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Abstract
Recommender Systems were created to support users in situations of information overload. However,
users are consciously or unconsciously influenced by many factors in their decision making. Hence,
we aim at exploring how these factors influence user choices in the context of online hotel search and
booking. Specifically, we focused our study on (i) ranking position, (ii) price, (iii) rating, and (iv) number
of reviews when analyzing users’ click behavior. The results showed that there were “two elephants in
the room”: position and price, that heavily influenced the user decision-making and need to be taken
into account when, for instance, trying to learn user preferences from offline data in order to bootstrap a
recommender system.
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1. Introduction

Recommender Systems (RSs) are algorithms developed for helping users to find items of interest
[1]. The massive volume of information available on the web leads to the problem of information
overload, which increases the need for delivering effective and timely recommendations. The
main idea behind these methods is to know users’ interests, based on their feedback on past
interactions with items, in order to recommend new unseen items matching their preferences.

RSs are extensively applied into E-Tourism domains [2, 3] to recommend destinations/travel
packages [4, 5, 6], point of interest [7, 8, 9], restaurants [10, 11] and so on. Furthermore, travelling
generally includes accommodating in some place for one or more nights. In this respect, it is
fundamental to suggest appropriate properties1 to the users, exploiting both contextual features
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1With the term properties we refer to any type of accommodation like hotels, apartments, guest houses, etc.
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Figure 1: CTR for the top 25 positions in the recommended list. The x-axis report the position in the
recommended list, while the y-axis report the CTR achieved in that position.

(such as season and place) and user’s preferences. In this regard, in the last years, many RSs
were developed to recommend hotels in the context of online booking [12, 13, 14].

The main contribution of our work is to study the influence of several variables related to
user decisions in the online hotel search context. Therefore, for each variable, we tried to
answer the following research question: “Does the variable influence the user decision-making?”
Specifically, we focus our attention on the following variables: (i) the property’s position in the
recommended list, (ii) the price of the property, (iii) the average rating of the property and (iv)
the number of reviews of the property.

2. Data Analysis

The dataset is composed by ca. 130, 000 recommended lists, each composed by 25 properties
showed in the same page, collected on a metasearch booking platform in the period between
Nov 2021 - Apr 2022.

We report in Figure 1 the Click-Through Rate (CTR) computed for each of the 25 positions in
the recommended list. For the remainder of the paper, we will refer to the CTR distribution
shown in Figure 1 as the a-priori CTR. In Figure 2, we report the difference between the CTR
distribution conditioned on price, rating and number of reviews and the a-priori CTR. For each
variable, we ran six different experiments with the following filter conditions: (i) the highest
value, (ii) values higher than the 0.75 quantile, (iii) values higher than the mean, (iv) values
lower than the mean, (v) values lower than the 0.25 quantile and (vi) the lowest value. Each
condition is referred to the values within each recommended list. For example, in Figure 2a,
we computed the CTR distribution taking into account only the properties that had a price
higher than the 0.75 quantile price within each recommended list, i.e. we removed from the
dataset all the properties with a price lower than the 0.75 quantile in each recommended list,
and we subtracted the a-priori CTR distribution to obtain the plot. Due to space constraints,
we report only the experiments for values higher/lower than the 0.75/0.25 quantile. However,
for the other conditions the results are similar to the reported ones. Finally, for all the plots in
Figure 2, we kept the same scale to highlight the different influence of the variables.

Influence of Ranking Position It is well-know in the literature that the ranking position
affects the user choice, Feigenbaum and Simon [15] and Joachims et al. [16], and our analysis
confirmed this assertion. From Figure 1 it was clear that the position had an important effect on



(a) Price - Higher 0.75 quantile. (b) Rating - Higher 0.75 quantile. (c) # reviews - Higher 0.75 quantile.

(d) Price - Lower 0.25 quantile. (e) Rating - Lower 0.25 quantile. (f) # reviews - Lower 0.25 quantile.

Figure 2: Difference between conditioned CTR and a-priori CTR, showed in Figure 1, for each position
in the recommended list.

the CTR. In fact, the CTR for position 𝑘was always higher than the CTR for subsequent positions.
For example, in our dataset, the CTR for the first position was 5.23%, while the CTR for the last
position was 0.29%. This means that the probability of clicking the first position was 18 times
the probability of clicking on position 25. However, while for the first 10 positions this was
evident, the difference in CTR for the positions between 10 and 25 was close to zero. The answer
to the research question: “Does the ranking position influence the user decision-making?” is
yes: the ranking position clearly influence the user choice.

Influence of Price Figure 2a and Figure 2d report the results for price when we considered
only the properties having a price higher than the 0.75 quantile and lower than the 0.25 quantile,
respectively. For each position in the list, the CTR was higher than the a-priori CTR if we
considered properties with a price lower than the 0.25 quantile. This clearly means that lower
prices positively influenced the users’ propensity of clicking on a property and the opposite
happened if we considered properties with a price higher than the 0.75 quantile: for higher
prices the CTR was lower. The answer to the question: “Does the price influence the user
decision-making?” is clearly yes. Price influences the user decision-making both positively and
negatively as stated in Lockyer [17] and Stávková et al. [18].

Influence of Rating Figure 2b reports the analysis for the properties with a rating higher
than the 0.75 quantile and Figure 2e for the properties with a rating lower than the 0.25 quantile.
While price influenced the CTR with an absolute difference of 2-3% w.r.t. a-priori CTR, for the
rating this difference was greater than 0.5% just in one case (for the first position in Figure
2e). Assuming that these differences are statistically significant, we expected higher rating to
lead to higher CTR, while for lower rating we expected lower CTR. Instead, we observed the
exact opposite phenomenon. In this case, the answer to the research question: “Does the rating
influence the user decision-making?” was not so clear. While for position and price the effect



was relevant, for the rating it was more difficult to give a unique answer: the rating seemed to
have a very weak influence or no influence at all. These results are in contrast with Gavilán et
al. [19] and Coba et al. [20, 21] that found that users were influenced by rating. However, these
works ran user studies considering only rating and number of reviews, while for us price had a
greater influence that probably confounded the effect of rating.

Influence of Number of Reviews Finally, we report in Figure 2c the analysis for the
properties that had a number of reviews higher than the 0.75 quantile, and in Figure 2f the
analysis for the properties with a number of reviews lower than the 0.25 quantile. In this case,
it was clear that the number of reviews did not influence the user’s choice at all. These results
are in contrast to other studies in the literature, such as those by Coba et al. [20, 21], in which
users tend to trust the rating of the items only if they are made up on a sufficient number of
reviews. To verify the existence of a sufficient number of reviews above which users trust the
rating, we compared the distribution of the CTR for properties with more and less than 35
reviews. We found that there was a positive influence for the properties above the threshold
and this confirmed our claims. Given our data, the answer to the last research question: “Does
the number of reviews influence the user decision-making?” was clear: the number of reviews
did not influence user decision-making when the number of the reviews exceeds a certain
threshold.

3. Conclusions

In this paper, we studied how different variables affect the user decision-making. Specifically,
we took into account the following variables: (i) ranking position, (ii) price, (iii) rating and
(iv) number of reviews, and we measured their influence by observing changes in the CTR
distribution.

Our analysis confirmed that the ranking position and the price heavily influenced the user’s
choice: a property in the top positions had a greater probability of receiving a click than a
property in the last positions and a high price generally discouraged users.

On the other hand, differently from the previous literature by Gavilán et al. [19] and Coba
et al. [20, 21], we found that the average rating had a weak influence on the user’s choice.
Probably, this influence was heavily confounded by the influence of the price because, as stated
by De Langhe et al. [22], average ratings are influenced by price: products tend to have a higher
rating when they have a higher price. Even regarding the number of reviews, we discovered
that this variable did not have a significant effect on user’s choice. This was because above a
threshold, about 35 reviews in our case, the user trusted the average rating, and a larger number
of reviews did not change the user’s perception.
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