after being exposed to
either high or low variability and given
either a more popular or less popular
electrician. Error bars indicate the
standard error of the mean.
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past research has found that people have a tendency to over-rely on

products' popularity as a sign of quality even when there is a mediocre

correlation between the two (Powell et al., 2017). It is possible that

after experiencing variability, people might overweigh the quality

information contained in the number of reviews and therefore choose

popular products more often. Future research can test this idea.

In the present research, we documented an affective process

underlying our phenomenon—exposure to high variability increases

people's sense of anxiety, which is reduced once they choose more

popular products. There could also be a parallel cognitive process—

exposure to high variability increases people's sense of uncertainty

about the future, which is reduced upon choosing more popular

products. Choosing products with more customer reviews could

reduce one's sense of uncertainty because it allows people to rely on

and copy the decisions made by the majority of consumers (Morgan

et al., 2015). Furthermore, consumers have greater confidence in

products that are highly reviewed (Koriat, 2013), which could also

help alleviate the sense of generalized uncertainty about the future

that might be evoked by exposure to high variability. Another possibil-

ity is that encountering variability makes people think of the variance

in the rating pattern. That is, they might think that the average rating

is less stable when there are few reviews (Powell et al., 2017), as is

the case in reality due to the law of large numbers; thus, participants

give lower weight to the average rating given its unreliability in the

high variability condition. These and other potential mechanisms can

be tested in future research.

More generally, we relied on the number of reviews that products

and services received to operationalize conformity to the majority's

choice. Future research can examine whether our findings generalize

to other operationalizations of conformity, such as in standard

conformity paradigms in social psychology (e.g., Bond, 2005). Future

research can also examine potential boundary conditions for this

phenomenon. We theorized that variability affects the choice of

popular products because such products satisfy people's need for

social affiliation. However, the effect of variability might be attenu-

ated in situations where others' choices cannot satisfy people's

need for social affiliation. For instance, if a product was primarily

chosen by an outgroup and is associated with the outgroup's identity

(e.g., a European American choosing a salon frequented by African

Americans), then choosing that product might not satisfy people's

need for social affiliation. Similarly, the conspicuousness of either the

product or the purchase decision could serve as another boundary

condition. The effect of perceived variability may be particularly

prominent with respect to products that are routinely viewed by

others (e.g., mobile phones or clothing) versus those that are relatively

private (e.g., home appliances); this is because conspicuous products

could better fulfil people's need for social affiliation. Additionally, the

conspicuousness of the decision might matter; the effect of perceived

variability might be stronger if people make decisions in the presence

of others, where affiliation needs might be heightened. Future

research can test these boundary conditions.

All our studies involved hypothetical choices. Thus, it is possible

that the current findings might not be observed with actual choices.

Future research can test the effect of variability on people's

preference for popular options in more consequential situations. For

instance, researchers can use archival data to examine if more inves-

tors choose popular exchange-traded funds (e.g., a fund tracking the

S&P500 or NASDAQ indices) versus niche exchange-traded funds

(e.g., a clean energy fund or a quantum computing fund) when market

volatility is higher. Another limitation of this research is that all the

studies were conducted with participants from the United States.

Future research could assess whether the current findings would

generalize to other cultures.

Finally, across the four experiments, we found relatively small

effect sizes for the phenomenon (Cohen's d ranging from 0.16 to 0.23

for Experiments 1 to 3, η2p = .021 for Experiment 4). We ensured that

all the studies were adequately powered to detect these effect sizes.

More importantly, recent discussions in our field suggest that small

effect sizes are common, especially for experimental research, and

that researchers should be skeptical of large effect sizes (Funder &

Ozer, 2019). Further, research suggests that even small effect sizes in

a lab setting can have large effects at a societal level (Greenwald et al.,

2015). However, to verify this point, future research can conduct a

field study or analyze archival data, as suggested above, to test if

higher variability leads to more conformist behaviors. It is possible

that although we found small effects in our experiments, the real-

world impact of variability might be consequential when aggregated

over thousands of choices.

In conclusion, increasing variability is a defining feature of the

21st century. Therefore, understanding the psychological conse-

quences of exposure to variability is a pressing question for psycho-

logical science.
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Categories Option #

Experiment 1: Service providers Experiments 2 and 3: Products

Number of stars Number of customer reviews Number of stars Number of customer reviews

Car servicing station (service)/

earpieces (product)

1 3 17 3 17

2 3 33 3 63

3 2.5 162 2.5 162

4 2.5 548 2.5 548

5 2 880 2 880

Hair salon (service)/lamp

(product)

1 3.5 14 3.5 14

2 3.5 48 3.5 81

3 3 301 3 301

4 3 382 3 334

5 2.5 457 2.5 457

Electrician (service)/clock

(product)

1 4 91 4 91

2 4 98 4 108

3 3.5 123 3.5 123

4 3.5 943 3.5 343

5 3 1287 3 1287

Restaurant (service)/

dehumidifier (product)

1 4.5 45 4.5 45

2 4.5 155 4.5 155

3 4 388 4 388

4 4 616 4 616

5 3.5 949 3.5 949

Event planner (service)/photo

frame (product)

1 5 319 5 319

2 5 541 5 541

3 4.5 850 4.5 850

4 4.5 1013 4.5 1013

5 4 1583 4 1583
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