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Abstract
Rating summary statistics are basic aggregations that reflect users’ assessments of 
experienced products and services in numerical form. Thus far, scholars primarily 
investigated textual reviews, but dedicated considerably less time and effort explor-
ing the potential impact of plain rating summary statistics on people’s choice behav-
ior. Notwithstanding their fundamental nature, however, rating summary statistics 
also are relevant to electronic commerce in general, and to e-tourism in particular. 
In this work, we attempted to fill this void, by exploring the effects of different types 
of rating attributes (the mean rating value, the overall number of ratings, and the 
bimodality of rating distributions) on hotel choice behavior. We also investigated 
whether individual differences in the cause of people’s maximizing behavioral ten-
dency moderated the effect of rating summary statistics on hotel choice behavior. 
Results of an eye-tracked conjoint experiment show that people’s high or low on 
decision difficulty as the cause of maximization determined whether and how rating 
summary statistics have an impact on the choice between hotels. Implications for the 
tourism and hospitality domain are addressed.
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1 Introduction

Online customer ratings and reviews were coined ’novel components of the mar-
keting communication mix’ about a decade ago (Chen and Xie 2008). Nowadays, 
due to the omnipresence of Web 2.0-based information technologies and applica-
tions in everyday life, user-produced and customer-shared evaluations of products 
and services have, indeed, become an essential ingredient of electronic commerce. 
Considerable evidence has been generated for their impact on sales and customer’s 
purchase behavior for a wide range of products and services (De Maeyer 2012; Zhu 
and Zhang 2010). Customer ratings and reviews also are important factors in today’s 
tourism and hospitality landscape—especially on the web platforms of online travel 
agencies (OTAs), cf. Gavilan et al. (2018). Competition on such web platforms is 
severe, due to the saturation of the market (Xiang et al. 2015). Moreover, tourism 
products are so-called ’experience goods’ that are simultaneously delivered and 
experienced. This unique feature renders them highly variable in terms of expe-
rienced quality, and complicated to assess for the interested traveller prior to pur-
chase (Chevalier et al. 2018). This has led to considerable research attention in the 
e-tourism community on the content, valence, and influence of online user reviews 
on hotel choice behavior (Gretzel and Yoo 2008; Xiang et al. 2017; Xie et al. 2011, 
2014), while largely neglecting the impact of numerical user rating summary statis-
tics on hotel selection.

The aim of the present study is to explore the impact of basic rating summary 
statistics on the hotels people choose from a choice set. Prior work in the marketing 
domain (i.e., in the setting of online booksellers) identified several metrics for the 
analysis of online product reviews, including basic product-related rating summary 
statistics like number of ratings and mean rating (Chevalier and Mayzlin 2006). For 
the movie domain, the volume and average movie ratings published online—together 
with a range of industry-specific factors—have been used to develop accurate sales 
forecasting models, cf. Dellarocas et al. (2007) and Liu (2006). In spite of this sparse 
evidence, basic rating summary statistics are usually included in empirical research 
as control variables only, cf. Chevalier et al. (2018). Hardly ever—if at all—do they 
take the center stage in research endeavors. However, the authors of a single model-
ling study once posited that simple ratings (such as number and average) could serve 
as a means for potential customers to reduce the complex task of choosing between 
product alternatives (Chen and Xie 2008). The very same idea was recently also put 
forward in an e-tourism study on the effect of ratings and written user reviews on 
hotel selection at booking platforms (Gavilan et al. 2018). This begs into question, 
if basic hotel rating summary statistics as such constitute any universal informative 
significance for online customers while making choices between hotels. Moreover, 
are we to assume that each specific rating summary statistic is of equal importance 
to the online customer during selection process? To the best of our knowledge, to 
date, hardly any research has dealt with these issues.

Interestingly, in his seminal work on bounded rationality, Herbert Simon specifi-
cally discussed the numerical mean as an example of a simple rule of thumb (or: 
heuristic) people could rely on in choice behavior. In fact, reliance on such heuristics 
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illustrated the principle of satisficing, in which someone settled for a reasonable 
choice alternative rather than maximized on the best possible option (Simon 1959). 
In recent years, scholars in the behavioral domain have begun to treat these princi-
ples of maximizing vs. satisficing in choice behavior as distinct personality traits. 
People high on so-called maximizing behavioral tendency display radically differ-
ent choice behaviors than low scorers (satisficers), cf. Schwartz (2000, 2004) and 
Schwartz et al. (2002). Similarly, early marketing research recognized that maximiz-
ers in complicated choice settings often painstakingly scrutinize available choice 
options, whereas non-maximizers use faster and simpler routines (Payne 1976). In 
recent years, scholars have started to disentangle the fundamental, trait-based, causes 
of maximization from the more specific goals and strategies (Cheek and Schwartz 
2016). Therefore, a person’s sensitivity towards hotel rating summary statistics 
could very well be moderated by one’s high or low trait-based cause of maximiza-
tion—i.e., how simple or difficult the making of choices from a set of alternatives 
feels to the decision maker. It is important to better understand how the statistical 
characteristics of ratings and personality traits impact people’s choice behavior, as 
this might have repercussions on the need to further develop and personalize present 
and future decision support systems in tourism and hospitality.

The remainder of the paper is organized as follows: Sect. 2 will provide an over-
view of classic and contemporary behavioral and marketing research into choice 
behavior. This section will discuss the general underpinnings and consequences 
of engaging in complicated choice settings. Hypotheses will be formulated for the 
impact of rating summary statistics and trait-based causes of maximization on user 
preferences for hotels. Like most studies on user preferences in choice behavior, a 
conjoint methodology will be used to put the hypotheses to the test. Section 3 out-
lines this methodology in greater detail. Given that the conjoint study was supple-
mented with an eye-tracking part, this section will also specify the procedures and 
metrics used in the eye-tracking sequence of the study. Section 4 will present the 
results of the behavioral data on choice behavior as well as of the implicit (i.e., eye-
tracked) measurements. Finally, Sect. 5 will offer a detailed discussion of the scien-
tific and practical implications of the findings, and—from the perspective of the rec-
ommender systems research domain—provide suggestions for future work on choice 
behavior in the e-tourism and hospitality domain.

2  Related work

How people make product and service-oriented consumer choices is an important 
topic in marketing research (Bettman et  al. 1998; Payne 1976). Provision with a 
large variety of choice alternatives is traditionally considered beneficial to the cus-
tomer—as this increases the likelihood that the desired product or service offering 
will eventually be selected. In recent years, however, scholars have begun to real-
ize that too much choice might be overwhelming and harmful (Iyengar and Lep-
per 1999; Schwartz 2000). Exposure to extensive choice could even lead to choice 
overload, a situation in which someone experiences demotivation, dissatisfaction, or 
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feelings of regret (Iyengar and Lepper 2000); for reviews, see Chernev et al. (2015) 
and Scheibehenne et al. (2010).

The research on choice behavior is grounded in the seminal work of Herbert 
Simon from the 1950s (Simon 1955, 1956, 1959). Simon criticized the assumptions 
underlying the rational choice paradigm, which were based on an understanding 
of decision making as characterized by utility maximization. Maximization under 
exposure to a set of choices would lead to selection of the best—optimal—choice 
from a range of inferior alternatives. Maximizing choice, however, would require 
certainty regarding expected outcomes. Given the frequent occurrence of unex-
pected events and consequences (i.e., incomplete information and uncertainty) in 
everyday life, Simon regarded the rational choice paradigm an unrealistic oversim-
plification of human choice settings. Moreover, even in simple choice experiments, 
participants often did not behave as utility maximizers (Simon 1955). He, therefore, 
stated that ”most real-life choices [...] lie beyond the reach of maximizing tech-
niques—unless the situations are heroically simplified by drastic approximations” 
(Simon 1959), p 259.

Simon argued that human decision making in everyday life was more adequately 
described in terms of a satisficing principle (Simon 1955, 1956, 1959). Satisficing 
is a different form of choice behavior, in which people explore their options within 
a certain bandwidth, and in accordance with their individual drives and needs (or 
’aspiration levels’). Specifically, people search for—and eventually select—a choice 
that is regarded a satisfactory pick relative to a larger set of available alternatives. In 
other words, people tend to settle for a decent alternative that comes close to their 
aspiration levels—i.e., not the best possible item from a larger list. This is ’approxi-
mate’ (Simon 1956) or ’boundedly rational’ choice behavior ”in a way that is pro-
cedurally reasonable in the light of the available knowledge and means of computa-
tion” (Simon 1986), p S211.

Schwartz et  al. (2002) drew on the work of Herbert Simon on the satisficing 
principle in their development of a dispositional measure of choice behavior. The 
authors translated maximization and satisficing into two overarching but separate 
behavioral tendencies or personality traits, and developed a Maximization Scale 
to observe the differences. Consistent with Simon’s classic work, maximizers were 
defined as people with a general tendency to aim for the best choice, while satis-
ficers were thought to be people who settle sooner for a “reasonable” alternative. 
Substantial evidence now exists that maximizers are often “doing better but feeling 
worse” than satisficers (Iyengar et al. 2006). They invest more time and energy in 
making a choice (Misuraca and Teuscher 2013), but commit less to those choices 
made (Sparks et  al. 2012). Also, maximizers experience more demotivation, dis-
satisfaction and regret than satisficers, while being less happy with their choices 
(Dar-Nimrod et al. 2009; Schwartz et al. 2002); for review, see Cheek and Schwartz 
(2016) and Schwartz (2004).

Recommender systems are automated decision support tools that enable people 
to overcome information overload in complicated choice settings (Jannach et  al. 
2011; Ricci et al. 2015). From this angle, scholars have begun to explore the impact 
of system users’ maximizing behavioral tendencies on recommender systems—
with mixed results. Several studies failed to report significant differences between 
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maximizers and satisficers once exposed to recommendations (Jugovac et al. 2018; 
Knijnenburg et al. 2011). Knijnenburg et al. (2011) argued that this might have had 
something to do with the difference between choice process and choice outcome. 
This observation resonates with the growing insight that individual differences in 
overall maximizing behavioral tendency are better understood in terms of separate 
goals, strategies, and causes (Nenkov et al. 2008; Schwartz et al. 2016). Focusing 
on the latter dimension (i.e., the trait-based causes underlying maximization), recent 
studies by Coba et al. (2019) showed that maximizers respond differently to collabo-
rative explanations of choice alternatives than satisficers, and that this effect espe-
cially holds for the individual difference items that tap into causes of maximization 
(labelled ’decision difficulty’ in the literature, cf. Cheek and Schwartz 2016; Nenkov 
et al. 2008; Schwartz et al. 2002).

3  Methodology

Conjoint analysis was developed in the marketing domain with the purpose to iden-
tify the most important attributes of a product in relation with a person’s prefer-
ences and (intended and/or actual) buying behavior (Zwerina et al. 1996). From a 
formal point of view, conjoint designs always comprise the following building 
blocks: items (also known as profiles, see example in Fig. 1), which are composed 
of sets of categorical or quantitative attributes, which are further refined into distinct 
(usually: high and low) levels, cf. Rao (2008). In the present study, the rank-based 
conjoint method was selected. In this specific version of the conjoint methodology, 
people are asked to rank items within a given choice set in terms of their (high to 
low) appreciation for those items. This also is common practice on web platforms 
of OTAs in tourism, on which users are often given the opportunity to rank lists of 
services according to their preferences Chung and Rao (2012).

Fig. 1  Profile snapshot
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3.1  Attribute selection and experimental design

Rating summary statistics are often depicted as frequency distributions on the class 
of discrete ratings values (such as one to five stars). This particular characteristic 
was used to select ecologically valid attributes, and to develop the stimuli (i.e., the 
profiles/items) accordingly, as will be discussed in greater detail below.

Attribute selection In prior work (Coba et al. 2018a, b), the mean rating value was 
found to be the strongest predictor of choice behavior, while the number of ratings 
had only a weak influence. This was primarily the case when the number of ratings 
was considered relatively high (i.e. in the three digits and above). When the num-
ber of ratings were in the double digits, participants put more weight on them dur-
ing decision making. People, apparently, prefer a slightly lower mean rating value 
over a higher number of overall ratings—making the mean rating value appear more 
reliable. Marginal and null effects were observed, when additional characteristics of 
rating distributions, such as the variance or skewness were also taken into consid-
eration (Coba et al. 2019). However, rating distributions might actually exhibit an 
asymmetric bimodal (J-shaped) distribution (Hu et al. 2009). This J-shaped distribu-
tion represents a purchasing bias (i.e., one tends to buy what one likes) as well as an 
under-reporting bias (i.e., polarized opinions are more likely to be reported). This 
potentially renders the mean rating value a biased measure for product quality (de 
Langhe et al. 2016). Therefore, it was hypothesized that even though an item might 
have a high overall score, an additional “minor” peak on low rating values would 
actually discourage users to choose such an item. As recommended by Pfister et al. 
(2013), the range of these “peaks” was measured using the bimodality coefficient, 
which was computed as:

where m3 is skewness, m4 kurtosis and n the sample size of the distribution. The 
bimodality coefficient varies from 0 to 1, in which a low value indicates an uni-
modal bell-shaped distribution. The value of 0.55 is considered a threshold, where 
a bimodal distribution is recognized as such. Values above this threshold clearly 
exhibit a bimodal distribution (see examples in Fig. 2).

In order to develop ecologically valid levels for the three attributes in the experi-
ment (i.e., number of ratings, mean rating, bimodality), they were aligned with real 

(1)BC =
m2

3
+ 1

m4 + 3
(n−1)2

(n−2)(n−3)

Fig. 2  Items drawn from the TripAdvisor dataset (bimodality coefficients > 0.7)
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industry data from the tourism and hospitality domain crawled from TripAdvisor 
(Fuchs and Zanker 2012; Jannach et al. 2014), and a public data set from Yelp1 (for 
a general overview of these data sets, see Table 1).

Specifically, examination of the mean rating values (Fig.  3a) in these data sets 
revealed that the ratings in the industry were skewed towards higher values. Like-
wise, the bimodality coefficient (Fig. 3b) was present in all the data sets. This con-
firmed that J-shaped rating distributions do indeed occur in tourism data. The num-
ber of ratings was set at 20 and 80, since prior work reported that participants clearly 
notice the difference between these levels (Coba et al. 2018a). Mean rating values 
between 3.6 and 4.0 were found for many rated items in our real-life Tripadvisor 
data sets (see Fig. 3a). The bimodality coefficient was set at 0.3 (no noticeable sec-
ond peak present) and 0.7 (clear unanimity of reviewers). Table 2 shows the high 
and low levels derived from the industry data, and how these ecologically valid 

Fig. 3  Statistical descriptives of datasets

Table 1  Characteristics of datasets

Dataset # Ratings # Users # Items Density  (%) Source/reference

TripAdvisor
 New York 11,061 9597 258 0.45 Fuchs and Zanker (2012)
 Paris 10,725 9500 1008 0.11

Yelp
 Las Vegas 1,605,396 506,278 26,809 < 0.01 Yelp.coma

 Toronto 431,047 93,117 17,211 < 0.01

1 https ://www.yelp.com/datas et/chall enge.

https://www.yelp.com/dataset/challenge
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levels enabled us to put the three attributes of rating summary statistics of hotels in 
our study under experimental control.

Experimental design A full-factorial design   (Zwerina et  al. 1996) was built 
on the following three attributes: number of ratings, mean rating, and bimodality. 
Specifically, the full factorial contained 3 attributes (2 levels × 3 levels × 3 levels), 
which resulted in 18 different profiles that were put to test. Importantly, all items 
represented statistically feasible level combinations. Note that the profiles were 
blocked into three subsets in order to lower the cognitive load for respondents to 
feasible levels. That is to say, they had to rank 3 × 6 alternatives. This simulated 
complicated choice as on existing OTA web platforms (Werthner et al. 2015), but 
prevented the occurrence of choice overload, which could cause the choice process 
to come to a stand still (Iyengar and Lepper 2000).

3.2  Procedure

Participants took part in a controlled experiment on a terminal, which had been con-
figured in advance to host an eye-tracking study. Specifically, the stimuli were pre-
sented on a 22″ display, and gazes were recorded with a static remote eye-tracking 
system equipped with a 150 Hz research-grade machine-vision camera. On arrival 
in the laboratory, participants were briefly introduced to the purpose of the study, 
and asked to give informed consent to have their data used for research purposes. 
If they did, participants were next provided with a pre-survey, which contained a 
test measure on maximizing behavioral tendency (described in detail below). The 
eye-tracking experiment was started from a remote console, once the participant had 
filled out this short personality test. They were asked to work on a series of ranking 
exercises framed as a representative e-tourism problem as follows:

“You need to rank hotels on a booking platform for your holiday stay. All 
hotels are equally preferable for you with respect to cost, location, facilities, 
services, etc. Other users’ ratings of this hotel are aggregated and summarized 
by their number of ratings, the mean of their ratings, and their distribution over 
the different rating values. Given the above, which of the hotels below would 

Table 2  Attributes and levels Attribute Level Value

A1: number of ratings L1 20
L2 80

A2: mean rating L1 3.6
L2 3.8
L3 4

A3: bimodality L1 0.3
L2 0.5
L3 0.7
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you prefer, when you were to solely consider the ratings for the displayed 
accommodations?”

Following this introduction, the participant went through a sequence of 3 rank-
ing exercises. In each of these exercises, a participant had to rank 6 hotels based on 
specific summary statistics. These hotels were taken from the full factorial set of 
combinations of attribute levels (consisting of 18 distinct hotel summary statistics 
described above). Attributes levels were equally distributed and balanced between 
the exercises, so as to allow for proper test of main effects. Presented profiles were 
item-agnostic, which meant that a participant could rely on nothing but the three 
variables put under experimental control (i.e., number of ratings, mean, and bimo-
dality) during ranking the profiles. Note that the order in which the six hotel profiles 
were presented on the 22″ screen was perfectly randomized. In other words, each 
participant received and ranked these six hotels in a unique configuration. A screen-
shot of the ranking exercise is presented in Fig. 4.2

After finishing, participants were asked to indicate in a brief post-survey, which 
characteristics of rating summaries in their opinion had guided their choice behavior 
most. Also, they were asked to provide demographic information, after which they 
were debriefed, thanked, and sent away.

3.3  Measures

Eye-tracking: areas of interests Areas of Interest (AOIs) (Holmqvist et al. 2011) are 
regions defined in the stimulus so as to extract data specifically for those areas. The 
three AOIs per item identified in the present study were associated with the three 
attributes in the conjoint design (see Fig. 1). The dwell or gaze refers to a focal visit 
of an AOI, from entry to exit, while a gaze cluster constitutes a fixation. A hit on 

Fig. 4  Screenshot highlighting the scan paths on the areas of interest

2 The implementation of the platform is downloadable at: https ://githu b.com/ludov ikcob a/rankB asedC 
onjoi nt.git.

https://github.com/ludovikcoba/rankBasedConjoint.git
https://github.com/ludovikcoba/rankBasedConjoint.git
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an AOI is typically operationalized as a lock of the gaze into a specific area for as 
long as minimally required to cognitively process the information within that AOI 
(Holmqvist et al. 2011). A transition is the movement of the gaze from one AOI to 
another, while a revisit is the transition back to an AOI already visited.

Eye-tracking: fixation time Fixation time was measured so as to assess the amount 
of time a participant spent on arriving at a choice. Because of the modest sample 
size in the present study (see also Sect. 4), the geometrical mean and the log-trans-
formation of the confidence interval were used in order to best estimate the average 
time spent on the experimental task (Sauro and Lewis 2010). In addition, revisits 
were used as a proxy for the manner in which a participant examined alternatives, 
searched for what amount of information, and for the comparisons made during the 
task (Payne 1976).

Maximization: decision difficulty Several scales exist to assess a person’s maxi-
mizing behavioral tendency; see Cheek and Schwartz (2016) for a review. The 
unique selling point of the shortened Maximization Scale of Nenkov et al. (2008) 
lies in its distinction between three sub-dimensions: having high standards, alterna-
tive search, and decision difficulty. As we were interested in the causes of maximiza-
tion (Cheek and Schwartz 2016), in the present study, we looked into the decision 
difficulty sub-scale. It comprises the following items: “I often find it difficult to shop 
for a gift for a friend”, and “Booking a hotel is really difficult. I’m always struggling 
to pick the best one”.3 Each item was measured on a 7-point scale ranging from 1 
(completely disagree) to 7 (completely agree). The decision difficulty sub-scale was 
reliable with a Cronbach’s � within the range outlined by Nenkov et al. (2008).

4  Results

A total of 42 volunteers participated in our conjoint experiment, and made a 
series of rank-based hotel choices, while being eye-tracked. The general demo-
graphic characteristics of this sample are summarized in Table 3. Our first predic-
tion was that high (vs. low) hotel rating summary statistics (i.e., number of rat-
ings, mean rating, and bimodality) positively impact someone’s rating and choice 
behavior. Second, we predicted that decision difficulty (due to behavioral maxi-
mizing tendency) moderates someone’s rating and choice behavior. Therefore, the 
sample was divided (via median split) into sub-samples based on a participant’s 
high or low score on decision difficulty. This enabled us to probe the differences 
between and within choice behaviors for each of these groups.

Table  4 outlines the parameter estimates of our multinomial test. Analy-
sis of the behavioral data output revealed that the choice behavior of peo-
ple high on decision difficulty was especially contingent on a higher mean 
( 𝛽 = 1.35, p < 0.001 ), while they were less inclined to consider a hotel with a 
higher number of ratings ( 𝛽 = 0.76, p < 0.001 ). The choice behavior of people 

3 Note, that the original, outdated, phrase Renting a video[..] in the scale of Nenkov et al. (2008) in the 
present research was replaced with Booking a hotel[..].
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low on decision difficulty, on the other hand, was almost equally influenced by 
presence of a high mean or a high number of ratings in a hotel summary. Appar-
ently, people low on decision difficulty could more confidently trade-in the dif-
ferent attribute levels of these two rating summary statistics against each other 
in their choice behavior. These results were in line with predictions. However, 
no effects were observed for the bimodality of distributions as a function of a 
person’s high or low decision difficulty. That is, even for hotel rating distribu-
tions with a stronger J-shape, people would always rely on hotels with a higher 
mean value, also in the presence of more low hotel rating values. This unexpected 
behavioral effect was observed for participants independent of their maximizing 
behavioral tendency (decision difficulty).

Table 3  Participants’ demographic details

Personal feature Category Total

Gender Male Female No answer
# 24 18 0 42
% 57.1 42.9 0 100

Age 18–24 25–30 31–40 40 +

# 30 7 4 1 42
% 71.4 16.7 9.5 2.4 100

Country Italy Albania Germany Other

# 16 8 8 10 42
% 38.1 21.4 19.0 23.8 100

Table 4  Parameter estimates for 
all respondents, and grouped by 
the median split on the decision 
difficulty sub-scale

Dashes (–) are the baseline levels. The estimated coefficients are 
the change in odds of choosing a particular mode rather than the 
baseline category. The values in parentheses are estimated standard 
errors
*p < 0.05 ; **p < 0.01 ; ***p < 0.001

Attribute Level Estimate ( �)

Below median Above median

# Ratings 80 0.90 (0.09)*** 0.76 (0.11)***
20 – –

Mean 4 1.11 (0.12)*** 1.35 (0.14)***
3.8 − 0.04 (0.09) 0.05 (0.14)
3.6 – –

Bim. 0.7 − 0.08 (0.12) 0.26 (0.14)
0.5 − 0.02 (0.12) 0.07 (0.14)
0.3 – –
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Early research on consumer choice behavior suggested that maximizers are 
more prone to comparing (many) alternatives prior to making (and committing 
themselves to) a choice. That is, maximizers tend to adopt a compensatory (rather 
then non-compensatory) information processing strategy, which is characterized 
by (a) a thorough and (b) more time-consuming process of making comparisons 
between multiple item attributes in a choice set (Payne 1976). So as to explore the 
presence of this particular—compensatory—behavior in our data, we first looked 
into the average number of revisits. The average number of revisits is a proxy for 
the frequency, with which a person switches the focus of attention from an AOI of 
one item to the AOI of another item, and vice versa. Figure 5 shows that people 
high on decision difficulty made more revisits to certain hotel offerings than those 
low on decision difficulty. This offered first evidence that high (vs.low) maximiz-
ers in our sample had displayed a more thorough, compensatory, choice behavior.

Second, we examined how much time people high (vs. low) on maximizing 
behavioral tendency (decision difficulty) had actually spent on each hotel offering 
in their choice set. Figure 6 presents the geometrical mean of the fixation times 
on the hotels in the choice sets based on the ranking positions they eventually 

Fig. 5  Mean number of revisits per item, median split on the decision difficulty sub-scale

Fig. 6  Geometrical mean of the time spent on item (confidence level of 95%), median split on decision 
difficulty sub-scale



179

1 3

Choosing between hotels: impact of bimodal rating summary…

received. These fixation times were computed only for the first ranking task (so as 
to capture the learning effect), and grouped according to the participant’s high or 
low decision difficulty. In line with predictions, people high on decision difficulty 
invested more time into studying choice alternatives than those low on decision 
difficulty. We used the Gini coefficient, which is a classic statistical measure of 
inequality from the domain of economics (Dorfman 1979) to test for inequality 
between high and low maximizers on their fixation frequencies and time spent 
on choice behavior. The Gini coefficient ranges from 0 to 1, and a higher value 
stands for a higher degree of inequality. Figure 7 shows that the degree of ine-
quality (in fixations and time spent) is much lower for people high than low on 
decision difficulty—i.e., the eye-tracking activities of maximizers were much 
more focused than those of satisficers; for significance test, see Table  5. This 
offered further evidence for the early observation of Payne (1976) that maximiz-
ers apply (focused) compensatory information processing strategies in their con-
sumer choice behavior.

Fig. 7  Gini

Table 5  Gini coefficient for the 
time and the frequencies per 
median split on the scale

∗ p < 0.05

Scale Gini coefficient

Time Freq.

Maxim.
 Low 0.33 0.30
 High 0.32 0.29

Dec. diff.*
 Low 0.35 0.32
 High 0.29 0.27
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Summarizing, analysis of the behavioral hotel choices as well as of the implicit 
(i.e., eye-tracking) measurements offered support for our prediction that high (but 
not low) hotel rating summary statistics influence ranking and choice behavior. Sec-
ond, with the exception of summary statistics for bimodality, maximizing behavioral 
tendency produced different rating and choice behavior under exposure to hotel rat-
ing summary statistics.

5  Discussion and conclusion

The present study investigated how rating summary statistics influence people’s 
choice behavior of hotels. Three commonly found online numerical summaries of 
customer preferences—total number of ratings, mean rating, and bimodality of the 
distribution—were put under full experimental control , and tested for differences 
in interaction with a person’s self-reported maximizing behavioral tendency. The 
impact of hotel rating summary statistics on choice behavior clearly depended on 
the decision difficulty a person high (vs. low) on maximization experienced. Implicit 
measurement of dynamic search processes via eye-tracking confirmed that such peo-
ple spent more time weighting the pros and cons of choice alternatives.

In general terms, the scientific contribution of this work lies in the introduction 
of an established line of behavioral research into maximization, set in motion by 
Schwartz (2000, 2004) and Schwartz et al. (2002), but inspired by the seminal work 
of Nobel laureate Herbert Simon on satisficing (Simon 1955, 1956, 1959), to the 
tourism community. Thus far, the role of behavioral maximizing tendency on com-
plex choice behavior had been largely overlooked in research on tourism and hospi-
tality. The present study shows that people high on maximization experience diffi-
culty while making choices between hotels, which is a novel insight for the research 
community that might invite further research into maximization and satisficing in 
tourism and hospitality.

More specifically, the present work fits into a longer academic tradition of study-
ing consumer choice processes of any complexity with the help of eye-tracking 
equipment (Bettman et  al. 1998; Glaholt and Reingold 1985; Orquin and Muel-
ler Loose 2013; Payne 1976; Reutskaja et  al. 2011). For our study, this offered a 
rich analysis of a person’s gazes, revisits, and fixations on a set of hotel choices, 
and brought to light that it took people high on decision difficulty longer to set-
tle on a choice. Still, they primarily relied on high mean rating values. In compari-
son, people low on maximization moved more freely between the various choice 
alternatives, and needed less time to choose. This is a fascinating finding, given that 
reliance on the arithmetic mean has always been regarded a simple rule of thumb 
in games of choice, cf. Simon (1959). Our work offers a caveat to such an all too 
straightforward interpretation. Implicit measurement of the underlying search and 
decision dynamics indicated that maximizers actually had invested more time and 
effort in the choice process, and had continued comparing alternatives before they—
finally—settled on the highest mean value. This outcome is consistent with recent 
theorizing on maximization (Cheek and Schwartz 2016), and illustrates the viability 
of eye-tracking for theory development on choice behavior, and beyond.
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Choice complexity is a major problem in tourism and hospitality. Most busi-
nesses within the industry tend to offer large varieties of (online and offline) prod-
ucts and services, and allow for high levels of customization of already complicated 
(multiple events and/or multidestinations) product-service bundles (Park and Jang 
2013; Thai and Yuksel 2017). Sometimes, the customer’s choice behavior in such 
complicated settings is still understood in terms of rational utility maximization (de 
Oliveira Santos et al. 2011). Our work—in general terms—shows the feasibility for 
the industry of taking a ’boundedly rational’ stance to maximization as determined 
by individual differences, instead. Clearly, maximizers respond differently to tour-
ism-related product and service offerings than satisficers, and it might pay-off for the 
service provider to take away some of the maximizer’s underlying decision difficulty 
in the various stages of the customer-seller relationship. This is a practical contribu-
tion of our work, which applies to traditional players within the industry as well as 
to e-businesses with a strong online presence.

The most important practical implication of the present work has to do with 
e-businesses in tourism and hospitality. These days, summary statistics of each and 
every product and service are available on the platforms of online travel agents. How-
ever minor these numerical values, they summarize the experiences of prior custom-
ers, and are very informative to the next traveller. Together with more unstructured 
written customer reviews, ratings offer valuable pointers to the intended traveller as 
to whether to visit a hotel facility or not. Considerable research within tourism and 
hospitality shows that such online information might trigger (positive and negative) 
word-of-mouth with financial consequences for the e-business; cf. Xie et al. (2014). 
The advantage of rating summary statistics over customer reviews, however, is that 
they do not require tedious text mining protocols (Gavilan et  al. 2018; Xu and Li 
2016; Zhao et al. 2019)—with the inherent danger to put a wrong interpretation on 
the online customer review (Antioco and Coussement 2018). What is more, they 
can even be implemented in ranking algorithms in rather straightforward fashion. 
The present study was the first to identify, which rating attributes might have the 
strongest impact on tourism-related choice behavior, and in what way. The practical 
relevance for the industry lies in using these insights for the development of person-
alized prediction models (see also our discussion on future research below).

The limitations of this work are the following: first, the results of the present 
study derived from a sample of 42 participants. The recommended sample sizes 
for conjoint studies in marketing research tend to be much larger than this—espe-
cially, when customer segmentation is the main research objective. Nonetheless, a 
smaller sample size (i.e., fluctuating between thirty and sixty participants) is not 
regarded problematic for exploratory conjoint experiments, and research aimed at 
hypothesis testing (Orme 2010). Second, and in addition to the previous observa-
tion, a sample size of the magnitude used in the present research is more than 
reasonable for an eye-tracking study conducted in the laboratory, cf. Reutskaja 
et al. (2011). In the specific case of choice behavior, eye-tracking studies tend to 
be designed to measure the dynamic search processes prior to decision making—
rendering the many metrics underlying those choice processes (i.e., the gazes, fix-
ations, and revisits to AOIs) the actual focal points of the analysis; see Reutskaja 
et al. (2011) for a similar observation. Third, participants voluntarily took part in 
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the study, and might (or might not) have been conveniently available to the exper-
imenter. It should be emphasized, however, that our eye-tracking results corre-
spond to the pattern of results reported in a previous choice-based conjoint exper-
iment, derived from a larger randomized sample of 200 respondents with diverse 
international backgrounds and demographic characteristics (Coba et  al. 2019). 
This, in our opinion, offers support to the notion that the eye-tracked results for 
maximizers and satisficers in this study are not, in fact, confounded by conveni-
ence or quota sampling. Fourth, sample sizes such as in the present study are 
incomparable with the larger samples collected with the help of commercial eye-
tracking companies using real products on site (Chandon et al. 2009). For sure, 
eye-tracking studies with real consumers contemplating their next tourism-related 
product or service choice on one of the larger e-tourism booking platforms would 
be richer in external validity, and yield additional insights.

This brings us to ways, in which our work might inspire future research on the 
topic of tourism-related choice behavior (Zanker et  al. 2019). First, and foremost, 
our current research endeavors are focused on the further improvement of choice 
and ranking-based recommendation algorithms in the setting of e-tourism—as the 
development of such algorithms has clear practical relevance for the industry (see 
also above). Specifically, we are working on adjustment of such algorithms based on 
a user’s overall maximizing behavioral tendency. We hope that, in the near future, 
this will lead us to develop a practical IT tool to offer personalized recommenda-
tions of matching product and service offerings to maximizers and satisficers in the 
tourism domain. As also mentioned above, it is important to overcome—and, ide-
ally, to avoid the occurrence of—structural dissatisfaction of the maximizing cus-
tomer with a certain tourism product or service offering. Algorithms that are person-
alized on the customer’s disposition for maximization allow for the targeted offering 
of practical support in this case, and might complement existing IT-driven customer 
recovery and retention programs.

Second, the insights from our conjoint experiment could be used to more explic-
itly test in future work the notion of choice overload in e-tourism. Due to the rise 
of online travel agents, customers now have unprecedented access to enormous 
amounts of complicated (i.e., bundled) travel products (Tanford et al. 2012). Even 
though richness of choice might be good from a corporate perspective, the online 
offerings in hospitality and tourism clearly lead to situations, in which some-
one interested in travel might be offered too much choice. Scholars have begun to 
explore the phenomenon of choice overload and its boundary conditions in such set-
tings, and discovered that exposure to 22 or more choices might cause a potential 
traveller to refrain from making a decision (Park and Jang 2013). It is an intrigu-
ing question, whether this number of 22 choices would serve as a universal criti-
cal threshold for e-tourism. The groundbreaking work of Iyengar and colleagues in 
the behavioral and marketing domain indicates that choice overload tends to occur 
between the range of 24 and 30 or more choices (Iyengar and Lepper 1999, 2000). 
In the light of our results, it even makes sense to posit that such a critical threshold 
probably varies for people depending on their high or low behavioral tendency to 
maximize (but see Iyengar and Lepper (2000), Study 3 for an alternative position). 
This, for sure, is an interesting issue to explore in future work on the topic. It would 
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be particularly interesting to do so with the help of the eye-tracking procedure that 
was developed for the present study.

Third, the studies referred to above typically think about choice behavior in tour-
ism in connection with notions of dissatisfaction, anger and perceived regret, cf. 
Park and Jang (2013, 2018). This is in line with a larger investigation in research 
on e-tourism of the antecedents of online customer switching behavior. Prior find-
ings for instance show that hotel visitors more likely switch to other service pro-
viders when they experienced anger and regret after service failure. Disappointing 
treatment of complaints increases the likelihood that people engage in negative 
WOM regarding the hotel (Sánchez-García and Currás-Pérez 2011), which might 
ruin a company’s online reputation; see also He and Harris (2014). Theoretically, 
the constructs of regret and maximization are significantly correlated with each 
other (Cheek and Schwartz 2016; Dar-Nimrod et al. 2009). In fact, Schwartz et al. 
developed their Maximization Scale in parallel with a Regret Scale, and postulated 
that ”concern about potential regret [...] influences some people to be maximizers” 
(Schwartz et al. 2002), p. 1179. It would be worthwhile to include this insight into 
future research on online switching behavior after service failures in tourism and 
hospitality, and study maximization and regret in tandem.

In conclusion, the present study explored the impact of online hotel rating sum-
mary statistics on choice behavior, and found that they depend on a person’s high 
(vs. low) behavioral maximizing tendency. People high on maximization found it 
more difficult to make a choice, and spent much more time exploring alternatives. 
Theoretically, this finding might be linked with tourism research on the (dis)satisfac-
tion, anger, regret, and switching behavior of travellers. It shows how important it is 
to account for the individual differences of potential customers that browse, search, 
and evaluate various alternative offers on online hotel booking platforms prior to 
making a purchase.
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