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Abstract
We design an information retrieval algorithm that mimics the stochastic behavior of decision-makers (DMs) when evaluating 
the alternatives displayed by an online search engine. The algorithm consists of a decision tree that incorporates all the 1024 
decision nodes that may arise from the information retrieval process of DMs. We calibrate the behavior of the algorithm to 
the one observed from online users and run several sets of 1,000,000 queries. Each query lets DMs decide which subset of 
the ten alternatives composing the initial page of results to click, allowing us to evaluate their behavior as ranking reliability 
is assumed to decrease when DMs decide not to click on an alternative. We compare the click-through rates (CTRs) obtained 
when modifying the degree of ranking reliability derived from the alternatives displayed on the first page of search results. 
We illustrate how the stability of the CTR prevails among the top-ranked alternatives within relatively reliable scenarios 
while it drops when imposing large initial decrements in reliability. The resulting consequences regarding the importance 
of relative ranking positions are analyzed, the top three alternatives exhibiting a generally contained decrease in their CTRs 
that contrasts with the cumulative pattern arising from the fourth position onwards.

Keywords Online search algorithm · Information retrieval · Ranking reliability · Decision tree · Click-through rate

1  Introduction and literature review

Decision-makers (DMs) trust the rankings provided by 
online search engines despite their ignorance about the 
selection process used to generate them [1–3]. The use of 
eye-tracking technology has allowed researchers to illus-
trate how DMs scan alternatives in the order displayed by 

the engine while focusing on the highest-ranked ones [4, 
5]. Empirical analyses dealing with the behavior of DMs 
describe a disproportionate concentration of clicks on the 
first two alternatives, with values decreasing as DMs pro-
ceed further down the ranking [6, 7]. Seminal studies on the 
behavior of search engine users concluded that an average 
of two pages was clicked per query [8, 9].

In addition to the academic evidence provided above, 
institutional bodies such as the European Commission [10] 
have performed opinion polls analyzing the trust of their 
citizens in different information technology applications. 
Figures 1 and 2 present the results from one of these polls, 
highlighting the trust of European users in the rankings dis-
played by online platforms and the effect that these rankings 
have on their behavior.

Formal information retrieval models are constrained by 
the cognitive limits of DMs, who are unable to base their 
behavior on the 3,628,800 permutations derived from the 
ten initial results provided by the engine [11, 12]. Thus, it 
is generally assumed that DMs have limited information 
assimilation capabilities, requiring the introduction of heu-
ristic mechanisms to evaluate the corresponding alternatives 
[13]. Figure 3 describes the average number of terms defined 
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per search query in the United States in 2017 and 2020. The 
queries performed by DMs are not particularly complex, 
though their complexity has increased over time from one 
to two words, with a three-word upper limit constraining 
most searches in both periods.

Therefore, the only requirement that should be imposed 
on the evaluation process of DMs is their trust in the ranking 
delivered by the engine, a constraint conditioning potential 
policy implications [10]. This intuition contrasts with the 
approach followed by the systems literature, which gener-
ally proceeds in the exact opposite way. That is, most papers 
focus on instances dealing with a particular information 
retrieval problem and then compare the results obtained 
with those available from online search engines [14–16]. 
A similar drawback can be associated with one of the main 
research branches dealing with applied online information 
retrieval processes, namely, electronic commerce [17–19].

While the approaches defined in the literature are obvi-
ously valid and extremely helpful, they are subject to the 
observer bias inherent to most experimental frameworks. 
More precisely, users are aware of the fact that their behavior 
is being monitored, which conditions their actual behavior. 
We bypass this potential problem by following a simulation 
approach to the analysis of online search behavior [20, 21]. 
In particular, we focus on the sequential behavior of users 
directly retrieved from their online searches as the objec-
tive to stimulate and mimic. The structure of the resulting 
algorithm can then be modified according to the phenomena 
being analyzed, which constitutes an important requirement 
in the systems literature [22, 23].

We now describe the results from different empirical stud-
ies that analyze the information retrieval behavior of users—
and the subsequent click-through rates (CTRs)—when per-
forming online searches. The results obtained present very 

Fig. 1  Source: European Com-
mission [10]. TNS Opinion, 
April 9, 2016, to April 18, 
2016; 27,969 respondents; 
15 years and older

Fig. 2  Source: European Com-
mission [10]. TNS Opinion, 
April 9, 2016 to April 18, 2016; 
27,969 respondents; 15 years 
and older
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similar CTRs profiles—concentrated on the alternatives dis-
played within the first page of search results—that remain 
consistent through time.

Two main empirical studies dealing with average traffic 
shares and CTRs, performed by Chitika [6] and Dean [7], 
respectively, describe similar search patterns displayed by 
online users. The results are summarized in Table 1. Note 

that we have converted the CTRs presented by Dean [7] 
into average traffic shares to compare both sets of results. 
Besides their similarities, the results described by Chitika 
[6] have been included to highlight the early emphasis 
placed on the initial page of results provided by search 
engines.

In addition, online platforms such as the Advanced Web 
Ranking website (https:// www. advan cedwe brank ing. com/ 
ctrst udy/) provide monthly updated values of the CTRs 
generated by users, allowing to analyze the consistency 
of their search behavior through time. Table 2 presents 
the annual organic click-through rates for international 
desktop searches performed since 2015, while also includ-
ing the most recent results corresponding to April 2021. 
As can be observed, the trends displayed by online users 
remain consistent across time while exhibiting similar 
retrieval patters to those described by Chitika [6] and 
Dean [7]. It should be highlighted that the trends observed 
remain consistent when considering particular countries 
such as Australia, UK and USA.

The consistent focus of DMs on the first three alterna-
tives composing the ranking and its prevalence through 
time are evident throughout the whole set of data. We 
conclude by noting that the small percentage differences 
across time or countries can be easily accounted for by 
adapting the probabilities of our model so as to incorpo-
rate modifications in any of these values.

Fig. 3  The average number of terms defining online search queries 
in the United States: August 2017 vs. January 2020. Data retrieved 
from Statista (https:// www. stati sta. com/ stati stics/ 269740/ number- of- 

search- terms- in- inter net- resea rch- in- the- us/). Original source: key-
worddiscovery.com.

Table 1  Average traffic shares computed by Chitika [6] and Dean [7]

Google Result Page 
Rank

Chitika [6] (%) Dean [7] (%)

1 32.5 26.96
2 17.6 21.00
3 11.4 15.90
4 8.1 11.56
5 6.1 8.08
6 4.4 5.27
7 3.5 3.49
8 3.1 2.64
9 2.6 2.55
10 2.4 2.55
11 1.0 –
12 0.8 –
13 0.7 –
14 0.6 –
15 0.4 –

7531A new algorithm for modeling online search behavior and studying ranking reliability variations

https://www.advancedwebranking.com/ctrstudy/
https://www.advancedwebranking.com/ctrstudy/
https://www.statista.com/statistics/269740/number-of-search-terms-in-internet-research-in-the-us/
https://www.statista.com/statistics/269740/number-of-search-terms-in-internet-research-in-the-us/


1 3

2  Contribution

In the current paper, we mimic the CTR behavior of DMs 
when evaluating the alternatives displayed by a search 
engine. We define a sequential information retrieval algo-
rithm describing the incentives of a DM to click on the alter-
natives ranked on the first page of results after running a 
search query. The only assumption that will be imposed to 
define the evaluation process is the trust placed by DMs in 
the order of the items displayed by the engine. The probabil-
ity of clicking on a given alternative through the decision-
tree structure of the algorithm is then equated to the CTR 
exhibited by online users and sets of 1,000,000 queries are 
simulated and validated according to these values.

After validating the behavior of the algorithm, we illus-
trate the effects from a decrease in the reliability of the rank-
ing as the results provided by the engine do not match the 
characteristics expected by DMs [24, 25]. That is, if after 
a quick assessment the DM decides not to click on a given 
alternative, he will experience a loss of confidence in the 
ranking and a subsequent decrease in the probability of 
clicking on the remaining alternatives as he proceeds down 
the ranking [26, 27]. The resulting effect on the intention of 
DMs to click and evaluate the different alternatives given 
their relative ranking positions will be analyzed.

To the best of our knowledge, the decision-tree algorith-
mic framework presented is completely novel, while being 

solely based on the sequential behavior displayed by online 
users. In this regard, the algorithm can be easily extended to 
incorporate different behavioral constraints determined by 
the specific information retrieval phenomenon being stud-
ied. All in all, the main objective of the paper is to define an 
algorithmic benchmark upon which to validate and extrapo-
late the potential behavior of users through different infor-
mation retrieval scenarios. In addition, when formalizing the 
behavior of DMs, we will define a technical model describ-
ing the interactions that arise as DMs retrieve information 
to evaluate the characteristics of the alternatives displayed 
by a search engine.

The following key points summarize and highlight the 
main contributions of the algorithm introduced through the 
paper:

1. The design of the algorithm is based on a decision model 
that mimics the sequential search behavior of DMs when 
browsing through a set of ranked alternatives. DMs read 
the snippets, interpret them, and decide on which ones 
to click based on how close the characteristics of the 
alternatives are to their preferred ones.

2. The algorithm defines each step of the information 
retrieval process and the subsequent evaluation paths 
that DMs may follow as they proceed through the rank-
ing delivered by the engine. This feature allows DMs to 
go back to previously evaluated alternatives after pro-

Table 2  Annual organic CTRs 
from international desktop 
searches

Source https:// www. advan cedwe brank ing. com/ ctrst udy/

Google Result 
Page Rank

2015 2016 2017 2018 2019 2020 April 2021

1 33.62 33.62 35.24 35.28 34.04 34.7 34.6
2 18.33 17.45 17.81 17.13 16.91 16.77 16.36
3 11.36 10.84 10.81 10.57 10.2 10.15 9.71
4 7.94 7.62 7.42 7.05 6.78 6.83 6.43
5 5.74 5.52 5.34 5.01 4.8 4.87 4.49
6 4.25 4.11 3.99 3.69 3.54 3.6 3.27
7 3.28 3.15 3.07 2.82 2.69 2.74 2.46
8 2.62 2.48 2.41 2.21 2.11 2.16 1.92
9 2.09 1.96 1.92 1.78 1.7 1.74 1.53
10 1.7 1.59 1.61 1.54 1.43 1.46 1.29
11 – 1.4 1.57 1.71 1.36 1.35 1.17
12 – 1.38 1.66 1.94 1.58 1.45 1.2
13 – 1.34 1.66 1.89 1.65 1.5 1.22
14 – 1.26 1.59 1.78 1.54 1.46 1.22
15 – 1.14 1.52 1.69 1.42 1.39 1.2
16 – 1.07 1.43 1.62 1.32 1.3 1.12
17 – 0.96 1.32 1.54 1.2 1.22 1.05
18 – 0.86 1.21 1.45 1.12 1.14 0.97
19 – 0.78 1.12 1.36 1.03 1.06 0.9
20 – 0.68 1.01 1.29 0.95 0.97 0.82
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ceeding further through the ranking or going forward 
and backward to retrieve information before deciding 
what links to click.

3. One of the main advantages of our approach is that entire 
retrieval processes can be generated according to the 
subjective behavioral characteristic of users. In the cur-
rent paper, we calibrate the algorithm so that the prob-
abilities defining the sequential decisions are determined 
by the empirical values of the corresponding CTRs.

4. For comparative purposes, we define basic algorithmic 
structures designed to mimic the CTR behavior observed 
empirically but not to account for the interactions across 
alternatives arising through the different search paths 
that DMs may generate as they retrieve information.

5. Frictions have been introduced to illustrate the inter-
related sequential decision structure of the algorithm 
as the effect from behavioral modifications is carried 
over through the different paths generated. This type of 
pattern cannot be analyzed by algorithms that do not 
incorporate the interactions across alternatives arising 
through DMs’ sequential information retrieval pro-
cesses.

The rest of the paper proceeds as follows. Section 3 high-
lights the main differences between the standard approach of 
computer scientists to formalize information retrieval pro-
cesses and the decision theoretical one implemented in the 
current paper. Section 4 presents a formal decision theoreti-
cal model that provides intuition on the sequential evaluation 
behavior of DMs leading to the actual CTRs observed. Sec-
tion 5 summarizes the basic applications of decision trees to 
formalize sequential decision processes. Section 6 illustrates 
in detail the main properties of the decision-tree structure 
defining the information retrieval process of DMs and the 
algorithmic framework designed to incorporate them. Sec-
tion 7 describes the information retrieval algorithm, whose 
behavior is simulated and validated empirically in Sect. 8. 
Section 9 presents the main managerial implications derived 
from the implementation of the benchmark algorithm. Sec-
tion 10 suggests potential extensions and concludes.

3  Computer science versus decision theory

The approach implemented in the current paper to for-
malize the behavior of DMs differs from those com-
monly applied in the literature on computer science and 
artificial intelligence. The models considered by these 
research areas tend to focus on applications of deep and 
machine learning techniques to extrapolate the behavior 
of DMs given some predetermined characteristics selected 
from their online purchases. The CTRs are estimated by 

applying an artificial intelligence technique to categorize 
DMs based on observed behavior and the subsequent cat-
egories assigned.

More precisely, researchers focus on extracting particu-
lar qualities of the users from the data so as to enhance 
the categorization capacity of the corresponding deep-
learning techniques when predicting CTRs. For instance, 
a recent tendency within the literature consists of incor-
porating into the analysis the interest of users estimated 
from their behavioral data [28, 29]. Moreover, computer 
scientists have recently emphasized the sequential qual-
ity of the retrieval process, namely, the importance of the 
CTR behavior displayed by users at different points in time 
as a major categorization feature [30].

We develop a model built on decision theory and 
expected utility postulates. In particular, we do not cat-
egorize DMs based on their observed characteristics but 
simulate their actual sequential decision processes. By 
doing so, we are able to design an information retrieval 
algorithm that mimics the observed behavior of DMs. The 
algorithm is calibrated so that the probabilities determin-
ing the sequential decisions reflect the actual behavior of 
DMs when deciding which alternatives to click. That is, 
we are generating artificial DMs whose searches give place 
to the information retrieval data used by computer scien-
tists to categorize their behavior via neural networks.

The significance and effectiveness of the proposed 
approach are described below.

1. The decision theoretical model relates the cutoff values 
conditioning the evaluation behavior of DMs to the simi-
larities existing between the linguistic terms observed in 
the snippets and the ideal ones defined by the user.

2. In particular, the cutoff values are determined by the util-
ity that may be obtained from retrieving information on 
a given alternative relative to the potential utility derived 
from acquiring information on the next alternative com-
posing the ranking.

3. The flexibility of the model and the subsequent algo-
rithm allows to modify the subjective behavior of DMs 
at any exact point through the retrieval process and 
evaluate the resulting consequences in terms of CTRs.

4. The model can incorporate signals or any strategic 
incentive into the behavioral profiles of different types 
of DMs and describe how they should be expected to 
behave given their modified characteristics.

Given these features, the output generated by the algo-
rithm constitutes an important addition to the analysis of 
information retrieval processes. In particular, we must 
emphasize that the algorithm provides two different strings 
of data.

7533A new algorithm for modeling online search behavior and studying ranking reliability variations
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On the one hand, it describes the pages clicked by the 
DMs.
On the other hand, and more importantly, the algo-
rithm provides a numerical representation for each of 
the evaluations determining the retrieval behavior of 
DMs. As stated above, this information is not generally 
available, with most empirical studies aiming to extrap-
olate the preferences and evaluations of DMs from the 
retrieval data observed.

Finally, one of the main advantages of our approach 
is the fact that we can generate entire retrieval processes 
based on the subjective behavioral characteristic of users. 
In this regard, we are able to simulate the potential conse-
quences derived from any modification affecting the main 
postulates that define the retrieval behavior of users. This 
result allows for the implementation of machine learning 
techniques to categorize potential information retrieval 
processes using the results derived from the algorithm as a 
benchmark. This quality is particularly useful when relat-
ing the cutoff values defined through the algorithm to the 
actual characteristics of DMs. The following section pre-
sents a simple decision theoretical model that incorporates 
the main behavioral attributes of DMs into the definition 
of these cutoff values.

4  A simple sequential evaluation 
model based on the characteristics 
of the alternatives

Given the evidence presented by the empirical literature on 
the information retrieval behavior of users, we will focus our 
analysis on the ten alternatives composing the initial page 
of results delivered by search engines. The current section 
introduces a simple decision theoretical model that provides 
intuition on the behavior of DMs leading to the actual CTRs 
observed.

The model is simple enough to define a sequential frame-
work where rational DMs lacking information on the char-
acteristics defining the alternatives must assess the descrip-
tions provided by the search engine before deciding on 
which links to click. That is, given the information presented 
in the snippets, the DMs must decide whether to click on an 
alternative so as to gather additional information or proceed 
with the next alternative composing the ranking.

At the same time, the model illustrates the complexity 
inherent to any basic decision framework, with DMs having 
to account for the realizations of the different characteris-
tics and their subsequent expected values, together with the 
evaluation results obtained from the ten potential alterna-
tives that must be considered before making a final decision.

4.1  Formalization and technical assumptions

Assume that the alternatives are composed by two main sets 
of characteristics that take values in two nonempty sets, X1 
and X2. The alternatives evaluated by DMs are therefore 
characterized by a pair (x1, x2) ∈ X1 × X2 . More precisely, 
the alternatives are composed by characteristics that can be 
directly observed and evaluated by reading the snippets, X1 , 
and those that require clicking on the corresponding link to 
be analyzed and evaluated, X2 . The intuition on which such 
an analytical framework is based follows from the search and 
experience attributes defined by Nelson [31] when evaluat-
ing alternatives.

A preference relation ≻ on Xi , i = 1, 2 , is a reflexive, 
complete, and transitive binary relation on Xi . A utility func-
tion ui ∶ Xi → R representing ≻ on Xi satisfies the following 
o r d e r - p r e s e r v i n g  c o n d i t i o n , 
∀x�, x�� ∈ Xi, x

�≻x�� ⇔ ui(x
�) ≥ ui(x

��).

X1 and X2 will be identified with a closed real subin-
terval of [0,+∞) , Xi = [xm

i
, xM

i
] , for i = 1, 2 , such that 

0 < xm
i
< xM

i
 . We endow Xi with the standard Euclid-

ean topology and assume that the standard linear order 
< constitutes the preference relation defined on Xi . Both 
features allow us to assume strictly increasing and continu-
ous ui functions. As a result, the function u ∶ X1 × X2 → R 
defined by u(x1, x2) = u1(x1) + u2(x2), ∀(x1, x2) ∈ X1 × X2, 
is increasing. Moreover, u(x1, x2) induces and represents an 
additive preference relation on X1 × X2.

Abusing notation, we will interpret Xi as a continu-
ous random variable with associated probability densities 
fi ∶ Xi → [0, 1]. Intuitively, fi(xi) describes the subjective 
probability assigned to the i th characteristic of a randomly 
evaluated alternative being xi ∈ Xi. We will assume that 
the densities are independent, though this assumption can 
be modified to incorporate correlated characteristics to the 
analysis.

4.2  Expected evaluation utilities

In this section, we introduce two functions describing the 
expected utilities obtained from the information retrieval 
processes implemented by DMs. Consider the behavior of 
a DM when evaluating an alternative denoted by J. After 
observing the value of the initial characteristics of J, the DM 
must decide between either clicking on the link and continu-
ing the evaluation of J, or proceeding with the next alterna-
tive composing the ranking. The corresponding decision is 
determined by the value x1 ∈ X1 observed for J.

An important remark follows. In order to simplify the 
presentation, we study the case where the alternatives are 
defined by a unique characteristic within both X1 and X2 . 

7534 D. Di Caprio et al.
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Considering a unique xi ∈ Xi , for i = 1, 2 , implies that 
we will not analyze potential developments of the model 
incorporating, for instance, the convolution of probabil-
ity distributions, but assume that the DM assigns a utility 
to the alternatives based on the relative distance of each 
characteristic from the best potential evaluation that could 
be observed. We elaborate on the consequences from this 
assumption at the end of the current section.

The first evaluation function describes the utility 
derived from the characteristics observed in the snippets, 
x1 , relative to their best potential values, xM

1
 , together 

with the set of relative potential realizations of the second 
characteristic, x2 ∈ [xm

2
, xM

2
] , that may be observed when 

acquiring additional information on the alternative

with

Note that we have simplified the analysis by defining 
linear utilities to formalize the evaluation of the relative 
distances existing within characteristics. This assump-
tion can be relaxed to account for non-linear relationships 
determined by the relative distances, which would require 
defining the corresponding certainty equivalent values, 
cei = u−1

i

(

Ei

)

 , instead of the expected utility ones, Ei , for 
i = 1, 2 , when incorporating a reference alternative to the 
analysis.

Given the lack of information regarding the distribution 
of characteristics, we will assume that the DM assigns 
a uniform distribution to its potential realizations within 
the interval [xm

i
, xM

i
], for i = 1, 2 . Uniform distributions 

account for the highest information entropy that follows 
from the complete uncertainty faced by the DM regarding 
the set of potential realizations that may be observed [32].

The utility received by the DM when evaluating the first 
characteristic from a given alternative is therefore given by

On the other hand, the expected utility derived from 
randomly evaluating any of the alternatives composing the 
ranking is defined as follows

(1)U(x1, x2)
def
= u1(x1) + ∫

x2∈X2

�2(x2)
(

u2(x2)
)

dx2

(2)u1(x1) =
x1 − xm

1

xM
1
− xm

1

, x1 ∈ X1

(3)

E2 = ∫
x2∈X2

�2(x2)
(

u2(x2)
)

dx2 = ∫
x2∈X2

f (x2)

(

x2 − xm
2

xM
2
− xm

2

)

dx2, x2 ∈ X2

(4)U(x1, x2)
def
=

(

x1 − xm
1

xM
1
− xm

1

)

+ ∫
x2∈X2

f (x2)

(

x2 − xm
2

xM
2
− xm

2

)

dx2

with � ∈ [1, 2] representing the compensation, in utility 
terms, required by the DMs for the uncertainty faced when 
evaluating an alternative whose second set of characteris-
tics is unknown at the time the decision is being made [33]. 
Given the trust exhibited by DMs regarding the rankings 
provided by search engines, it can be assumed that the value 
of � increases as DMs proceed through the alternatives com-
posing ranking.

Substituting the values of the corresponding expressions 
within Eq. (5) we obtain

For illustrative purposes, consider a scenario where the 
characteristics defining the alternatives are uniformly dis-
tributed within the interval [0, 10]. In this case, the normal-
ized expected values of both X1 and X2 equal 0.5. Clearly, 
U(x1, x2) ∈ [0.5, 1.5] and C(x1, x2,�) ∈ [1, 1.5] , with the 
value of � ∈ [1, 2] determined by the trust placed on the 
alternative evaluated being able to satisfy the subjective 
preferences of the DM based on its relative ranking position.

The model has been designed to compute the value of 
� ∈ [1, 2] such that U(x1, x2) and C(x1, x2,�) cross at the 
value of x1 required to generate the CTRs observed for each 
alternative based on their relative ranking positions. In this 
regard, the expression (2 − φ) describes the degree of trust 
placed by DMs on the alternative being evaluated as a func-
tion of its relative ranking position. In other words, the cut-
off values determining the information retrieval behavior of 
DMs through the different algorithmic structures defined in 
the paper correspond to the x1 generated by the subjective 
� assigned by DMs to each alternative based on its ranking 
position.

Consider, for instance, the CTRs provided by Dean [7] 
and presented in the second column of Table 5. The value 
of � obtained when x1 = 0.68 is equal to 1.36. Similarly, a 
value of x1 = 0.75 implies � = 1.5, while x1 = 0.97 requires 
� = 1.94 . Figure 4 illustrates the limit evaluation thresholds 
defined by U(x1, x2) and C(x1, x2,�) , which are based on the 
values of x1 determined by � as DMs proceed through the 
ranking.

We must highlight that if we were to introduce the convo-
lution of several random variables by assuming that multiple 
characteristics are included within both X1 and X2 that the 

(5)

C(x1, x2,�)
def
= ∫

x1∈X1

�1(x1)
(

u1(x1)
)

dx1 + � ∫
x2∈X2

�2(x2)
(

u2(x2)
)

dx2

(6)

C(x1, x2,�)
def
= ∫

x1∈X1

f (x1)

(

x1 − xm
1

xM
1
− xm

1

)

dx1

+� ∫
x2∈X2

f (x2)

(

x2 − xm
2

xM
2
− xm

2

)

dx2
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main retrieval setting and analyses would remain qualita-
tively unchanged, only quantitative modifications regarding 
the value  � would arise. We are, however, not trying to 
develop an exhaustive model describing how the accept-
ance probabilities are generated but simply assuming that 
the similar behavior observed in the different analyses of 
CTRs allows for a direct extrapolation into a formal setting. 
However, even within a simplified decision setting such as 
the one presented in this section, we must assume that DMs 
account for the effects of multiple variables determining 
their information retrieval behavior within each decision 
node.

5  Decision trees and information retrieval

Decision trees constitute a standard instrument of analysis 
within the operational research literature [34, 35]. Their 
relatively simple structure and malleability make them 
extremely useful when formalizing sequential decision pro-
cesses, evolving into the random forest techniques currently 
applied in machine learning environments [36, 37]. The 
design of decision trees specific to the online information 
retrieval behavior of DMs is surprisingly sparse. That is, 
despite the empirical evidence illustrating that DMs follow a 
decision-tree-like evaluation structure when acquiring infor-
mation online, researchers have not aimed at its structural 
formalization.

The apparent simplicity of the task may be a reason for 
the prevalence of this research gap. DMs could be assumed 
to follow a decision-tree retrieval process easily formal-
ized given the heuristic behavior generally assumed on 
bounded rational agents with a limited capacity to observe 

and assimilate information [38, 39]. Indeed, absent cognitive 
frictions, the retrieval formalization may seem straightfor-
ward from a computational viewpoint, requiring the simu-
lation of ten independent random variables, each of them 
assigned a different cutoff value. This type of simulation 
would produce processes consisting of ten potential evalua-
tions—from a tree composed of 21 nodes—absent any rela-
tionship or interactions among the alternatives. We could 
only claim the mimicking quality of the model while being 
unable to illustrate the effects following any evaluation deci-
sion made through the sequential retrieval process.

In other words, the empirical analyses of the online 
search behavior of users, such as those of Dean [7] and 
the Advanced Web Ranking website, describe the CTRs 
obtained from a given number of search queries, which are 
defined as follows

Given the fact that each run of the algorithm can be natu-
rally considered to equate a search query by a DM, Eq. (7) 
implies that a simple algorithm such as the one presented 
in Fig. 5 suffices to generate the CTRs observed in real-life 
environments. Clearly, the algorithm assumes that DMs con-
sider evaluating all ten alternatives based on a predetermined 
set of probabilities while omitting the potential interactions 
arising from the information retrieved. We elaborate on this 
important feature and its consequences regarding formal-
izing information retrieval processes throughout the next 
section.

6  Mimicking algorithms and interactions 
across alternatives

We proceed with an important remark involving the results 
generated by the main algorithms analyzed through the 
paper. The simplest algorithm, where DMs are assumed to 
perform ten independent searches—with a predetermined 
cutoff value defined for each alternative –, and the com-
plete framework where DMs aim at observing ten satisfy-
ing alternatives (out of a total of ten available ones) both 
lead to the same stochastic structure and deliver the same 
CTRs. That is, both algorithms are capable of generating a 
set of CTRs that mimics the actual behavior observed among 
online users.

The intuition for this result is that aiming to evaluate the 
whole set of alternatives composing the ranking implies 
that the probability of considering each one of them equals 
one. This fact suggests that the complete algorithm gener-
ates the same stochastic evaluation framework as the one 

(7)
CTR of alternative i =

Number of users clicking on the link to alternative i

Number of users performing a search
,

i = 1,… , 10.

Fig. 4  Limit evaluation thresholds defined for different � require-
ments determining x1
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defined by the simplest algorithm, where 10 alternatives are 
independently considered with probability one, each click-
ing decision determined by a predetermined cutoff value. 
However, in the latter case, the DM cannot condition his 
retrieval behavior on the evaluations of the alternatives 
observed previously.

Figure 6 describes the algorithmic structure of the sim-
plest retrieval process that may be defined to replicate the 
CTR behavior observed. This basic model describes realiza-
tions from ten independent random variables, each alterna-
tive assigned a cutoff value, pi, i = 1, ..., 10 , determining the 
behavior of the DM. A sufficiently large number of realiza-
tions would reflect the exact value of the cutoff, as stated 
by the law of large numbers. However, as can be intuitively 
understood, the retrieval behavior determining the structure 

of the simplest and complete algorithms is substantially dif-
ferent. The latter scenario is closer to an actual sequential 
evaluation process.

nrows = 20;
ncols = 1000000;
A = zeros(nrows,ncols);
for i = 1 

for j = 1:ncols
A(i,j)= rand(1);     
if A(i,j)>0.68
A(11,j)=1;
end

A(i+1,j)= rand(1); 
if A(i+1,j)>0.75
A(12,j)=2;
end

A(i+2,j)= rand(1); 
if A(i+2,j)>0.81
A(13,j)=3;
end

A(i+3,j)= rand(1);
if A(i+3,j)>0.86
A(14,j)=4;
end

A(i+4,j)= rand(1);
if A(i+4,j)>0.90
A(15,j)=5;
end

A(i+5,j)= rand(1);
if A(i+5,j)>0.94
A(16,j)=6;
end

A(i+6,j)= rand(1); 
if A(i+6,j)>0.96
A(17,j)=7;
end

A(i+7,j)= rand(1);
if A(i+7,j)>0.97
A(18,j)=8;
end

A(i+8,j)= rand(1); 
if A(i+8,j)>0.97
A(19,j)=9;
end

A(i+9,j)= rand(1); 
if A(i+9,j)>0.97
A(20,j)=10;
end

end
end

Fig. 5  Code of the simple algorithm delivering the CTRs observed 
empirically but lacking interactions across alternatives and evalua-
tions

Fig. 6  Structure of the simple 
algorithm delivering the CTRs 
observed empirically but lack-
ing interactions across alterna-
tives and evaluations
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The CTRs obtained and the ranking positions of the alter-
natives being evaluated are reported in Table 3. The similari-
ties with the complete algorithm introduced in the current 
paper will become evident in Sect. 8. Thus, while generat-
ing identical CTRs to those observed in real-life evaluation 
scenarios is an almost trivial problem, incorporating the set 
of potential interactions across variables requires the design 
and implementation of a much more complex algorithmic 
structure.

6.1  Formalizing the set of potential paths

We provide additional intuition illustrating the main dif-
ferences between both types of algorithms by describing 
the case where DMs must either consider evaluating one 
alternative or find a satisfying alternative within the first ten 
provided by a search engine. A significant conceptual dif-
ference exists between the basic setting described in Figs. 7 
and 8 and the approach defined in the current paper. DMs 
consider evaluating every potential alternative until they find 
one that satisfies their subjective preferences. In the former 
case, DMs are constrained to consider a unique alternative 
since assuming that the alternative evaluated is not neces-
sarily the first one observed requires defining the whole set 
of paths that may be followed by the DM depending on the 
realizations observed. Figures 9 and 10 present the decision 
tree and the corresponding code describing the complete 
evaluation structure for a cutoff value of 0.5.

As can be expected, the differences in the CTRs gener-
ated by both algorithms are considerable. The results are 

summarized in the first two columns of Table 4 for a total 
of 1,000,000 queries per algorithmic framework. The CTRs 
derived from the algorithm defining the complete retrieval 
process are significantly more complete than those from the 
basic setting. DMs observe the alternatives in the order dis-
played by the engine and evaluate the first one that satisfies 
their predetermined requirements. The alternative selected is 
not necessarily the one located in the first ranking position, 

Table 3  CTRs derived from the 
simple mimicking algorithm 
lacking interactions across 
alternatives and evaluations

CTR Simple Mimic

Avg 1.1893
1 0.3194
2 0.2503
3 0.1901
4 0.1396
5 0.0998
6 0.0599
7 0.0400
8 0.0298
9 0.0302

Fig. 7  Decision tree when DMs 
observe one alternative

nrows = 20;
ncols = 1000000;
A = zeros(nrows,ncols);
for i = 1 

for j = 1:ncols
A(i,j)= rand(1);     
if A(i,j)>0.5
A(11,j)=1;
end

end
end

Fig. 8  Code for the simple algorithm when DMs observe only one 
alternative

Fig. 9  Decision tree when DMs aims at finding one satisfying alter-
native out of ten
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implying that DMs may eventually evaluate any of the ten 
alternatives composing the ranking.

An important remark follows. The fact that DMs trust 
the rankings displayed by the engines does not mean that 
they follow them blindly. It simply means that DMs proceed 
through the ranking in the order displayed and apply their 
corresponding selection criteria when deciding on which 
alternatives to click. The alternatives located in the initial 
positions of the ranking are clicked with a higher probability 
but do not constitute the whole set of evaluations defining 
the CTRs. If this were the case, and given the fact that users 
evaluate an average of two alternatives per search query [8, 
9], all clicks would be concentrated on the first two alterna-
tives, which would each display a CTR of 100%.

6.2  Returning to previous alternatives 
through the ranking

An important characteristic of our algorithmic setting is 
that it allows DMs to consider the whole set of alternatives 
composing the initial page of results over different itera-
tions. The enhanced structure of the algorithm, designed to 
reflect the whole set of evaluation paths that may be gener-
ated in a sequential search process, allows simulating the 
actual behavior of DMs who decide not to evaluate a given 
alternative but return to it after proceeding further through 
the ranking. Including such a possibility requires the algo-
rithm to consider the whole set of potential paths that the 
DMs may follow. An example of this type of behavior is 

Fig. 10  Code for the complete 
algorithm when DMs aim at 
finding one satisfying alterna-
tive within the first ten

nrows = 20;
ncols = 1000000;
A = zeros(nrows,ncols);
for i = 1 

for j = 1:ncols
A(i,j)= rand(1);     
if A(i,j)>0.5
A(11,j)=1;

else
A(i+1,j)= rand(1); 
if A(i+1,j)>0.5
A(11,j)=2;
else
A(i+2,j)= rand(1); 
if A(i+2,j)>0.5
A(11,j)=3;
else
A(i+3,j)= rand(1);
if A(i+3,j)>0.5
A(11,j)=4;

else
A(i+4,j)= rand(1);
if A(i+4,j)>0.5
A(11,j)=5;

else
A(i+5,j)= rand(1);
if A(i+5,j)>0.5
A(11,j)=6;

else
A(i+6,j)= rand(1); 
if A(i+6,j)>0.5
A(11,j)=7;

else
A(i+7,j)= rand(1);
if A(i+7,j)>0.5
A(11,j)=8;

else
A(i+8,j)= rand(1); 
if A(i+8,j)>0.5
A(11,j)=9;

else
A(i+9,j)= rand(1); 
if A(i+9,j)>0.5
A(11,j)=10;
end

end
end

end
end

end
end

end
end

end
end
end
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provided in Fig. 11, where DMs reconsider evaluating the 
second alternative after reaching the fourth one.

Figure 11 describes the modifications implemented to the 
code of the complete algorithm described in Fig. 10 to allow 
DMs to return to the second alternative after observing the 
realization of the fourth one and deciding to proceed through 
the ranking. The framework analyzed corresponds to a DM 
who aims at observing one satisfying alternative under com-
plete uncertainty. That is, the cutoff value required to evalu-
ate each alternative equals 0.5. Figure 11a and b describe 
a scenario where the second alternative is evaluated with a 
lower probability than the original benchmark, namely, 40% 
in contrast to the previous 50%. Thus, after deciding whether 
or not to click on the fourth alternative, the DM returns to 
the second one and considers, once again, evaluating it. Note 
that, to preserve the same CTRs as in the original setting, we 
must adapt the evaluation probabilities and account for the 
fact that the number of alternatives remaining to be evalu-
ated in the fourth position is lower than those available when 
considering the second alternative the first time.

In particular, the third column of Table 4 illustrates how 
the CTR of the third alternative increases relative to the ini-
tial benchmark, given the larger number of evaluations of 
the second alternative declined by the DM. Further modi-
fications are required to compensate for this fact, as illus-
trated in Fig. 11b—where all the probabilities have been 
adjusted accordingly—, and the fourth column of Table 4. 
We should note that the probabilities assigned to revisiting 
the second alternative have been computed within a rela-
tively simple evaluation scenario, that is, finding one alterna-
tive that satisfies a predetermined criterion under complete 
uncertainty. In this case, the required probabilities can be 
intuitively computed by applying the law of large numbers 
to the alternatives that must be considered at each decision 
node. The evaluation framework and subsequent compensa-
tion schemes become increasingly complex as we require 
DMs to find additional satisfying alternatives.

6.3  Introducing frictions

We have designed our information retrieval algorithm as 
an increasingly complex tree incorporating all the decision 
nodes that may arise from the information retrieval process 
of DMs [40]. In particular, the inclusion of frictions requires 
defining every potential retrieval path that may be followed 
by a DM when proceeding through the ranking delivered by 
the search engine. Below, we provide an intuitive, though 
extended, description of the retrieval and evaluation process 
faced by a DM.

The main characteristics of the decision tree defined to 
replicate the CTR behavior of DMs can be summarized as 

Table 4  CTRs obtained from the simple, complete, return, and return 
with adjusted probability algorithms when DMs aims at finding one 
satisfying alternative within the first ten

CTR Simple Complete Return Return adjusted

Avg 0.5005 0.9990 0.9995 0.9991
1 0.5005 0.4992 0.4999 0.5002
2 – 0.2504 0.2452 0.2504
3 – 0.1256 0.1500 0.1259
4 – 0.0625 0.0749 0.0626
5 – 0.0313 0.0150 0.0304
6 – 0.0155 0.0075 0.0152
7 – 0.0078 0.0037 0.0076
8 – 0.0038 0.0019 0.0038
9 – 0.0019 9.5350e−04 0.0019
10 – 9.9000e−04 4.8100e−04 9.6900e−04

A(i+1,j)= rand(1); 
if A(i+1,j)>0.6
A(11,j)=2;

else
A(i+2,j)= rand(1); 
if A(i+2,j)>0.5
A(11,j)=3;

else
A(i+3,j)= rand(1);
if A(i+3,j)>0.5
A(11,j)=4;

else
if A(i+3,j)>0.2
A(11,j)=2;

else

(a) Return code modification

A(i+1,j)= rand(1); 
if A(i+1,j)>0.6
A(11,j)=2;

else
A(i+2,j)= rand(1); 
if A(i+2,j)>0.58
A(11,j)=3;

else
A(i+3,j)= rand(1);
if A(i+3,j)>0.64
A(11,j)=4;

else
if A(i+3,j)>0.35
A(11,j)=2;

else

(b) Return code with adjusted probability modification 

Fig. 11  Code modification for the complete algorithm when DMs 
aims at finding one satisfying alternative within the first ten: return-
ing to the second alternative after observing the realization of the 
fourth one and deciding to proceed through the ranking
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follows. The tree is composed of 210 − 1 = 1023 binary 
decision nodes and has a total of 

∑10

n=0
2n = 2047 nodes. 

Incorporating an additional alternative, namely, account-
ing for eleven potential evaluations, would require defining 
211 − 1 = 2047 decision nodes within a tree composed of 
4095 nodes. As the empirical average traffic shares and CTR 
percentages described in Tables 1 and 2 illustrate, the gain 
obtained in terms of the algorithm’s explanatory capacity is 
marginal compared to the computational complexity derived 
from the inclusion of the additional nodes required to simu-
late the behavior of DMs.

Consider now the initial decision that must be made by 
the DM, namely, retrieving information from the first alter-
native ranked by the engine. The DM observes the informa-
tion provided by the engine and must decide whether or not 
to click on the alternative displayed. If the DM considers 
the information in line with his preferences, he clicks on the 
alternative and evaluates the corresponding linked website. 
After evaluating the website, the DM faces the second alter-
native displayed by the engine absent frictions.

Before deciding whether to click on the first alternative, 
two potential paths open for the DM, if clicking, the credibil-
ity of the ranking remains unchanged. Given his trust in the 
engine, the DM believes that the alternative ranked second 
is less likely to align with his preferences than the first place. 
On the other hand, if he does not click on the first alternative 
due to a misalignment with his preferences, friction may 
be introduced into the retrieval process, emphasizing the 
decrease in ranking credibility.

These two paths must be incorporated into the subsequent 
retrieval process. Note that, within each of them, the DM 
must consider two potential outcomes—depending on the 
alignment of the second alternative with his preferences—
and the corresponding frictions added to the resulting paths. 
The process must be repeated for each of these four paths, 
the successive eight ones, and so on until the last ranking 
alternative is reached.

It should be emphasized that the intensity of the frictions 
incorporated into the retrieval process depends on the num-
ber of alternatives misaligned with the preferences of the 
DM and their respective ranking positions. That is, prevail-
ing frictions have different effects depending on the point 
they are introduced in the retrieval process. A compensating 
mechanism could be introduced as the DM observes alterna-
tives aligned with his preferences, an extension that can be 
easily incorporated within the structural framework of the 
model.

The algorithm becomes increasingly complex as addi-
tional paths arise from each potential node composing the 
tree, determined by the different combinations of misaligned 
alternatives and their ranking positions. All in all, DMs gen-
erate a decision tree with multiple paths and nodes, each 

accounting for the potential frictions arising through the 
retrieval process. The absence-of-frictions framework can 
be collapsed into a simple decision tree algorithm, lacking 
all the interactions that may arise through the information 
retrieval process of DMs.

An important remark is due here. It could be assumed 
that the characteristics of the websites linked affect the will-
ingness of the DM to continue acquiring information. That 
is, after clicking on an alternative and evaluating the con-
tent of the linked website, the DM verifies whether or not it 
aligns with his preferences. If it does not, we may assume 
that misalignment leads to friction, a feature that can be 
incorporated into the retrieval algorithm. This modification 
would increase its complexity, but the resulting framework 
could be calibrated so that its mimicking quality prevails. 
In particular, this extension would double the set of paths 
that must be analyzed, one relating to whether to click on an 
alternative and the other to the content of the linked website.

A similar intuition follows from the searches performed 
by academic scholars when gathering information on a given 
research topic. After inputting the keywords, we obtain a 
rank of documents from which we can observe the title, 
authors, journal, some lines from the abstract, and basic 
metrics. We decide whether to click on the link and retrieve 
additional information on the corresponding document 
based on this information. If we observe several unrelated 
documents, we may consider redefining the keywords used 
to perform the search. We can also filter the results to some 
extent, but consumers browsing through the alternatives 
displayed by a search engine are generally unable to do so.

7  The information retrieval algorithm

A basic description of the benchmark information retrieval 
algorithm is provided in Fig. 12, while Fig. 13 outlines its 
codified structure. As was the case in the examples described 
through the previous sections, the sequential structure 
described in these figures considers each alternative in the 
order displayed by the engine. A random value drawn from a 
uniform distribution defined within [0, 1] is assigned to each 
of the ten alternatives composing the first page of results 
per query.

A cutoff value denoted by pi, i = 1, ..., 10 , is defined for 
each alternative depending on its ranking position. The 
behavior of the DM is determined by the randomly defined 
fact of whether or not the realization assigned to each alter-
native is higher or lower than the respective cutoff values. 
The DM clicks on the alternative and proceeds with the next 
one, absent any search frictions if it is higher. If it is lower, 
the DM does not click on the alternative but still considers 
evaluating the next one; he does so; however, with friction 
added to the subsequent cutoff values.
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Frictions arise when a given evaluation does not align 
with the DM’s preferences, decreasing the user’s confidence 
in the ranking provided by the engine. That is, search fric-
tions, denoted by ci, i = 1, ..., 9 , with ci < ci+1 , arise after 
deciding not to click on a given alternative. Frictions, which 
increase as users lose confidence in the ranking, describe the 
path followed by DMs in terms of the number of preference 
misalignments and their relative ranking positions. Thus, 
each query may lead to multiple paths depending on which 
alternatives are clicked by the DM, their ranking positions, 
and the value of the frictions.

Note that all the interactions taking place among the 
potential evaluations must be completely defined. Each time 
the DM makes an actual decision, he is following one of two 
potential paths defined at each node. All the potential paths 
arising from each node must be defined and accounted for 
as part of the process. The effect from three evaluations that 
are not aligned with the preferences of DMs differs sub-
stantially—regarding the outcome obtained—depending on 
where they are located within the search process. This fun-
damental subtlety defines the main problem at hand.

The numerical analysis assesses the capacity of the model 
to replicate the actual behavior observed among online users, 
while different friction values are introduced depending on 
the performance of the evaluation process relative to the 
requirements of the DM. The algorithm has been coded and 
runs using Matlab software.

8  Numerical simulations

The intuition on which the algorithm is built follows directly 
from the sequential behavior observed among online users. 
We calibrate the algorithm using the empirical analysis of 
Dean [7], who computed the CTRs of the organic results 
ranked in the first Google page from a sample of five mil-
lion queries. The corresponding CTRs are presented in the 
second column of Table 5. As illustrated in Table 1, though 
not identical, the average traffic shares of the Google ranking 
results described by Chitika [6] are quite similar.

We have also developed a battery of scenarios designed 
to evaluate the CTR behavior of DMs when their confidence 
in the ranking provided by the engine decreases, affecting 
their willingness to click on the alternatives displayed. The 
sets of cutoff values and search frictions defining the differ-
ent evaluation scenarios analyzed are described in Table 6. 
Table 5 compares the CTRs obtained by Dean [7] with those 
derived from implementing these evaluation scenarios.

Each column describes the results obtained from simulat-
ing 1,000,000 runs over 10 potential alternatives. The num-
ber of runs has been chosen to guarantee the converge of the 
CTRs to the cutoff values defining the respective friction-
less settings. More precisely, the columns denoted by ‘None’ 
assume zero search frictions and are used to validate the 
behavior of the algorithm as it converges to the cutoff values 
defined by the respective benchmarks. In this regard, the 

Fig. 12  Structure of the CTR benchmark evaluation algorithm
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‘None’ column within the [p1,…, p10] = [68,…, 97] scenario 
represents the calibration benchmark based on the results 
reported by Dean [7].

The second and third scenarios considered constitute 
intuitive validation sequences, with the probability of click-
ing decreasing from 90 to 5% and from 50 to 5% as the DM 
proceeds down the ranking, respectively. These scenarios 
provide higher flexibility when analyzing the cumulative 
effects that frictions have on the information retrieval behav-
ior of DMs. In addition, they could be assumed to reflect 
different degrees of trust in the rankings delivered by the 

search engines, ranging from an initially confident to a more 
neutral approach.

Regarding search frictions, the first two subsets define 
small progressive increments in the probability of rejection. 
They have been specifically introduced to test the behavior 
of the algorithm within the [p1,…, p10] = [68,…, 97] sce-
nario. The same intuition applies to the three remaining sub-
sets, with the final one constituting the largest cumulative 
increment in rejection probabilities. To provide additional 
intuition regarding the output from the simulations, Table 7 
presents the stochastic realizations and the corresponding 

Fig. 13  Codified structure of 
the CTR benchmark evaluation 
algorithm

generate random uniformi

if random uniformi > pi

page is visited and evaluated;
random uniformi+1;

if random uniformi+1 > pi+1

page is visited and evaluated;
random uniformi+2;

if random uniformi+2 > pi+2

……
else
if random uniformi+2 > pi+2 + c1

page is visited and evaluated;
random uniformi+3;

if random uniformi+3 > pi+3 + c1

page is visited and evaluated;
random uniformi+4;
….

else
random uniformi+4;
if random uniformi+4 > pi+4 + c2

page is visited and evaluated;
random uniformi+5;
….

else
if random uniformi+3 > pi+3 + c2

page is visited and evaluated;
random uniformi+4;
….

else
if random uniformi+1 > pi+1 + c1

page is visited and evaluated;
random uniformi+2;

if random uniformi+2 > pi+2 + c1

page is visited and evaluated;
random uniformi+2;
….

end 
end 

end 
end

end
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Table 5  Comparing CTRs across different scenarios

All numbers indicate percentages, except the Avg row, which describes the average number of pages clicked per search

Scenario [p1,…, p10] = [68,…, 97] [p1,…, p10] = [10,…, 95] [p1,…, p10] = [50,…, 95]

[c1,…, c9] [c1,…, c9] [c1,…, c9]

CTR Dean [7] None 0.2–1.8 0.5–4.5 5–10 10–15 5–45 None 5–10 10–15 5–45 None 5–10 10–15 5–45

Avg 1.19 1.12 1.02 0.78 0.62 0.68 4.55 4.16 3.92 3.96 2.75 2.18 1.86 1.82
1 31.7 32.02 32.07 32.01 31.96 31.91 31.98 90.00 89.99 90.06 89.99 50.07 50.02 50.02 49.95
2 24.7 24.98 24.85 24.72 21.61 18.15 21.56 80.00 79.47 79.04 79.55 45.07 42.48 40.00 42.44
3 18.7 19.03 18.73 18.20 13.82 9.23 11.66 69.96 68.61 67.15 68.44 40.05 35.81 31.94 34.65
4 13.6 13.98 13.58 12.93 7.76 2.73 2.76 60.07 57.38 54.92 56.89 34.96 29.69 25.01 26.32
5 9.5 9.99 9.41 8.46 2.75 0 0.14 50.00 46.15 42.64 44.73 30.01 23.77 18.57 17.68
6 6.2 6.02 5.17 3.96 0 0 0 39.97 35.05 30.79 32.00 25.03 17.86 12.75 8.59
7 4.1 3.99 2.97 1.51 0 0 0 30.01 24.04 19.19 18.62 20.05 11.99 6.77 1.96
8 3.1 2.98 1.84 0.17 0 0 0 19.96 13.10 8.03 5.45 15.04 6.21 0.98 0.17
9 3 3 1.63 0 0 0 0 10.02 2.18 0 0.18 10.02 0.58 0 0
10 3 3 1.43 0 0 0 0 5.01 0 0 0 4.96 0 0 0

Table 6  Cutoff values and 
search frictions defining the 
evaluation scenarios

All numbers indicate percentages

Evaluation scenarios
[

p1, p2, p3, p4, p5, p6, p7, p8, p9, p10
] [

c1, c2, c3, c4, c5, c6, c7, c8, c9
]

[68, 75, 81, 86, 90, 94, 96, 97, 97, 97] [0.2, 0.4, 0.6, 0.8, 1, 1.2, 1.4, 1.6, 1.8]

[10, 20, 30, 40, 50, 60, 70, 80, 90, 95] [0.5, 1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5]

[50, 55, 60, 65, 70, 75, 80, 85, 90, 95] [5, 6, 7, 8, 9, 10, 10, 10, 10]

[10, 11, 12, 13, 14, 15, 15, 15, 15]

[5, 10, 15, 20, 25, 30, 35, 40, 45]

Table 7  Simulation sample 
from the [p1,…, p10] = [10,…, 
95] and [c1,…, c9] = None 
scenario

Search Queries

Stochastic realizations 0.815 0.158 0.656 0.706 0.439 0.276 0.751 0.841 0.352 0.076
0.906 0.971 0.036 0.032 0.382 0.680 0.255 0.254 0.831 0.054
0.127 0.957 0.849 0.277 0.766 0.655 0.506 0.814 0.585 0.531
0.913 0.485 0.934 0.046 0.795 0.163 0.699 0.244 0.550 0.779
0.632 0.800 0.679 0.097 0.187 0.119 0.891 0.929 0.917 0.934
0.098 0.142 0.758 0.823 0.49 0.498 0.959 0.350 0.286 0.130
0.278 0.422 0.743 0.695 0.446 0.960 0.547 0.197 0.757 0.569
0.547 0.916 0.392 0.317 0.646 0.340 0.139 0.251 0.754 0.469
0.958 0.792 0.655 0.950 0.709 0.585 0.149 0.616 0.380 0.012
0.965 0.959 0.171 0.034 0.755 0.224 0.258 0.473 0.568 0.337

Pages clicked 1 1 1 1 1 1 1 1 1 3
2 2 3 6 2 2 2 2 2 4
4 3 4 9 3 3 3 3 3 5
5 4 5 0 4 7 4 5 4 0
9 5 6 0 0 0 5 0 5 0
10 8 7 0 0 0 6 0 7 0
0 10 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
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pages clicked by the DM for ten queries of the [p1,…, 
p10] = [10,…, 95] and [c1,…, c9] = None scenario.

8.1  Analysis of the click‑through rates

The numerical results illustrate that the worst performances 
in all scenarios arise from the [c1,…, c9] = [10,…, 15] fric-
tion framework. This result follows from the significant 
initial increment in the probability of rejection, an effect 
that dominates the higher cumulative rejection probability 
defined by [c1,…, c9] = [5,…, 45]. Also, note the substantial 
decrease in the average number of pages clicked within these 
friction frameworks, a consistent effect throughout all the 
scenarios as described in the fourth row of Table 5.

The [p1,…, p10] = [68,…, 97] and [p1,…, p10] = [50,…, 
95] scenarios perform considerably worse than [p1,…, 
p10] = [10,…, 95] due to the higher rejection probabilities 
derived from identical search frictions. In other words, the 
[p1,…, p10] = [10,…, 95] scenario allows for a larger set of 
pages to be clicked with higher probability throughout the 
evaluation process, preserving similarities relative to the 
frictionless case halfway through its rankings.

We now analyze the [p1,…, p10] = [68,…, 97] scenario 
and highlight the importance of being placed within the first 
five ranking positions when accounting for search frictions. 
Note that [c1,…, c9] = [0.5,…, 4.5] performs relatively worse 
than [c1,…, c9] = [0.2,…, 1.8] only within the second half 
of ranked alternatives. Thus, despite the larger search fric-
tions, the number of initial pages clicked remains almost 
unchanged, as also illustrated in the other scenarios when 
comparing the [c1,…, c9] = [5,…, 10] and [c1,…, c9] = [5,…, 
45] frameworks, emphasizing the importance of the initial 
increments in rejection probability—while noting the actual 
cumulative divergences arising as the DM proceeds further 
down the set of ranked alternatives.

In order to provide additional intuition, Fig. 14 illustrates 
the percentage differences in the number of pages clicked 
relative to the frictionless framework for all scenarios. The 
horizontal axis represents the ranking position of the page 
analyzed, while the vertical axis corresponds to the num-
ber of pages of difference in percentage terms. The analysis 
focuses on the tendencies displayed by the [c1,…, c9] = [5,…, 
10], [c1,…, c9] = [10,…, 15] and [c1,…, c9] = [5,…, 45] 
search friction frameworks within the different evaluation 
scenarios.

Figures 14(a)-14(c) emphasize the inferior performance 
of the [c1,…, c9] = [10,…, 15] framework in all scenarios, 
as well as the cumulative divergent process following from 
[c1,…, c9] = [5,…, 45]. These figures also illustrate the 
smoother tendency displayed by the [c1,…, c9] = [5,…, 
10] framework in all scenarios, a feature that can be vali-
dated through the evolution of [c1,…, c9] = [0.2,…, 1.8] and 
[c1,…, c9] = [0.5,…, 4.5] within the [p1,…, p10] = [68,…, 97] 

scenario. That is, even within the most restrictive scenario, 
defined by the rejection probabilities that follow from the 
actual CTRs observed in real-life settings, the increase in 
CTR differences triggered by [c1,…, c9] = [5,…, 10] remains 
low within the initial alternatives composing the ranking.

The intuition is similar when considering the CTR dif-
ferences triggered by [c1,…, c9] = [5,…, 10], which defines 
a lower cumulative increase in the rejection probabilities 
than [c1,…, c9] = [5,…, 45], through the different evalua-
tion scenarios. Both friction frameworks deliver a smoother 

(a) The [p1,…, p10] = [68,…, 97] subcase

(b) The [p1,…, p10] = [50,…, 95] subcase

(c) The [p1,…, p10] = [10,…, 95] subcase

Fig. 14  Differences in the number of pages clicked relative to the 
frictionless setting
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increment in CTR differences within the initial ranking posi-
tions when compared to [c1,…, c9] = [10,…, 15]. Note also 
how the initial increment in CTR differences displayed by 
this latter framework is cumulatively surpassed by [c1,…, 
c9] = [5,…, 45].

Thus, the initial value of the frictions and their cumu-
lative persistence determine the CTR differences exhibited 
through the information retrieval process of DMs. The sim-
ple evaluation algorithm described in Fig. 5 cannot account 
for any of these features, particularly the cumulative ones, 
since any increment in the rejection probabilities would have 
to be defined individually for each decision node, omitting 
any potential interaction across them. More importantly, the 
differences between algorithms and their capacity to account 
for potential modifications in the behavior of DMs would 
be more substantial when considering retrieval processes 
involving less than ten alternatives, as the intuition derived 
from the analyses performed in Figs. 7, 8, 9 and 10 and 
Table 4 suggests.

Finally, when considering the average number of clicks 
per search, we observe that relatively few pages are clicked 
within the [p1,…, p10] = [68,…, 97] scenario. Similar values 
to the ones obtained by Jansen et al. [9] and Baeza-Yates 
[8] follow from the [p1,…, p10] = [50,…, 95] scenario, 
while too many pages are clicked on average within [p1,…, 
p10] = [10,…, 95]. Thus, a less restrictive evaluation scenario 
than the one validating the results reported by Dean [7] is 
required for DMs to click on two pages per search query.

9  Managerial implications

The benchmark decision-tree algorithm introduced in the 
current paper applies to any sequential information retrieval 
framework conditioned by the subjective characteristics of 
DMs. The algorithm is sufficiently flexible to incorporate 
any information retrieval requirements within its main struc-
ture. Each node within the algorithm has been designed 
to consider a simple random event to implement a direct 
decision rule. Each node provides managers with a highly 
malleable setting within the large structure composing 
the algorithm. That is, the decision rule can be extended 
to incorporate different strategic qualities inherent to most 
decision and information retrieval processes currently ana-
lyzed in the literature.

The intensity and duration of frictions can be easily modi-
fied through the retrieval process and adapted to any charac-
teristic of the DM. For instance, we could bind the cumula-
tive effect of frictions by imposing an upper limit on their 
sequential increments. DMs lose confidence in the ranking 
after facing a number of misalignments, but the increments 
do not spread through the whole set of alternatives. We intro-
duce below three scenarios allowing for a maximum of up 

to three cumulative misalignments between the preferences 
of the DM and the alternatives. That is, frictions increase 
for a maximum of three misalignments, remaining constant 
afterward. The numerical scenarios compared are given by:

• the addition of unique friction, c1 = 0.1 , after the first 
misalignment to all remaining cutoff values;

• the inclusion of two frictions, namely, c1 = 0.1 after the 
first misalignment, and c2 = 0.2 after the second one. c2 
is added to all the cutoff values remaining after the sec-
ond misalignment;

• a more complex cumulative scenario with three frictions 
following the same intuition as the previous ones, that is, 
c1 = 0.1 , c2 = 0.2 , and c3 = 0.3 , the latter added after the 
third misalignment to the remaining cutoff values.

The value of frictions remains constant after the respec-
tive upper limits are reached, independently of the number of 
additional misalignments. We have integrated these scenar-
ios into the [p1,…, p10] = [10,…, 95] benchmark framework 
for illustrative purposes. The CTRs obtained are described 
in Table 8, while Fig. 15 illustrates the CTR differences in 
percentage terms between each scenario and the frictionless 
benchmark framework.

Three main results follow from the simulations. Firstly, 
the top three ranked alternatives display almost identical 
CTRs in all the scenarios. Secondly, the differences between 
the second and third scenarios are concentrated on the sixth 
and seventh alternatives, the remaining CTRs being almost 
identical. However, these differences are significant when 
comparing the first and second scenarios. That is, increments 
in frictions have different effects on CTRs depending on the 
total number of frictions considered and the ranking posi-
tion of the corresponding alternatives. Finally, the non-linear 

Table 8  CTRs without and with up to three levels of friction

Scenario [p1,…, p10] = [10,…, 95]

CTR None c1 = 0.1 [c1 = 0.1; c2 = 0.2] [c1 = 0.1; 
c2 = 0.2; 
c3 = 0.3]

Avg 4.55 3.97 3.70 3.62
1 90.00 89.95 89.98 90.00
2 80.00 79.01 78.91 78.99
3 69.96 67.15 66.91 66.90
4 60.07 55.08 53.66 53.59
5 50.00 43.04 39.87 39.02
6 39.97 31.58 26.04 23.60
7 30.01 20.66 13.01 8.21
8 19.96 10.20 1.15 1.15
9 10.02 0.04 0.03 0.04
10 5.01 0 0 0
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behavior exhibited by the CTR differences describes an 
incremental effect concentrated on the alternatives compos-
ing the lower half of the ranking.

The systems literature has consistently emphasized—and 
validated empirically—the importance of being located 
within the first two positions of the ranking provided by a 
search engine [41, 42]. Extrapolating the potential effects 
derived from the introduction of any type of friction on the 
set of ranked alternatives is essential to evaluate the will-
ingness to pay firms for an improvement in their relative 
positions.

We conclude by highlighting the algorithm’s capacity 
to accommodate any assumption regarding the behavior of 
DMs through the information retrieval process, providing 
managers with a benchmarking tool to analyze the effects 
of any potential modification to the preferences of DMs. In 
this regard, the algorithm can be easily extended to evalu-
ate sequential games [43] and strategic social interactions 
[44], since its structure allows for the implementation of 
any potential behavioral strategy within each decision node.

10  Conclusion and future research 
directions

We have defined a computable benchmark that can simu-
late the behavior of different types of users as they proceed 
through the alternatives ranked by a search engine. The 
framework accounts for the subjective preferences defining 
the behavior of DMs, together with the characteristics of 
the alternatives and the subsequent evaluations and deci-
sions made by the DMs. We have illustrated the substantial 
differences between a trivial algorithm, providing the same 

CTRs but ignoring the interactions across alternatives and 
the one introduced in the current paper.

The main contribution of the current algorithmic frame-
work can be summarized as follows:

1. The design of the algorithm is based on a decision model 
that mimics the sequential search behavior of DMs, 
defining the information retrieval processes observed in 
real-life settings. Behavioral modifications can be intro-
duced at any point through the process, and the conse-
quences of CTRs analyzed.

2. The algorithm provides a numerical evaluation for each 
characteristic observed by the DMs and the resulting 
action in terms of clicking behavior. Most empirical 
studies aim at extrapolating the evaluations of DMs from 
the behavior observed, lacking an exact numerical value 
that can be assigned to represent their preferences.

One of the main qualities of the mimicking algorithm 
follows from the (almost) complete absence of behavioral 
constraints imposed on its design, increasing its structural 
malleability and capacity to incorporate any type of fric-
tions or information retrieval strategies. To illustrate this 
point, we have analyzed the consequences derived from 
reliability modifications, though more complex scenarios 
could be incorporated and studied using the algorithm 
as a benchmark. For instance, the information retrieval 
effects of impatience, quality signals from recommender 
systems, or shifts in the subjective beliefs of DMs can be 
easily analyzed by adapting the algorithm accordingly.

Finally, while representing a sequential decision-mak-
ing process that could be defined as rational, the current 
algorithm is based on empirical observations, leaving 

Fig. 15  CTR differences relative 
to the frictionless framework 
within [p1,…, p10] = [10,…, 95]
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aside the complexities of mathematical formalization. In 
this regard, future research should examine the optimality 
of the behavior followed by DMs relative to the combina-
torial optima that would result from evaluating different 
subsets of alternatives among those displayed in the first 
page of results delivered by a search engine.
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