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Abstract
Consumers’ feedback helps firms, yet most requests for feedback are unanswered. 
Research on question–behavior effects suggests that providing feedback on prior 
experiences might influence subsequent consumption behavior, but provides lit-
tle insight regarding users who decline requests (e.g., by clicking “No, Thanks”). 
Accordingly, we investigate whether the exposure to a request to rate a consumption 
experience influences users’ future conversion regardless of their compliance. We 
carried out two large-scale field studies in collaboration with a leading international 
website that offers basic service for free, and additional desirable features for a fee 
(“freemium”). We exposed users to a rating request and measured their subsequent 
likelihood of converting to the paid service. Users exposed to a rating request were 
more likely to convert compared with users who were not exposed; this effect per-
sisted over 90  days. Notably, users who complied with the request were no more 
likely to convert compared with non-compliers.
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1 Introduction

Consumer-generated product reviews are a powerful source of influence on con-
sumer behavior (see, e.g., King et  al., 2014 and Rosario et  al., 2016). Accord-
ingly, websites and apps are increasingly focused on soliciting reviews from con-
sumers, asking users to “take a moment to rate” their experiences.

Numerous studies have investigated how reviews affect consumers who read 
them, and have identified various factors that moderate these effects (e.g., Lee & 
Youn, 2009; Rosario et al., 2016; Sen & Lerman, 2007). Yet, little is known about 
how users’ consumption behavior is affected by the act of producing an online 
review, or by merely being asked to do so (King et  al., 2014). Research in the 
offline domain suggests that eliciting feedback from an individual about a prod-
uct (e.g., a review or a statement of purchase intentions) influences that individu-
al’s subsequent consumption behavior (Chandon et al., 2004; Spangenberg et al., 
2006). These observations are examples of question–behavior effects (QBEs), 
broadly defined as phenomena in which questions about intentions, predictions 
of future behavior, or measures of satisfaction affect subsequent performance 
(Sprott et al., 2006). Notably, thus far, studies examining QBEs have effectively 
suffered from a selection bias: They considered only individuals who complied 
with experimenters’ requests, comparing them against individuals who were 
not exposed to such requests. Accordingly, these studies cannot provide insight 
regarding what happens when a participant declines to respond to a request. This 
lack of information substantially impairs our capacity to understand how con-
sumption behavior is influenced by requests to provide online reviews, given that, 
in practice, 90% of users who are presented with a request to review a product or 
service online do not comply (Arthur, 2006; Nielsen, 2006).

The current study addresses these gaps by exploring how individuals’ con-
sumption behavior is affected by exposure to a request to review their experiences 
online—as well as by their compliance with the request. We draw from research 
in marketing communications, integrated with current knowledge on QBEs, to 
propose that mere exposure to a rating request can affect a user’s consumption 
behavior, regardless of compliance. We test this proposition in two field experi-
ments with over 80,000 users from around the world. These experiments were 
performed in collaboration with a leading international website with tens of mil-
lions of users. The website, “Webservice.com,” asked to remain anonymous, and 
we have taken steps to ensure confidentiality of business outcomes. Webservice.
com employs a “freemium” business model, offering a basic service package 
for free, and additional desirable features for a fee. We exposed some users to 
a request to rate their experiences with the website, and we evaluated all users’ 
likelihood of conversion from the free version of the service to the paid version.

We found that users who were exposed to a rating request were more likely 
than users who were not exposed (i.e., the control group) to convert to the 
paid service. Notably, this effect was not contingent on compliance with the 
request: users who were exposed to a request and did not comply (clicking a “no 
thanks” button or the “x” at the upper right corner of the pop-up window) were 
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significantly more likely than control-group members to convert to a paid version 
of the service, and were no less likely to convert compared with those who com-
plied with the request. We use the term “No Thanks Effect” to refer to the poten-
tial positive effect of exposure to rating requests on the conversion likelihood of 
non-compliers.

2  Theory Development and Hypothesis

Given the lack of research on how review requests affect users’ consumption behavior, we 
approach this question through the lens of QBEs, a category of phenomena that includes 
self-prophesy, mere measurement, self-erasing errors of prediction, and self-generated 
validity (Sprott et al., 2006). In general, the notion that approaching an individual for feed-
back regarding a behavior subsequently affects that behavior has been shown to be robust 
across different domains, experimental procedures, types of products, and time durations 
(Chandon et al., 2004; Sherman, 1980; Spangenberg, 1997). Yet, thus far, most studies 
providing evidence for QBEs on consumer behavior elicited those effects using elabo-
rate intention or satisfaction surveys, comprising multiple questions and often requiring a 
significant time investment on the respondent’s part (e.g., Gollwitzer & Oettingen, 2008; 
Morwitz & Fitzsimons, 2004). Accordingly, it is unclear to what extent QBEs are applica-
ble to online environments, in which rating requests are commonly embedded in prompts 
that users are exposed to only briefly and can—and typically do—ignore (Nielsen, 2006).

Notably, some QBE studies suggest that a brief or simple intervention is suffi-
cient to affect behavior. For example, Ofir and Simonson (2001) and Ofir et  al. 
(2009) showed that it is possible to (negatively) affect consumers’ evaluations of a 
consumption experience simply by informing them prior to consumption that they 
will be asked to provide such evaluations—yet those studies did not measure the 
consumption behavior itself. In turn, a study by Spangenberg et al. (2003) revealed 
that posing a question can influence behavior even among individuals who do not 
verbally respond. For example, posting a sign reading “Ask Yourself… Will You 
Recycle?” in an area highly trafficked by students elicited an uptick in student recy-
cling behavior. Yet, in contrast to the typical prompt requesting an online review, 
that study did not offer participants an explicit opportunity to choose whether to 
answer or ignore the question.

We suggest that the effect identified by Spangenberg et  al. (2003) resembles 
observations in the domain of marketing communications, in which exposure to a 
brief ad for a product is well known to enhance consumption. Indeed, prior studies 
have identified additional common threads between QBEs and consumers’ responses 
to advertising, suggesting that the two may be driven by similar mechanisms. An 
example of such a mechanism is attitude accessibility, defined as the speed at which 
an attitude can be activated from memory (Fazio, 1995). Notably, this mechanism—
which can be manipulated (e.g., Powell & Fazio, 1984) and can be triggered even by 
exposure to brief communications (Berger & Mitchell, 1989; Fazio et al., 1989)—
has been shown to drive enhanced consumption following exposure (and response) 
to questions regarding consumption intentions and satisfaction (Morwitz & Fitzsi-
mons, 2004; see the General Discussion for further discussion). On the basis of the 
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commonalities between QBEs and responses to brief advertising communications, 
coupled with the findings of Spangenberg et  al. (2003), we suggest that prompt-
ing users with a request to rate a product or service can enhance their consumption 
behavior—even if they do not comply with the request. Formally:

H1: Exposure to a rating request will positively influence consumption behavior.
H2: Non-compliance with a rating request is associated with enhanced consump-
tion behavior compared with non-exposure to a rating request (control group).

3  Field Experiments

3.1  Research Context—Webservice.com

We tested our experiments in a collaboration with Webservice.com. Webservice.
com offers a virtual marketplace platform from which users can market products 
to the public. The company provides a basic marketplace service free of charge, 
where users can display their products (including pictures, prices, and descriptions). 
Webservice.com also offers several for-fee premium service packages, starting from 
$12.95 per month, which offer additional features (e.g., unlimited bandwidth, VIP 
helpdesk support). Most importantly, paying users can carry out sales transactions 
through the platform itself, whereas non-paying users must rely on alternative chan-
nels (e.g., email or an affiliate website). According to Webservice.com, the onsite 
transaction feature is the most significant functional difference between the free and 
the premium service packages.

Most users of Webservice.com use the free version of the service. Webservice.
com regards conversion rate—the percentage of users who adopt premium ser-
vices—as a key metric of its success.

Our collaboration with Webservice.com included two studies: a short-term (one-
week) study comprising only US-based English-speaking users; and a large-scale 
experiment, executed over 3 months, with participants from 90 countries. None of 
the participants in the first experiment was included in the second.

3.2  Study 1: Short‑Term Effect of a Rating Request on Conversion

Design and participant recruitment procedure This study focused on English-
speaking, US-based Webservice.com users who had joined on a specific date that 
did not overlap with any bank or religious holidays in the USA. On that day, a ran-
dom set of new Webservice.com users (n = 4102)—i.e., users with no prior expe-
rience with the platform—was assigned to our sample. Each user was randomly 
assigned to the treatment group (2038 users) or the control group (2064 users). 
Users in the treatment group were asked to rate the website at some point in their 
usage of the service, whereas users in the control group were not (see below). After 
8 days, we calculated the number of users who had converted from free to premium 
in both conditions (conversion rate).
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Treatment During the eight days following the recruitment day, each member of the 
treatment group was presented with a request to rate their experience using Webser-
vice.com (1–5 stars) and to add an optional comment. Both the rate request and the 
comment box were included in the same pop-up window (see Fig.  1). Users who 
did not wish to comply with the request were given an option to remove the prompt 
(by clicking a “no thanks” button or the “x” at the upper right corner of the pop-up 
window). The design of the prompt, in terms of graphics and placement, was deter-
mined by Webservice.com.

A key challenge was to determine when to display the rating request to users, 
so as to create maximal treatment consistency. After careful deliberation with 
Webservice.com’s management, we decided to time the rating request such 
that a given user would only view the request after adding at least one product 
to the website. This approach, in line with the behavior model for persuasive 
design (Fogg, 2009), ensured that a user would view the rating request only after 
expressing both motivation (having products to sell) and ability (adding products 
to the marketplace). The treatment and control groups did not differ in terms of 
the number of individuals who added at least one product to the website (93.45% 
and 93.46% of users, respectively, i.e., the vast majority of users).

Results For each group, we computed the conversion rate using all conversion 
decisions that occurred in the week after assignment to our sample. A binary logit 
regression, in which the independent variable was experimental condition (1—
treatment group; 0—control group) and the dependent variable was the conver-
sion rate, showed that conversion rate was positively affected by treatment (β = 027, 
wald = 2.931, p = 0.087).

We also used a crosstabs analysis to compare the two groups. The conversion 
rate for the control group was 3.7% (76 out of 2064 users), whereas the conversion 

Fig. 1  A rating request in our 
experiments on Webservice.com
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rate for the treatment group was 4.8% (97 out of 2038 users, χ2 = 2.95; likelihood 
ratio = 2.953, p = 0.086). Thus, the conversion rate of treatment-group participants 
was 29.3% higher than the control-group conversion rate.

In this experiment, we had no information about compliance with the rating 
request. The results suggest that, in line with H1(a), the overall effect on conver-
sion was positive. While these effects are only significant at the p < 0.1 level, the 
effect size is clearly large and holds economic significance. Hence, Webservice.com 
invited us to carry out a second, larger-scale experiment.

3.3  Study 2: A Large‑Scale Longitudinal Field Experiment

The goals of study 2 were threefold: (1) lending robustness to study 1’s findings 
through the use of a much larger population from diverse locations; (2) testing 
H1(b), by distinguishing between users who complied with the request and those 
who did not; (3) eliminating time duration as a possible alternative explanation. 
That is, one might argue that our treatment in study 1 merely expedited the process 
of users who intended to convert, and that the effect might diminish over time. To 
rule out this explanation, we observed users in study 2 for a longer period (90 days).

Participants and procedure The design of this experiment was similar to that of 
study 1, but with a few modifications to the recruitment procedure. First, the par-
ticipant pool was expanded to users from all 190 countries the website serves and 
the prompt was translated into 46 languages. Second, the recruitment period was 
extended to 70 days. During this period, Webservice.com randomly assigned users 
who joined its platform to our study (n = 91,424). Each of these users was randomly 
assigned to either the treatment group (n = 45,430) or the control group (n = 45,994). 
Third, we tracked participants for 90  days after the recruitment period. We made 
note of the usage package (basic/free, premium/paid) of each user at three time 
points: 30, 60, and 90 days following their specific date of exposure to treatment. 
For each user in the control group, we defined these time points on the basis of the 
“hypothetical” date on which the user would have seen the prompt had he or she 
been assigned to our treatment group.

With this information, at each focal time point, we calculated the conversion rate 
as the percentage of participants who had upgraded their free accounts to one of the 
available (for-fee) premium options.

In this experiment, 6,429 users1 (around 7%) converted to a premium subscrip-
tion before adding a product to the platform, i.e., prior to the date when they would 
have been exposed to our treatment. Those were removed from the data. Thus, our 
final sample comprised 84,995 users (treatment group: 42,258 users; control group: 
42,737 users).

1 For users in the control group, we omitted users who converted before their respective “hypotheti-
cal” treatment dates. We omitted 3,172 users from the treatment group and 3,257 users from the control 
group.
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4  Results

Conversion rate at each time point First, to evaluate the effect of treatment on con-
version rate, we used a binary logistic analysis with experimental condition as the 
independent variable (1—treatment group; 0—control group) and conversion rate 
at the 30-day mark as the dependent variable. We observed that the conversion rate 
at the 30-day mark was positively and significantly affected by the rating request 
(β = 0.043, wald = 4.169, p = 0.041). We also used crosstabs analysis to compare the 
conversion rates between experimental conditions at each time point considered. At 
30 days after treatment (or hypothetical treatment for the control group), the con-
version rate for the control group was 11.79% (5,040 out of 42,737 users), and the 
treatment group’s conversion rate was 12.25% (5,176 out of 42,258 users); these two 
conversion rates were significantly different (χ2 = 4.169, likelihood ratio = 4.169, 
p = 0.041). Similarly, at the 60-day and 90-day time points, the conversion rates for 
the treatment group were significantly higher than those of the control group. Spe-
cifically, at 60 days, conversion rates were 12.27% vs. 12.79% for the control and 
treatment groups, respectively (χ2 = 5.245, likelihood ratio = 5.245, p = 0.022); and 
at 90 days the conversion rates were 13.28% vs. 13.84%, respectively (χ2 = 5.780, 
likelihood ratio = 5.780, p = 0.016). Taken together, these results support H1(a) 
(Table 1).2 Moreover, the fact that the differences between experimental conditions 
persisted over time suggests that exposure to the prompt elicited an actual increase 
in conversion rate, as opposed to merely expediting the conversions of users who 
would have converted in any case.

The association between rating request and conversion among non‑compliers Of 
the 42,258 users who were exposed to the rating request, 34,494 (81.61%) chose 
not to rate their experience on Webservice.com—that is, they clicked either the “no 
thanks” button or the “x” at the top right corner of the pop-up window. We com-
pared the conversion rate of these (treated) non-compliers to the conversion rate of 
the control group, as well as to that of the (treated) compliers.

When distinguishing between non-compliers and compliers, it is important to 
acknowledge that the two groups are not randomly assigned, and thus may be biased 
by selection. We had almost no information about users that we could use to check 
for systematic differences. Nevertheless, for robustness, we reran our analyses using 
a sample balanced according to users’ country—one of the only two covariates 
available for each user (the other was language, which was highly correlated with 
country and thus could not be used separately). In what follows, we first report our 
results for the unbalanced data set, and then report results for the balanced sample.

2 For additional robustness, we reran our analysis while controlling for valence of review (for those who 
complied) and found no differences.
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4.1  Comparison of non‑compliers to the control group

We carried out a binary logistic regression in which we compared the subsample 
of (treated) non-compliers to the control group, with experimental condition as the 
independent variable (1—treated non-compliers; 0—control group) and conver-
sion rate at the 30-day mark as the dependent variable. This analysis showed that 
exposure to the rating request was significantly associated with the conversion rate, 
despite non-compliance (β = 0.046, wald = 4.239, p = 0.040). The conversion rate for 
the control group was 11.79% (5,040 out of 42,737 users), whereas the conversion 
rate for the non-compliers in the treatment group was 12.28% (4,235 out of 34,494 
users). A crosstabs analysis (Table  2) showed that this difference was significant 
(χ2 = 4.239, likelihood ratio = 4.234, p = 0.040). We subsequently compared the var-
ious conversion rates at 60 days and at 90 days. As shown in Table 2, the conversion 
rate of treated non-compliers was significantly higher than that of the control group 
at both time points (60 days: χ2 = 5.184, likelihood ratio = 5.178, p = 0.023; 90 days: 
χ2 = 6.362, likelihood ratio = 6.353, p = 0.012). Notably, though its magnitude is not 
large, the effect is significant and consistent over time, and is considered substantial 
in freemium-based industries.

Our robustness analysis with the balanced sample (weighted according to coun-
try) produced similar results. For example, when focusing on the conversion rate 
at the 30-day mark as the dependent variable, we find that exposure to the rating 
request was positively associated with the conversion rate of the non-compliers, 
despite non-compliance (β = 0.046, wald = 14.406, p < 0.001).

4.2  Comparison of non‑compliers to compliers

We carried out a binary logistic regression in which we compared the subsample of 
(treated) non-compliers to the (treated) compliers (1—non-compliers; 2—compli-
ers), with conversion rate at the 30-day mark as the dependent variable. This analy-
sis showed that compliance with the rating request was not significantly associated 
with the conversion rate (β = -0.015, wald = 0.146, p = 0.702). We subsequently used 
crosstabs analysis to compare the conversion rate of non-compliers and the conver-
sion rate of compliers at the 30-day mark. We observed no significant differences 
between the conversion rates (χ2 = 0.146, likelihood ratio = 0.147, p = 0.702). Simi-
larly, the difference between non-compliers and compliers was not significant at 

Table 1  Conversion Rates for 
the Control and Treatment 
Groups, 30, 60, and 90 Days 
After Exposure to Treatment*, 
by Experimental Condition

*  For users in the control group, we recorded the “hypothetical” date 
on which each user would have seen the prompt

Conversion 
rate—control 
(n = 42,737)

Conversion 
rate—treatment 
(n = 42,258)

χ2

30 days 11.79% 12.25% 4.169 (p = .041)
60 days 12.27% 12.79% 5.245 (p = .022)
90 days 13.28% 13.84% 5.780 (p = .016)
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60 days (χ2 = 0.107, likelihood ratio = 0.107, p = 0.744) or at 90 days (χ2 = 0.573, 
likelihood ratio = 0.575, p = 0.449). Our robustness analysis using the balanced data 
set produced similar results. For example, when focusing on the conversion rate at 
the 30-day mark as the dependent variable, we observe that compliance had no sig-
nificant effect on the conversion rate (β = -0.009, wald = 0.11, p = 0.917).

Comparing the compliers to the control group we find no statistical difference 
in the conversion rate between the two (See Table 2). However, the 7,764 compli-
ers include two different compliance behaviors. 1,380 users have provided a writ-
ten comment and a star rating (labeled: “comment compliers”), whereas the others 
only provided only a star rating (labeled: “rate compliers”). When looking at the 
rate compliers and comment compliers separately we find that the rate compliers 
exhibit a higher conversion rate than the control (p = 0.076 after 30 days, p = 0.60 
after 60 days, p = 0.58 after 90 days; See Table 3). These effects are similar to those 
documented in the literature (Wood et al., 2016), and thus marginal significance may 
be attributed to compliers group size. Comment compliers exhibit lower conver-
sion rates compared with the control group, though this difference is not significant 
(p > 0.1). We further observe marginally significant difference when comparing the 
conversion rates of comment compliers versus those of rate compliers (see Table 3). 
The reason might be those comment compliers are different in their traits or their 
experience of the website. Indeed, a t test in which we compared the average rat-
ings of rate compliers and of comment compliers revealed a significant difference. 
Specifically, the average rating (out of five) given by the rate compliers (M = 4.67, 
SD = 0.69) was significantly higher than the average rating given by the comment 
compliers (M = 4.53, SD = 0.91; t = 6.193, p < 0.001). Since the experiment design 
enabled comments in 46 languages from more than a hundred cultural contexts, and 
since our focus is the non-compliers, we do not analyze the comments themselves in 
this study.

5  General Discussion

The current research reveals that, in line with our hypothesis, a single exposure to a 
request to rate one’s experience with an online service has a positive effect on users’ 
likelihood of converting from a free version of the service to a paid version—and 
was found to be positively associated with conversion rate, even among users who 
do not comply with the request. In two field studies involving tens of thousands of 
participants from all over the world, we observed that the effect of exposure to a rat-
ing request on conversion persisted one week (study 1), and even one, two, and three 
months after exposure to the rating request (study 2). Moreover, study 2 revealed 
that the behavior of users who complied with the request was no different from that 
of users who were exposed to the request but did not comply, alluring to the exist-
ence of a “No Thanks Effect.”

Our work makes several theoretical contributions. First, it contributes to 
research on the influence of online reviews on consumer behavior by focusing 
on the consumption patterns of individuals who have been asked to provide a 
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review, rather than on consumers who read reviews (the dominant focus of this 
stream of literature thus far; King et al., 2014). Our findings suggest that a review 
request can, in fact, influence consumption behavior, and that mere exposure to 
the request may be just as powerful as the act of reviewing. Moreover, our results 
expand the literature on QBEs, by exploring these effects in the online realm and, 
more importantly, by suggesting that even when users decide not to comply with 
a feedback request from a website, their subsequent behavior is similar to what it 
would have been if they had, in fact, complied.

Our hypothesis was built on the idea that QBEs may, in certain ways, resemble 
individuals’ responses to advertising, and may be driven by similar mechanisms. 
In our view, attitude accessibility, discussed briefly in the Theory Development 
section, is a particularly plausible mechanism for the effects we observed. Atti-
tude accessibility—which can be manipulated by exposure to questions about 
one’s own preferences (Morwitz & Fitzsimons, 2004) or to advertising commu-
nications (Berger & Mitchell, 1989; Fazio et al., 1989)—is well known to affect 
behavior (e.g., Glasman & Albarracin, 2006). Specifically, when an attitude is 
more accessible, less thinking is required to act in accordance with that attitude. 
This reduction in effort has been shown to facilitate decision making (Blascovich 
et al., 1993; Fazio & Powell, 1997; Fazio et al., 1989; Holland et al., 2003), as 
well as to enhance consumption (Morwitz & Fitzsimons, 2004). In our studies, 
exposure to rating requests may have increased the accessibility of users’ atti-
tudes regarding Webservice.com, encouraging these users to convert, even if they 
did not comply with the requests. We note that this proposition implies that the 
attitudes that consumers accessed were generally positive. And indeed, 91.1% of 
the users in our sample who provided feedback rated the website positively (4–5 
out of 5 stars). These ratings are in line with Webservice.com’s reputation as a 
high-quality website, receiving favorable reviews in high-profile industry outlets.

Numerous alternative mechanisms have been proposed to underlie QBEs, and 
these mechanisms may also have contributed to the effects observed. In general, 
many of the prominent mechanisms proposed—including cognitive dissonance 
(e.g., Spangenberg et  al., 2003), behavioral simulation, and processing fluency 
(e.g., Janiszewski & Chandon, 2007)—are typically considered to capture cogni-
tive changes triggered by the answering process (even if the answer is not verbal-
ized; Spangenberg et al., 2003), and thus are unlikely to explain the behavior of 
users who did not comply with the rating request. In contrast to these response-
contingent mechanisms, theories of attitude accessibility (e.g., Fazio, 1995) sug-
gest that mere exposure to a question can activate attitudes associated with that 
question, regardless of whether one responds. Moreover, attitude accessibility is 
the only QBE mechanism that has been shown to produce long-term effects such 
as those we observed (Fitzsimons & Morwitz, 1996; Godin et  al., 2008; Mor-
witz et al., 1993). Together, these arguments support our conjecture that attitude 
accessibility underlies the effects we identified.

Yet, our research design did not enable us to directly investigate the role of atti-
tude accessibility—or any other mechanism—in the effects observed. Indeed, this 
is one of the limitations of our research. Future studies should explore potential 
underlying mechanisms in a controlled environment—including, for example, the 
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possibility that the rating request itself influenced participants’ positive perceptions 
of the website (e.g., by showing that the company cares about the user experience) 
and thus increased their likelihood of conversion.

Our data were also limited in their capacity to reveal differences across user types 
and segments. The few details at our disposal regarding user characteristics—spe-
cifically, users’ country and language—suggest that such differences are likely to 
exist. A detailed analysis of the effect of such differences on conversion is beyond 
the scope of this research but constitutes an interesting direction for future work.

Our findings have practical implications for website owners and providers of dig-
ital services. In particular, freemium-based websites—which may have large user 
bases, yet struggle to elicit payment from these users—might be able to boost their 
conversion rates merely by prompting their users to rate their experiences, and they 
should not be discouraged by the fact that the vast majority of users are likely to 
ignore these prompts.
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