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ABSTRACT 
E-commerce designers must decide how many products to 
display at one time. Choice overload research has 
demonstrated the surprising finding that more choice is not 
necessarily better—selecting from larger choice sets can be 
more cognitively demanding and can result in lower levels 
of choice satisfaction. This research tests the choice 
overload effect in an e-commerce context and explores 
how the choice overload effect is influenced by an 
individual’s tendency to maximize or satisfice decisions. 
We conducted an online experiment with 611 participants 
randomly assigned to select a gourmet chocolate bar from 
either 12, 24, 40, 50, 60, or 72 different options. Consistent 
with prior work, we find that maximizers are less satisfied 
with their product choice than satisficers. However, using 
Bayesian analysis, we find that it’s unlikely that choice set 
size affects choice satisfaction by much, if at all. We 
discuss why the decision-making process may be different 
in e-commerce contexts than the physical settings used in 
previous choice overload experiments. 
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INTRODUCTION 
E-commerce is a large and still-growing industry in the 
United States. Business-to-consumer online spending was 
predicted to increase from $1.3 trillion in 2014 to $2.1 
trillion in 2018 [25]. Designers who craft e-commerce 
experiences for users are faced with a simple but critical 
design decision: how many products to display at once 
[23]. On one hand, some research shows that greater choice 
is better: greater choice can increase the chance of 
preference matching, enhance decision-making certainty, 

and enhance perceptions of freedom of choice and control 
(see [5] for a review). On the other hand, choice overload 
research has shown that selecting from large choice sets 
can be more cognitively demanding and feel more 
overwhelming [40], can lead to less satisfaction with the 
final choice [11], and can deter actual purchases [21]. 
Further, how users respond to different choice set sizes 
may depend on an individual’s tendency to maximize or 
satisfice decisions. Maximizers, who search for the best 
option (in contrast to satisficers, who opt for the first 
satisfactory option), tend to be less satisfied with their 
choices [22], even when they expend time and effort to 
select from larger choice sets [10].  

This research tests the choice overload effect in an 
e-commerce context, a domain that has received little 
attention in the choice overload literature. We conducted 
an online experiment with 611 participants who were 
recruited to complete an online survey for a chance to win 
gourmet chocolate. After completing the survey, 
participants were redirected to an online chocolate shop to 
select their desired chocolate bar; participants were 
randomly assigned to select from either 12, 24, 40, 50, 60, 
or 72 different options. We find that maximizers are less 
satisfied with their product choice than satisficers, a 
finding that is consistent with prior literature. However, we 
find that in an e-commerce context, choice set size does not 
affect choice satisfaction—at least not more than a 
negligible amount—regardless of a participant’s 
maximizing or satisficing tendencies.  

We discuss why the decision-making process may be 
different in an e-commerce context and present 
implications for designers and directions for future work. 

RELATED WORK AND HYPOTHESES 
Choice overload is grounded in the theory of bounded 
rationality, the argument that humans do not possess the 
cognitive processing ability to carefully consider all 
possible options and their potential consequences [44]. 
Schwartz characterized choice overload as the “paradox of 
choice”: the unexpected finding that more choice is not 
necessarily better [40]. More specifically, choice overload 
has been described as a mental state of the decision 
maker—in response to a large, cognitively demanding 
choice set—that manifests as either dissatisfaction, 
frustration, or regret [7].  

Permission to make digital or hard copies of all or part of this work for 
personal or classroom use is granted without fee provided that copies are 
not made or distributed for profit or commercial advantage and that copies 
bear this notice and the full citation on the first page. Copyrights for 
components of this work owned by others than the author(s) must be 
honored. Abstracting with credit is permitted. To copy otherwise, or 
republish, to post on servers or to redistribute to lists, requires prior 
specific permission and/or a fee. Request permissions from  
Permissions@acm.org. 
CHI 2017, May 06 - 11, 2017, Denver, CO, USA 
Copyright is held by the owner/author(s). Publication rights licensed to ACM. 
ACM 978-1-4503-4655-9/17/05…$15.00  
DOI: http://dx.doi.org/10.1145/3025453.3025778 
 
 

Technology Enabled Commerce CHI 2017, May 6–11, 2017, Denver, CO, USA

4358

mailto:Permissions@acm.org
http://dx.doi.org/10.1145/3025453.3025778


Iyengar and Lepper [21] demonstrated that when selecting 
from large versus small choice sets, consumers may find 
the decision-making process more difficult with large sets 
and forego making a purchase. Through a series of field 
and in-lab experiments, the authors found that a greater 
percentage of shoppers (30% versus 3%) purchased jam in 
a grocery store when presented with 6 versus 24 jam 
options and that a significantly higher percentage of 
students (74% versus 60%) completed an extra credit essay 
assignment when offered 6 versus 30 topic options. 
Further, they demonstrated that even when consumers 
commit to a final choice, they are less satisfied with that 
final choice when selecting from large choice sets: subjects 
who chose 6 gourmet chocolate (versus 30) reported more 
satisfaction with their choice than those selecting from the 
larger choice set. The choice overload effect has been 
widely studied and demonstrated with a variety of different 
product types including food products, electronics, office 
supplies, magazines, mutual funds, and music (see [7,39]). 

Choice overload as an HCI problem  
HCI research in e-commerce has investigated how to 
visually present product choices [16], how photography 
can affect e-commerce website credibility [36,37,46], and 
how e-commerce web aesthetics can influence online 
purchase behavior [4]. Other work has argued that the 
online customer experience encompasses not only usability 
and UI considerations, but also “the overall experience and 
satisfaction a customer has when purchasing or using a 
product or service” [31]. However, despite evidence that 
choice set size can affect both the chooser’s experience and 
resulting choice satisfaction [11, 40], little prior work has 
studied choice overload as an e-commerce design problem. 

In other online contexts, prior work has shown that 
participants using search engines to complete fact finding 
tasks feel more satisfied and more confident in their 
answers when selecting from a short (6 results) versus a 
long list of search engine results (24 results) [33], 
especially when selecting under time constraints [8]. In an 
online dating pool, users reported lower choice satisfaction 
when presented with a large pool of potential partners 
versus a small one (24 versus 6 matches) [9].  

While the research reviewed above demonstrates negative 
consequences of large choice set sizes, other research 
suggests that greater choice is better for the user 
experience, as it can increase the chance of preference 
matching [23], enhance decision-making certainty [3], and 
enhance perceptions of freedom of choice and control [5]. 
Recent work has also shown that online shoppers spend 
more than catalog-only shoppers, despite larger choice set 
sizes online [28]. Given the conflicting research, web 
designers are left with little concrete guidance beyond 
advice to provide the “fewest product options that still 
allow for meaningful product comparison” [23]. The 
current study empirically tests whether providing fewer 
product options is indeed sound design practice.  

Maximizing and satisficing decisions 
Choice overload theory has not gone unchallenged: 
meta-analyses have both confirmed [7] and called into 
question [39] the negative effect of too many options. 
These conflicting results suggest perhaps that choice set 
size does not have a universal effect but can influence 
certain people in certain contexts. Several studies have 
found that an individual’s tendency to maximize or 
satisfice is especially relevant to the decision-making 
process [10,40,41]. A maximizer is someone who typically 
tries to consider all options and attempts to select the best 
possible choice; a satisficer is someone who tends to select 
an option that is satisfactory, but not necessarily the best 
[40,42]. The nascent literature has shown that maximizers 
tend to score lower in overall life satisfaction, higher in 
perfectionism and regret [42], and lower in outcome 
satisfaction despite securing objectively better outcomes 
than satisficers [22]. In terms of purchasing behavior, 
maximizers report a greater tendency to conduct product 
comparisons, heightened post-decision consumer regret, 
and diminished positive feelings toward purchases [41]. 
These findings inform the current study’s first hypothesis. 

Hypothesis 1: In an e-commerce context, maximizers are 
less satisfied with their product choices than satisficers. 

The choice overload effect has been largely demonstrated 
with experimental designs comparing two choice set sizes, 
low versus high [7,39]. However, there is some evidence 
to suggest that as the number of options increases, 
satisfaction initially increases and then declines. Reutskaja 
and Hogarth [35] measured choice satisfaction for 
participants selecting a gift box from a set of either 5, 10, 
15, or 30 alternatives. The authors found an inverted 
U-shaped relationship with the highest levels of choice 
satisfaction occurring at intermediate levels of choice (10 
and 15 options) versus the smallest choice set (5 options) 
or largest choice set (30 options). Similarly, Shah and 
Wolford found that the greatest proportion of participants 
who purchased a pen were those presented with 8, 10, 12, 
or 14 options versus a small choice set size (2, 4, or 6 
options) or large choice set size (16, 18, or 20 options) [43]. 
These findings inform this study’s second hypothesis. 

Hypothesis 2: In an e-commerce context, choice 
satisfaction declines (or increases and then declines to form 
an inverted U-shape) as the number of product options 
increases. 

Finally, limited prior work has investigated the relationship 
between maximizer/satisficer tendencies and choice 
overload. One study that tested the choice overload effect 
for maximizers versus satisficers (n=25) did not include 
any high scorers on the maximizer scale [33]. Work that 
asked participants to select and listen to a classical music 
album for two minutes failed to find an effect of 
maximizing tendencies on satisfaction but this choice 
scenario may not have evoked maximizing and satisficing 
behavior [38].  
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In contrast, other research demonstrated that maximizers 
place a greater dollar value on their choice of soda when 
selecting from a set of 6 options versus a set of 24 options 
[1]. Although this work does not address choice 
satisfaction directly, it does suggest that maximizers react 
differently (i.e., negatively) when tasked with handling 
larger choice sets. Maximizers have also been shown to be 
more likely than satisficers to sacrifice resources (i.e., time 
and/or effort) to attain larger choice sets but ultimately 
report less satisfaction with their choice in comparison to 
satisficers [10]. Taken together, the literature reviewed 
here suggests maximizers not only tend to experience less 
choice satisfaction (H1) but that they respond more 
negatively to large choice sets than satisficers. These 
findings inform the current research’s third hypothesis. 

Hypothesis 3: In an e-commerce context, as the number of 
product options increases, the rate of decline in choice 
satisfaction is steeper for maximizers. 

EXPERIMENT 
We designed this experiment with two main goals in mind: 
first, to test whether the number of product choices in an 
e-commerce shop affects choice satisfaction, and second, 
to test whether this finding depends on a person’s 
decision-making style. Our online experiment followed a 
between-subjects design with participants randomly 
assigned to one of six choice set sizes.  

Method 

Experimental conditions 
There were six conditions for the number of products 
displayed on the simulated e-commerce webpage (choice 
set sizes: 12, 24, 40, 50, 60, 72). Choice set sizes were 
derived from an examination of thirteen top-performing 
e-commerce sites, as ranked by multiple sources [45,47]. 
The lead author visited each website on the same day, using 
the same browser and same size window 
(1024x768 pixels). An incognito browser session was also 
used to ensure any display settings were cleared. The lead 
author drilled down to several different product types per 
website to confirm each site’s default maximum number of 
products displayed per page. The four most commonly 
occurring set sizes were 24, 40, 50, and 60; the smallest and 
largest set sizes were 12 and 96 respectively (see 
supplementary materials for additional details). Due to the 
limited number of chocolate flavors available on the 
market at the time, this study was only able to test a 
maximum of 72 instead of 96 products.  

Materials 
An experimental chocolate e-commerce shop was designed 
to simulate an e-commerce shopping website with a home 
page, product description pages, a shopping cart, and a 
checkout procedure (see Figure 1). The three-column 
website design was informed by an examination of 13 
top-performing e-commerce sites [45,47] where the 
average default number of product columns displayed was 
approximately three columns (M=2.8, median=3.0).  

Chocolate was used as the experimental product in order to 
remain consistent with the design of several prior choice 
overload experiments, including Iyengar and Lepper’s [21] 
influential study. In addition, previous research has 
demonstrated that the number of product attributes 
between choices can influence the consumer decision-
making process, especially when leading to information 
overload [23]. Utilizing a simple product such as chocolate 
bars limited the number of product attributes that 
participants needed to consider during product 
comparisons. Chocolate used in this study differed in 
flavor and color (e.g. dark chocolate and milk chocolate), 
with small variations in size. Chocolate bars did not vary 
in other attributes such as price, brand, or packaging. 

Procedure 
Participants completed the study online at a location of 
their choice. Participants were invited to participate in the 
study through online recruitment ads on Facebook, 
Craigslist, Google AdWords, and Microsoft Bing. The ads 
indicated that, in return for participating, 1 in 10 
participants would receive their choice of chocolate 
shipped to them for free. This lottery design, similar to 
those used in prior choice overload research [17], was 
implemented to create an authentic, as opposed to 
hypothetical, choice scenario for participants, while 
keeping costs down. After completing an informed consent 
form, subjects were directed to the maximizer survey 
questions and a short demographics survey. Next, 
participants were directed to the chocolate e-commerce 
shop to select the chocolate bar they wished to receive. 
 
When directing participants to the chocolate shop, the 
system randomly assigned subjects to one of the six choice 
set size conditions and displayed the appropriate number of 
chocolate flavor options on the participant’s web page. 
Consistent with a real-world e-commerce experience, 
participants made their chocolate selection, proceeded to 
the shopping cart, and completed the checkout procedure 
by entering their shipping address and answering 
“customer satisfaction” questions including the main 
choice satisfaction measure (described below) and a 
measure of how frequently they shop online (on a 6-point 
scale from never to every day). Finally, participants were 
entered into the online lottery and informed as to whether 
they were winners or not. The maximizer scale and 
demographics survey were intentionally administered 
before the choice exercise to remain consistent with the 
procedure implemented in prior work [1,10] and to 
enhance believability that the chocolate choice exercise 
was conducted simply to compensate for participation in 
the survey. This study was approved by the research team’s 
Institutional Review Board. We reminded participants 
twice that we were collecting their addresses for shipping 
purposes only.  
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Measures 
Maximizing tendency was measured using a 13-item 
maximizer scale [41]. Questions included items such as, 
“Whenever I’m faced with a choice, I try to imagine what 
all the other possibilities are, even ones that aren’t present 
at that moment.” Responses were provided on a 7-point 
scale from 1 (completely disagree) to 7 (completely agree). 
Following [40], responses were summed to generate a 
maximizer score (min = 13, max = 91), with higher scores 
indicating a tendency to maximize and lower scores 
indicating a tendency to satisfice. 

Choice satisfaction was measured using a survey question 
modeled after those used in previous work [21, 35]. After 
confirming their chocolate selection, subjects were asked, 
“How satisfied are you with the chocolate you decided to 
pick?” with responses provided on a 7-point Likert scale, 
ranging from 1 (not at all) to 7 (extremely).  

Participants 
A total of 621 participants completed the study, which was 
available online for a total of seven weeks. Ten participants 
(1.6%) were removed from analysis due to data quality 
concerns; these participants spent less than 2.5 seconds per 
survey question and provided the same answer for all 
questions. (Note: These outliers had a misleading, 
disproportionate effect when analyzed with the full sample. 
See supplementary material for results that include the 
excluded data points.) The remaining 611 participants (164 
men, 442 women, and 5 other) were on average 37.61 years 
old (SD = 15.31, range 18-86,) and all reported living in 
the continental United States. Participants were frequent 
online shoppers: 61% reported making an online purchase 
at least a few times per month. The average maximizer 
score was 57.23 (SD = 11.54). Participants considered the 
options presented to them, indicated by 66.61% selecting 
chocolates located below the first two rows of products 
(“below the fold”). 

Note: A second sample of participants (N = 113) came from 
an undergraduate course from a large university who 
participated in exchange for extra course credit. Because 
this study aimed to simulate an online shopping 
experience, we choose to only include participants 

recruited through online advertising. The results including 
the student participants are reported in the supplementary 
material and are consistent with the results reported here.  

Analysis 
In our analysis, we estimated several alternative linear 
models predicting choice satisfaction from independent 
variables choice set size and maximizer score (see Table 1 
for reference). After estimating the models, we applied 
information criteria to assess which of the alternative 
functional forms was the best fit for the data. 

Variable Description Measurement 

Choice set 
size 

Number of product options 
(chocolate bars) presented  

12, 24, 40, 50, 
60, or 72 choices 

Maximizer 
score 

Tendency to look for better 
options beyond satisfaction 

13 items, 7-pt 
Likert scale 

Choice 
satisfaction 

Satisfaction with chocolate 
choice 

Single-item, 7-pt 
Likert scale 

Table 1: Variables included in analyses. 

All models assume that choice satisfaction was 
conditionally normally distributed. That is, choice 
satisfaction yi is predicted to be a value i that depends on 
the choice set size and maximizer score, plus some 
normally distributed “error term” with mean 0 and standard 
deviation . The way that i depends on the other variables 
is what differs between models. In summary:   

yi ~ Normal(i, ) 

For each model, we conducted both frequentist and 
Bayesian analysis. The frequentist analysis will be familiar 
for many readers: ordinary least squares (OLS) regression 
and null hypothesis significance testing (NHST).  

The Bayesian analysis may be less familiar, but has two 
major advantages. First, Bayesian analysis overcomes 
some weakness in NHST (e.g. [12,14,26,30]). In particular, 
NHST cannot support the null hypothesis; it can only fail 
to reject it [14]. In contrast, Bayesian analysis yields a 
probability distribution for the parameters. If a particular 
parameter is close to the null hypothetical value with high 

Figure 1. Simulated e-commerce website homepage (left) and checkout page (right). 
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probability, that provides evidence in favor of the null 
hypothesis [19]. 

Second, interpretation of Bayesian results is more intuitive 
than the results produced by frequentist methods [13,24]. 
For example, a Bayesian analysis produces a credible 
interval. Frequentist confidence intervals are often 
misinterpreted, even by experienced researchers [18]. A 95 
percent confidence interval is often interpreted as meaning 
that there is a 95 percent probability that the true parameter 
value lies within the interval, which is incorrect. 
Conditional on the model’s priors, Bayesian credible 
intervals are appropriately interpreted that way.  

A Bayesian model requires three components: parameters, 
a likelihood function, and priors for each of the parameters 
[30]. The parameters, as in OLS, are the variables in a 
model. The model determines a likelihood function, which 
computes the probability of any potential observation, 
given any set of values for the parameters. The priors are 
the initial sets of plausibilities (probability distributions) 
for each of the model’s parameters. Given these three 
elements and a set of observed data points, an estimation 
process yields a posterior distribution of plausible values 
for the parameters [30]. We estimated posterior beliefs in 
R using the R package rethinking [29]. 

Setting priors carefully is an important part of Bayesian 
analysis [12,30]; they can constrain a parameter to 
reasonable ranges, telling the estimation process to be 
skeptical of implausible parameter values even if they fit 
the observed data. We based the priors for some parameters 
on the results of a previous experiment [21]. When 
previous literature did not directly inform the priors for a 
parameter, we set weakly informative priors that gave very 
low probabilities to very implausible parameter values 
(e.g., those that would lead to changes in satisfaction of 
more than 3.0 on a 7-point scale) but otherwise constrained 
the parameter values as little as possible. 

The prior for the error term  of the models was not based 
on previous literature. As is common in Bayesian analysis 
for model parameters that are not the main focus of interest, 
we set a very weakly informative prior for this error term: 
 is drawn from a uniform distribution between 0 and 3. 
This prevents implausibly high values: for example, if  
were 4, 5% of the time the model would predict a 
satisfaction score more than eight away from the predicted 
mean, which is hardly plausible on scale of 1-7. 

Model 1: Constant 
The intercept-only constant model is the simplest. There is 
no effect of choice set size or maximizer score on 
satisfaction, so satisfaction scores are random draws from 
the same distribution for all experimental conditions: 

                                                           
1 Animations of priors and posteriors are also available at 
https://chocolate-animations.appspot.com/. 

i =  
 ~ Normal(5.86, 0.60) 

The Bayesian priors for  are based on the results from a 
previous study in which participants also chose between 
different chocolate bars, and their choice satisfaction was 
also measured on a 7-point Likert scale [21]. The mean 
satisfaction scores were pooled across conditions in that 
study to create the mean 5.86 for our prior. The standard 
deviation 0.6 was set so that 5.86 ± 2 standard deviations 
includes the 95% confidence intervals of the means for 
both experimental conditions from the previous study. 

Figure 2a shows i is 5.86 
regardless of choice set size. 
The standard deviation of 
0.6 means that values of 
5.26 or 6.46 would also not 
be very surprising. To 
provide intuitions about the 
uncertainty, the online 
supplementary materials 
include an animation 
showing the same graph for 
other random draws from the prior probability distribution 
for .1 The graph and animation do not illustrate , the 
model’s prediction of how much individual satisfaction 
scores will vary from the predicted mean: that parameter is 
less important for this analysis. 

H1: Maximizers vs. Satisficers 

Model 2: Linear in maximizer score  
The second model predicts that mean satisfaction will vary 
linearly with the subject’s maximizer score, but still is not 
affected by choice set size:  

i =  + max *maxim_score  
 ~ Normal(7.20, 2.0) 
max ~ Normal(-0.026, 0.03) 

In the absence of guidance 
from prior studies, we 
centered the prior on a value 
that would yield about a two-
point average difference in 
satisfaction between 
complete maximizers and 
complete satisficers (see Figure 2b). Because we have great 
uncertainty about the actual effect, we chose a standard 
deviation that assigns a probability of approximately 20% 
to parameter values > 0. For different values of max,  will 
need to be correspondingly lower or higher in order to 
maintain a mean value for i centered at 5.86. Thus, we 
adjust the mean of  and increase its standard deviation. 

 
Choice set size 

Fig. 2a, Model 1,  
mean of priors.  
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Fig. 2b, Model 2,  
mean of priors. 
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H2: Effect of Choice Set Size 
We estimated a series of models to analyze the effect of 
choice set size. The constant model (Model 1) assumes 
mean satisfaction was the same in all conditions. A linear 
model allows mean satisfaction to increase or decrease 
linearly with the number of items. A quadratic model 
allows for a U-shape. Finally, a fixed-effects model with 
dummy variables for the different set sizes provides the 
most degrees of freedom. These models do not control for 
maximizer score. 

Model 3: Linear in choice set size 
i =  + lin*set_size 
 ~ Normal(7.30, 2.0) 
lin ~ Normal(-0.033, 0.01) 

The prior for lin says that a 
linear effect of -0.03 is the 
most plausible value for the 
coefficient (see Figure 2c). 
This comes from the 
previous study [21], where 
a difference in choice set 
size of 24 led to a decline in mean satisfaction of 0.82 
(0.82/24  0.033). If this were the true parameter value, an 
increase in set size from 12 to 72 would yield a decrease in 
satisfaction of 2.0 points. The prior’s standard deviation is 
the standard error of the previous study’s data (0.17/24  
0. 01). This is a strong prior in that it assigns a probability 
of just 0.13% to positive values. As with Model 2, the mean 
of the prior for  was adjusted so that the overall mean for 
i would still be 5.86, with a high standard deviation.  

Model 4: Quadratic 
The quadratic model adds an additional degree of freedom, 
allowing for a parabolic or inverted parabolic relationship 
between choice set size and satisfaction, as H2 predicts: 

i =  + lin *set_size + quad *set_size2 

 ~ Normal(3.90, 2) 

lin ~ Normal(0.15, 0.3) 

quad ~ Normal(-0.002, 0.004) 

There was no previous 
literature to draw from for 
priors for this model. Because 
the theory predicts an 
inverted-U shape, we centered 
the priors on a positive value 
for lin and a negative value 
for quad (see Figure 2d). The 
exact values were chosen so that predicted satisfaction 
peaked at a set size of 40, with satisfaction 1.3 less at 12 
items and 2.4 less at 72 items. The standard deviations 
were set high relative to the means of the priors, to reflect 
great uncertainty about these values. The mean of the 
prior for  was adjusted so that the overall mean for i 
would still be 5.86. 

Model 5: Fixed effects 
A fixed-effects model adds the most degrees of freedom; it 
has a series of dummy variables corresponding to choice 
set sizes other than 12: 

i =  + 24x24 + 40x40 + 50x50 + 60x60 + 72x72 
 ~ Normal(5.86, 
0.60)24 ~ Normal(0, 1.5) 
40 ~ Normal(0, 1.5) 
50 ~ Normal(0, 1.5) 
60 ~ Normal(0, 1.5) 
72 ~ Normal(0, 1.5) 

Again in the absence of 
guidance from previous 
literature, priors for these 
parameters were chosen to 
be very weakly 
informative (see Figure 2e). They are centered around 0 but 
with high standard deviations: about 5% of the probability 
is assigned to values that yield increases or decreases in 
mean satisfaction of more than 3.0, as compared to the 
experiment condition with 12 items to choose from . 

H3: Combined Effects 
Two models included both choice set size and maximizer 
score.  

Model 6: No Interaction Term 
i =  + 
       lin*set_size +  
       max *maxim_score 

 ~ Normal(8.63, 2.0) 
lin ~ Normal(-0.033, 0.01) 
max ~ Normal(-0.026, 0.03) 

The priors for lin and max 
were the same as those used in 
previous models (see Figure 
2f). The mean of the prior for  
was adjusted so that the mean 
value for i would still be 5.86. 
 

Model 7: With Interaction Term 
i =  +  
       lin*set_size +  
       max *maxim_score + 
       int*set_size*maxim_score 
 ~ Normal(7.43, 2.0) 
lin ~ Normal(0, 0.01) 
max ~ Normal(0, 0.03) 
int ~ Normal(-0.0007, 0.0007) 

Because H3 predicts a negative 
interaction term, we centered the 
prior on a negative value (see 
Figure 2g). In the absence of 

 
Choice set size 

Fig. 2c, Model 3,  
mean of priors. 
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Fig. 2e, Model 5, 
mean of priors. 
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Fig. 2d, Model 4,  
mean of priors. 
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Choice set size 

Fig. 2f, Model 6, 
mean of prors.  

Black line (upper): 
extreme satisficers.  
Red line (lower): 

extreme maximizers. 

 
Choice set size 

Fig. 2g, Model 7, 
mean of priors.  

Black line (upper): 
extreme satisficers.  
Red line (lower): 

extreme maximizers. 
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guidance from previous literature, we centered it at -0.0007 
with a large enough standard deviation to treat any 
reasonable effect size as plausible. At -0.0007, the decline 
in satisfaction from 12 to 72 items is 3.27 greater for 
extreme maximizers than extreme satisficers. With the 
interaction term, we no longer have guidance from prior 
literature on the main effects, so the priors for lin and max 
were centered at 0, with the same standard deviations as in 
prior models. The mean of the prior for  was adjusted so 
that the mean value for i would still be 5.86.  
Model Comparison 
For H2 and H3, there were multiple alternative models with 
different functional forms. With extra degrees of freedom 
(more parameters) it is always possible to improve 
predictions in-sample (i.e., reduce the residual errors, and 
thus the R2 value in frequentist regressions). However, this 
can lead to overfitting, producing worse predictions out of 
sample (e.g., on unseen data from additional subjects).  

Information criteria provide a principled way to choose 
among models with different parameters that predict the 
same outcome. We applied the Widely Applicable 
Information Criterion (WAIC), a measure of uncertainty 
for each independent observation that is calculated by 
taking averages of log-likelihoods over the posterior 
distribution [30]. The models were then compared using 
Akaike weights, which are rescaled WAIC scores. These 
weights estimate the probability that a given model will be 
best for predicting new out of sample data; higher weights 
are better [30]. WAIC and Akaike weights were also 
calculated using the rethinking R package.  

Another common method of model comparison is the 
Bayes factor, which is the ratio of two models’ average 
likelihoods [12]. However, there are issues with using the 
Bayes factor in model comparison; for example, priors can 
have a major effect even when they are weak [30]. We 
therefore prefer information criteria over the Bayes factor 
as a comparison measure. 

RESULTS  
We combine results from frequentist OLS regressions and 
Bayesian analyses in our result tables 2-4. We report the 
point estimate from OLS for each parameter. NHST 
significance tests for those parameters are summarized by 
asterisks next to the point estimates. Below the OLS point 
estimates are Bayesian 95% credible intervals, in square 
brackets. These are the smallest intervals that cover 95% of 
the weight of the posterior probability distribution. At the 
bottom of the table are the Akaike weights.  

In the bottom row of Tables 2-4 are graphs showing the 
modeled relationship between independent variables and 
satisfaction scores. These are analogous to Figures 2a-g, 
but based on the inferred posterior distributions for the 
                                                           
2 Animations of priors and posteriors are also available at 
https://chocolate-animations.appspot.com/. 

parameters rather than the priors. Each static graph is a 
maximum a posteriori probability (MAP) plot, reflecting 
the most plausible parameter values. As with the priors, the 
supplementary materials include an animation of the same 
graphs for alternative draws from the posterior distribution 
(a variant of Hypothetical Outcome Plots [20]), providing 
visual intuitions about the uncertainty of parameter 
estimates. 2 

Details of all analyses, and the dataset itself, can be found 
in the supplementary materials.  

H1: Maximizers vs. Satisficers 
Our results support H1: maximizers were overall less 
satisfied with their choices than satisficers. The linear 
regression predicting choice satisfaction by maximizer 
score reveals that for every one-point increase in 
maximizer score, participants are on average 0.01 points 
less satisfied with their choice (see Table 2, Model 2).  

A comparison of Model 2 against the constant model 
(Model 1) assigns an Akaike weight of 0.94 to Model 2: 
Model 2 is very likely to have a higher predictive accuracy 
than the constant model on out of sample data (e.g., from 
another experiment). 

H2: Effect of Choice Set Size 
Our results do not support H2. Overall choice satisfaction 
was high (M = 6.13, SD = 1.03), but did not vary depending 
on the number of options.  

In the linear regression model (Table 3, Model 3), the 
coefficient for choice set size was not significant. The 
Bayesian credible interval is nearly centered around 0 and 
tight enough to imply that the effect of choice set size is 

Table 2: Results for H1 (n=611). 
Note: *p < 0.05.  **p < 0.01. ***p < 0.001.  

95% credible intervals are presented in [square brackets]. 

 M1 M2 

intercept 6.13*** 
[6.05, 6.22] 

6.68*** 
[6.28, 7.09] 

maximizer 
score — -0.01 

[-0.02,-0.003] 
Akaike 
weight 0.06 0.94 

 

  
Maximizer score   Maximizer score 
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very unlikely to be large enough to be meaningful in an e-
commerce setting.  

In the quadratic regression model (Table 3, Model 4), none 
of the predictors were statistically significant. Further, the 
point estimates of the quadratic model show an effect 
opposite of expectations: it shows a very slightly parabolic 
shape, instead of the inverted parabola predicted in H2. 

Last was the fixed-effects model, a regression model with 
dummy variables representing each choice set size 
(Table 3, Model 5). None of the choice set size variables 
showed a mean satisfaction significantly different from 
that for 12 choices. Moreover, there is no clear trend in 
mean satisfaction as choice set sizes increase.  

Models 3-5 are compared to the constant model (Model 1) 
in Table 3, in which satisfaction scores are drawn randomly 
from the same distribution, regardless of choice set size. 
Model 1 has the highest Akaike weight, 0.59. The other 
models have non-zero Akaike weights, so we cannot reject 
these models entirely; however, they are much less 
plausible than the constant model. This is evidence in favor 
of the null hypothesis: there is no effect of choice set size 
on satisfaction that is large enough to be meaningful.  

H3: Interaction of Set Size and Maximizer Score 
H3 stated that as the number of product options increases, 
the rate of decline in choice satisfaction is steeper for 
maximizers. Our results do not support this hypothesis.  

In Model 6, only the main effect of maximizer score is 
significant (Table 4), consistent with Model 2. Adding an 
interaction term for maximizer scores and choice set size 
in Model 7 did not reveal a statistically significant 
predictor of choice satisfaction (Table 4). 

Comparing Models 6 and 7 to Model 1, Model 6 claims the 
largest Akaike weight of 0.62. As in H2, the other models 
have non-zero weights so cannot be dismissed entirely, but 
are much less plausible than Model 6.   

DISCUSSION 
The goal of this research was to test the relationship 
between choice set size, maximizing/satisficing 
tendencies, and choice satisfaction in an e-commerce 
context. We find that: 

• Maximizers are overall less satisfied with their choices 
than satisficers, but 

• the number of product options online does not have 
much, if any, impact on choice satisfaction and, 

Table 3: Results for H2 (M1, M3-M5 (n=611). 
Note: *p < 0.05.  **p < 0.01. ***p < 0.001.  95% credible intervals are presented in [square brackets]. 

 M1 M3 M4 M5 

intercept 6.13*** 
[6.05, 6.22] 

6.17*** 
[6.04, 6.40] 

6.18*** 
[5.67, 6.34] 

6.19*** 
[6.00, 6.37] 

choice set size — -8x10-4 

[-0.006,+0.001] 
-0.002 

[-0.01,+0.03] — 

choice set size2 — — 1x10-5 

 [-3x10-4, +1x10-4] — 

choice set: 24 — — — -0.18 
[-0.47, +0.10] 

choice set: 40 — — — 0.12 
[-0.14, +0.40] 

choice set: 50 — — — -0.10 
[-0.36, +0.16] 

choice set: 60 — — — -0.17 
[-0.44, +0.24] 

choice set: 72 — — — -0.02 
[-0.28, +0.24] 

Akaike weight 0.54 0.22 0.08 0.16 

     
Choice set size  Choice set size  Choice set size  Choice set size 
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• maximizers’ choice satisfaction does not decline at an 
appreciably steeper rate than for satisficers.  

Prior research in choice overload theory suggests that as 
choice set size increases, satisfaction either decreases or 
increases and then declines in a downward curvilinear 
fashion [21,35,43]. Even when these findings are taken into 
account, via the priors of the Bayesian analysis, the results 
of this study not only fail to provide support to extend these 
prior findings to an e-commerce context, but provide 
evidence against a choice overload effect in e-commerce 
contexts. Similarly, prior work suggests that an 
individual’s tendency to maximize or satisfice choices can 
moderate the effect of choice set size on choice 
satisfaction. While the current study confirms the general 
tendency of maximizers to be less satisfied than satisficers, 
the current study does not support the hypothesis that 
maximizing tendencies moderate choice satisfaction in the 
e-commerce context. These surprising results suggest that 
the decision-making process may be different in an 
e-commerce context versus in face-to-face contexts—
choice overload research has largely been studied in retail 
spaces or in-lab [7,39].  

Large choice sets are normal and expected online  
One potential explanation is that shoppers are accustomed 
to large choice sets online. For years, e-retailers such as 
Amazon.com, BestBuy.com, and Walmart.com have 
offered online shoppers thousands, if not millions, of 
products to select from. Moreover, online shoppers may be 

more accustomed to processing large choice sets that are 
presented all at one time. Our preliminary study of 
top-performing e-commerce sites (see Methods section) 
revealed that sites such as Target.com and eBay.com offer 
consumers the option to view as many as 100 or 200 
products per page. The majority of participants in this study 
were frequent online shoppers (61% of participants 
reported making online purchases at least a few times per 
month in the last twelve months). Thus, it is likely that 
participants were already comfortable using sites that 
present large choice sets all at one once—choice sets even 
larger than presented in this research.  

There is even evidence to suggest that shoppers expect 
large choice sets online; industry research shows that one 
reason consumers shop online versus offline is to gain 
access to a large variety of product offerings [34]. Recent 
work has also shown that online shoppers spend more than 
catalog-only shoppers, despite larger choice sets online 
[28]. This may be due to lower “search costs” online, where 
the marginal cost of searching for and considering each 
additional product is less online than through catalogs. 
Search costs may also help explain why choice overload 
may manifest in-store but not online. Considering each 
additional product in-store can involve physical inspection, 
locating product information, and product comparison. The 
online context reduces this workload by providing a 
systematic and predictable display of product information.  

 M1 M6 M7 

intercept 6.13*** 
 [6.05, 6.22] 

6.72***                           
[6.35, 7.23] 

6.64***                             
[5.86, 7.26] 

choice set size — -9x10-4                           
[-0.006, +0.002] 

0.001                               
[-0.01, +0.01] 

maximizer score — -0.01**                             
[-0.02, -0.003] 

-0.008                                  
[-0.02, +0.005] 

maximizer score 
* choice set size — — -3x10-5                                  

[-3x10-4, +2x10-4] 

Akaike weight 0.11 0.53 0.36 
 

   
Choice set size   Choice set size   Choice set size 

Table 4: Results for H3 (M1, M6-7 (n=611)).  
Black lines in M6-M7 represent predictions at the lowest maximizer score of 13 and red lines represent predictions at the highest 

maximizer score of 91.  
Note: *p < 0.05.  **p < 0.01. ***p < 0.001. 95% credible intervals are presented in [square brackets]. 
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Large choice sets mitigate risks online 
Consumers perceive a number of risks when shopping 
online. Consumers shopping online are concerned about 
not being able to physically inspect the product before 
purchasing, not being able to successfully return unwanted 
products, the potential difficulties in reaching customer 
service, and generally feeling disappointed with their 
choice when it arrives [15,27,32]. Because of these 
perceived risks, consumers are more likely to purchase 
high risk products offline, in traditional retail venues, than 
online [27]. One method for mitigating these perceived 
risks is to provide large and varied product assortments. 
Prior work has demonstrated that consumers prefer to 
select from large-variety assortments when the purchase is 
perceived as more risky. In a study where participants were 
asked to indicate which assortment of chocolates they 
would prefer to choose from (high variety or low variety), 
participants were more likely to select the low-variety 
assortment when they were told that the store allows 
product returns for any reason (low risk condition) [3]. 
Participants were more likely to select the high-variety 
assortment when they were told the store only allows 
returns with a receipt and with the product unopened (high 
risk condition) [3].  

If consumers perceive greater risk in shopping online than 
offline, it is likely that consumers would prefer to select 
from more varied choice sets online in order to mitigate 
those perceived risks. Because larger choice sets tends to 
be perceived as having more variety [6], a larger choice set 
size online may be perceived as more varied and therefore 
beneficial for mitigating the risks of online shopping. 
Therefore, while larger choice set sizes are more 
cognitively demanding, they may also mitigate the risks 
associated with online shopping. Inversely, while small 
choice set sizes are less cognitively demanding, they do 
less to help mitigate risk. The net result of choice set size 
online: no effect. 

Further, maximizers, who were hypothesized to react even 
more negatively to large choice sets, may also perceive a 
risk-mitigating benefit from large choice sets online. 
Maximizers, who tend to experience higher post-purchase 
regret [41], may be especially attuned to the potential risks 
associated with online shopping. So while large choice sets 
may prompt more agonizing product comparisons for 
maximizers, they may also feel the benefits of reducing the 
perceived risks with shopping online—explaining the 
absence of a heightened choice overload effect for these 
consumers.  

LIMITATIONS AND FUTURE WORK 
The results of this research should be considered in light of 
certain limitations. First, although great care was taken to 
replicate an authentic e-commerce experience, the lottery 
compensation design may have created lower-stakes 
consequences for participants’ choices. Following [21], 
this study also focused on chocolate purchases, a 

low-value, low-stakes product choice. More expensive and 
consequential product choices made online may yield 
different findings. Second, unlike true online shopping, this 
research investigated online decision-making where 100% 
of consumers ultimately made a product choice. Future 
work should consider exploring choice deferral or 
shopping cart abandonment in relation to choice set size in 
e-commerce contexts.  

The choice set sizes tested in this study were derived by 
examining the design practices of current, top-performing 
e-commerce websites. As a result, the smallest choice set 
size tested was 12 options. Prior work demonstrated 
differences in choice satisfaction between very small 
choice set sizes (e.g., 4 or 6 options) and larger sets of 12 
or more options; the current study’s design was not able to 
test these comparisons. Future work may wish to test the 
choice overload effect with even smaller choice sets than 
are typically displayed by e-retailers today. Further, 
considering consumers’ increasing reliance on mobile 
shopping technologies [34], it would be valuable to 
investigate the implications of selecting from different 
choice set sizes on smaller screens. Finally, future work 
could improve on our one-item scale for choice 
satisfaction, to capture a more nuanced measure for the 
subjective and complex nature of choice satisfaction.  

CONCLUSION 
The Internet provides e-retailers the ability to present more 
product options than is feasible in brick-and-mortar stores. 
Prior choice overload research suggests that this abundance 
of choice may have detrimental consequences for the user 
experience and levels of choice satisfaction. However, by 
directly testing the choice overload effect in an 
e-commerce context we demonstrate that the number of 
options presented online does not affect choice satisfaction. 
Where web designers may have been previously concerned 
about offering too many product options, we provide 
evidence that more is not necessarily less.  

SUPPLEMENTARY MATERIAL 
Supplemental material can be accessed at https://chocolate-
animations.appspot.com/appendix/ or in the ACM Digital 
Library. 
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