
Chapter 5
Back to the Fundamentals: Extend
the Rational Assumptions

Abstract In this chapter, we revisit the fundamental formal models of IR and
associated simplified assumptions, with the goal of exploring and introducing
actionable directions toward which the assumptions can be extended to at least
partially cover the triggers and characteristics of bounded rationality. To this end,
we first categorize different types of explicit and implicit assumptions into three
groups, pre-search, within-search, and post-search, and discuss their conflicts with
empirical findings on bounded rationality. Within each group, we discuss possible
ways to extend and revise existing rational assumptions, as a key preparation for
enhancing formal user models and IR evaluation techniques. When explaining the
methods for extending rational assumptions, we also discuss related boundaries and
explain the implications for user modeling and evaluation and how these potential
boundaries are related to IIR-specific factors.

5.1 Introduction

The main goal of our book is to develop a behavioral economics framework that can
characterize the role of human biases and boundedly rational decisions, especially in
the context of search interaction and user-centered system evaluation. Also, we hope
that the knowledge shared in our work can motivate students and future researchers
to broadly explore critical, understudied research problems and hidden research
paths that would enhance bounded rational or bias-aware user modeling and evalu-
ation. In this chapter, we revisit the fundamental formal models of IR and associated
simplified assumptions, with the goal of exploring and introducing actionable
directions toward which the assumptions can be extended to at least partially cover
the triggers and characteristics of bounded rationality. Our analysis is built upon the
in-depth reviews on formal models (e.g., click models, user models of offline
metrics, formal models of search sessions) and human biases offered in Chaps. 2
and 4, respectively. This chapter also takes a step forward from the identified gaps
and preliminary framework introduced in Chap. 3 by discussing ways to extend
rational assumptions and the components of ideal models (e.g., static costs and
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rewards, optimization functions, unbiased judgments) based on relevant concepts,
theories, and empirical evidences prepared in previous chapters.

Although researchers could keep adding new parameters, representations, and
components to accommodate the impacts of various cognitive and perceptual factors
in user models, the increasingly complex models may not be practically applicable,
especially for model training and testing purposes. Also, as discussed in Chap. 4,
different human biases may operate within their respective boundaries and limits and
may involve significant individual differences in actual behavioral impacts. There-
fore, when explaining possible approaches to extending rational assumptions, we
will also discuss related boundaries and explain the implications for user modeling
and evaluation and how these potential boundaries are related to IIR-specific factors,
such as dimensions of search tasks, labels from document judgments (e.g., query-
document relevance, or qrel), as well as the characteristics of individual searchers
(Liu, 2021).

Specifically, this chapter will categorize different types of explicit and implicit
assumptions into three groups, pre-search, within-search and post-search, and dis-
cuss their conflicts with empirical findings on bounded rationality (e.g., Azzopardi,
2021; Kahneman, 2003; Simon, 1955; Thaler, 2016). Most of the existing formal
models and assumptions are proposed to characterize and simulate the activities
during search, especially in ad hoc retrieval scenarios, so that each search iteration
and query-based retrieval evaluation be analyzed and evaluated individually. How-
ever, as indicated in Chap. 4, there are factors associated with bounded rationality
that could affect people’s in situ preferences, expectations, and retrospective evalu-
ations in pre-search estimation and post-search stages as well.

Based on the identified gaps and conflicts, we will discuss possible ways to
extend and revise existing rational assumptions, as a key preparation for enhancing
formal user models and IR evaluation tools and methods. This chapter will be built
upon the gaps and three main problems introduced in Chap. 3 and discuss more
details regarding each category or phase of search modeling and the implications of
research progresses on human biases and bounded rationality for updating rational
assumptions. We believe that extending and revising existing assumptions based on
rich theoretical and empirical basis would be an appropriate initial step toward
building an actionable research agenda on bias-aware IR modeling and
implementing next-generation intelligent search systems that can mitigate the neg-
ative effects of human biases.

5.2 Pre-search Stage

In most formal models of search and implicit assumptions underpinning evaluation
metrics, factors emerging in pre-search stage, such as existing beliefs, initial pref-
erences, pre-search expectations, and motivating tasks, are not represented or exam-
ined. Although there are offline evaluation metrics that include individual
characteristics in underlying user models (e.g., patient and impatient users in
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rank-biased precision measure; Moffat & Zobel, 2008), there are still a wide range of
user features and contextual factors, especially the ones involving human biases and
bounded rationality, that are not considered in user simulation and system evalua-
tion. The implicit assumption behind this general model setup is that users’ search
behavior and strategies of search evaluation are not affected by the factors beyond
topics, queries (and associated search intents), and characteristics of retrieved doc-
uments (e.g., relevance, rank position).

A straightforward approach to revising the general assumption and enhancing
existing user models is incorporating representations of the key pre-search factors
and their associations with search interactions into models and metrics. For instance,
instead of starting with no prior preferences or expectations, different users may have
different in situ search expectations and search strategies due to their varying past
experiences under similar cases, especially in situations where the solution space of
current task is complex and uncertain. According to case-based decision theory
(CBDT) (Gilboa & Schmeidler, 1995), the extent to which past search experience
and actions affect current behaviors of decision makers depends on the perceived
similarity of the past case(s) to the current task. In addition, this basic setup of CBDT
also naturally connects to the principle of satisficing and aspiration levels in
boundedly rational decision-making processes (cf. Schwartz et al., 2002; Simon,
1955).

From the reference-dependence perspective introduced in Chap. 4 (Kahneman,
2003; Tversky & Kahneman, 1991), the effects of past similar cases on current
decision-making strategies and thresholds in judgments can also be framed as a type
of reference effects. Under this circumstance, a representation of pre-search refer-
ence in user-related assumptions may need to crystallize one case or a set of multiple
similar and recent cases that are mentally accessible to the decision maker at the
moment. The case, in this context, can be considered as a motivating task that
happens or is assigned to a person within a particular problematic situation. Different
task facets and characteristics of problematic situations (e.g., available social and
technical support, urgency of the problem) may have varying impacts or weights in
similarity assessment. For instance, a past task (and the associated information
search experience) of learning Python data analytics may be considered as similar
to the current task of studying Python text analysis. However, a past task of learning
a deep learning package for completing a self-designed project and the current task
of learning deep learning functions for preparing a computer science final exam
might be considered as separate cases with low level of similarity, due to the
difference in underlying motivations and requirements in information seeking and
use. In addition, people’s judgments on case similarity may also be affected by users’
familiarity with the involved topics and domains (Liu et al., 2019; White et al.,
2009). Higher levels of knowledge and familiarity on involved tasks, topics, or cases
may increase the accuracy of similarity estimation and enable users to bring truly
relevant past experiences into current decision-making scenarios.

Figure 5.1 summarizes the structure of pre-search user preferences and expecta-
tions under the CBDT framework. The pre-search factors are affected by the cases,
actions, and outcomes a user experienced before, and their respective weights in
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Fig. 5.1 Pre-search factors and search interaction: a CBDT perspective

current search strategies are affected by the implicit similarity assessment. These
pre-search factors, from reference-dependence perspective, could serve as initial
references based on which users evaluate their current information gains and search
efforts. For example, based on past search experience on similar factual tasks, a user
who is working on the task of “finding the Asian supermarket near me” may expect
to see the most relevant results ranked on the top of the first SERP and would be
dissatisfied or perceive a loss if this was not the case. In particular, from the
expectation disconfirmation perspective (Oliver, 1980; Venkatesh & Goyal, 2010),
people may have initial expectations and preferences regarding multiple aspects of
search interactions, such as quality of retrieved results, effectiveness of search
recommendations, and interface layouts. The ways in which these expectations are
confirmed or disconfirmed may affect users’ in situ search tactics, especially query
reformulation types, and the thresholds for evaluating retrieved documents. For
instance, a previous frustrating search experience under similar task (e.g., poor
search results, irrelevant recommendations) may lower the user’s expectation
regarding document quality under their current similar task, which may result in a
relatively lower threshold for relevance judgment and overestimation of document
relevance.

As discussed above, estimating pre-search preferences and expectations from a
traditional reference-dependence or CBDT perspective can enrich the pre-search
component of user models and may facilitate subsequent search behavior predic-
tions. At application level, however, achieving this representation and conducting
model training would be challenging, as it would require sufficient information and
knowledge about the individual users and their past relevant experiences beforehand.
It might also be difficult to infer or simulate these pre-search factors merely based on
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previous search logs or document features. In addition, regarding possible perceptual
biases, we need to take into consideration the gap between actual set of similar cases
and mentally accessible set of similar cases at the moment. This gap can be traced
back to even broader problems of investigating perception-outcome differences
(under the influence of in situ relative gains and losses) and examining the limits
of individuals’ divergent limits in working memory. We will discuss more details
regarding these problems and their implications at the within-search stage. Overall,
although it is challenging to represent and estimate the impacts of all components
discussed above, it would be helpful to utilize the framework illustrated in Fig. 5.1 to
locate the progresses and limitations of our current models on related research
problems and identify potential research themes for future efforts.

Compared to modeling the full structure of pre-search factors presented in
Fig. 5.1 and estimating all initial references, it might be more feasible in most
cases for researchers to estimate people’s initial beliefs and preferences from a
confirmation bias perspective (cf. Nickerson, 1998). Specifically, for instance,
although it would be difficult to infer all accessible past cases, researchers might
be able to infer users’ preferences over different subtopics, opinions, and sentiments
based on their past search logs and initial couple of queries and the associated search
interactions with the SERPs and social media contents (e.g., examination and
clicking, dwell time on content pages that covering certain opinions) (Knobloch-
Westerwick et al., 2015; Rieger et al., 2021; Workman, 2018). Retrieved results that
disconfirm these initial opinions and beliefs may receive less attention and
underestimated relevance score (even though they may actually be topically relevant
to the queries).

Thus, when developing user models for simulation and evaluation purposes, it
would be reasonable to assume that individual users have one or multiple initial
beliefs over a set of subtopics, opinions, and sentiments before the search session
starts, and the search result snippets and documents that confirm the belief(s) would
receive more attention from users and might also reinforce users’ existing beliefs and
biases. From the loss aversion perspective (cf. Tversky & Kahneman, 1991),
examining and accepting the results that confirm existing beliefs and expectations
could be perceived of a gain or at least an avoidance of possible loss, as the user
would not need to give up the existing beliefs that cost previous cognitive resources
to establish. At the implementation level, the initial beliefs and preferences can be
considered as variables affecting browsing patterns and relevance judgments, apart
from several widely examined factors, such as queries, rank positions, and externally
labelled relevance scores. Identifying the implicit initial preferences and beliefs
waiting to be confirmed can help researchers better predict users’ clicking and
evaluation behaviors and design effective low-cost search interventions for mitigat-
ing the potential negative impacts of confirmation bias and algorithmically debiasing
relevance and credibility judgments (Draws et al., 2021; Rieger et al., 2021).

Apart from pre-search references, users’ behaviors are also affected by human
biases and heuristics that operate within search sessions. In the following section, we
will discuss the ways in which we could extend the components of assumptions
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regarding people’s actions and decision-making during information search
processes.

5.3 Within-Search Stage

Compared to pre-search stage, within-search stage is more complicated as it involves
multiple aspects of ongoing search interactions and changing user experience.
Meanwhile, however, researchers can collect more diverse signals based on which
user models and evaluation metrics can be constructed. In this section, we discuss a
series of widely discussed intuitive assumptions applied in a broad range of formal
user models and explain the ways in which we can (and should) revise and extend
them to better predict real-world user behaviors and explain why they search and
evaluate in such ways.

The first set of assumptions is related to the Problem 1 discussed in the Chap. 3.
When modeling users and search interactions, building pre-defined rules and
assumptions based on actual costs and rewards tend to be a natural starting point
for developing user models and evaluating system performances in a simulated
environment. In simulation-based experiments, cost and reward measures are usu-
ally linked to user behavior and relevance-based scores, respectively. Based on these
measures, researchers often assume the following:

1) Users’ behaviors and implicit optimization goals are defined based on the actual
experienced costs and rewards during search processes.

2) The costs associated with different actions (e.g., query formulation, search result
snippet examination, clicks, dwell time on content pages) and the relevance-
based reward functions remain the same across different queries, topics, and task
types.

Based upon these two main assumptions, researchers can model user behavior
and optimize retrieval algorithms on the same ground across different search states
and problematic situations. In IR experiments, the two assumptions and their similar
variants about costs and rewards have been widely applied in various formal models
of search interactions (e.g., Moffat et al., 2012; Zhang et al., 2017; Zhang & Zhai,
2016), including the models that integrate economic theories into search cost
modeling (e.g., Azzopardi, 2011, 2014). These assumptions largely simplify the
process of estimating costs and rewards associated with different components of
searching. They also allow researchers to turn the complex problem of improving
search interactions and experiences into straightforward, mathematically solvable
optimization problems that involve minimizing behavior-based costs and maximiz-
ing rewards and utilities measured by relevance or other judgment labels. In addi-
tion, from replicability and reproducibility perspective, assuming fixed connections
between action types and costs also facilitates more flexible reuse and replication of
user models and IR evaluation experiments. With these assumptions as the basis,
many of the potential challenges related to changes of task nature, individual
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differences, and within-session cognitive variations in IR evaluations (cf. Gäde et al.,
2021; Liu, 2022) could be at least temporarily bypassed in standardized experiments.
In sum, before we bring in the behavioral economics perspective for extending the
assumptions, we believe that it is almost equally important to acknowledge the value
and contribution of the simplified assumptions to the field of IR and computing in
general.

As discussed in Chap. 4, when users perceive and evaluate costs and rewards,
their perceptions and search decisions are usually developed based on gains and
losses relative to certain reference points, rather than the actual absolute values. This
reference dependence perspective casts doubt on the fundamentals of a broad range
of formal models and user-oriented evaluation techniques. When the reference
points change before or during search sessions, it would lead to the variations in
perceived costs and rewards associated with the same type of actions. In addition,
depending on the nature of perceived changes (i.e., as gains or losses), the same size
of changes in search behavior and result quality across queries and sessions may
have different impacts on subsequent search interactions and retrospective evalua-
tions within search sessions (i.e., loss aversion, Tversky & Kahneman, 1992).
Perceived losses, such as increased dwell time or search actions, less relevant search
result snippets or documents, lower readability of retrieved documents, and higher
difficulty in formulating effective search queries, could generate larger impacts on
users’ following search tactics and levels of satisfaction, compared to the same or
similar sizes of perceived search gains.

Therefore, to extend the original cost-reward analytical framework from a
bounded rationality perspective, researchers need to identify the reference points
in effect and compute the in situ perceived gains and losses relative to the reference
points. Previous behavioral economics research introduced in Chap. 4 on related
topics (e.g., reference dependence and prospect theory, confirmation bias, anchoring
bias) have demonstrated that people’s decision-making under uncertainty could be
influenced by varying types of potential references that emerge at varying stages and
are associated with different internal and external factors (Caputo, 2014; Gneezy
et al., 2017; Kahneman, 2003; Nickerson, 1998; Tversky & Kahneman, 1991). In the
context of information seeking and retrieval, different dimensions of search interac-
tions may have different reference levels and are associated with divergent contex-
tual factors, such as different task facets, user characteristics, as well as in situ search
dynamics. Also, the co-exist references may also interact with each other and jointly
affect users’ in situ search evaluations.

Based on the discussion above, the users’ references in search can be written as:

R= f R ω1r1, ω1r2, . . .ωnrnð Þ 5:1Þ

where R represents the integrated reference point for a certain dimension of
current search session (e.g., cost of query reformulation and SERP browsing, gain
from ranked result list). The integrated reference point is formulated based on a
variety of active potential reference points that may have different weights in the
user’s search decision-making and evaluation. For instance, if a user is at m-th query
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segment, the user’s reference point in terms of the cost of browsing may be affected
by the pre-search expectations, beliefs, and preferences. These pre-search references
may emerge from past search experience under similar motivating tasks or cases or
other people’s search interactions that the user observed. In addition to pre-search
references, according to the studies on anchoring bias (e.g., Tversky & Kahneman,
1974; Caputo, 2014), the user’s reference point could also be significantly affected
by the initially encountered information objects (e.g., top ranked results presented on
the SERPs under first or second queries). The content and quality of the first set of
examined documents may heavily influence the user’s understanding and threshold
of document relevance (Scholer et al., 2013) and thereby affect the perceived gains
and losses in following search iterations. The weight distribution on different
original reference points, W = {ω1,ω2,ω3. . .ωn}, may vary significantly across
different dimensions of search interactions and thus may need to be estimated
separately. In addition, changes in reference points and their associated weights
may also be associated with the transitions of local information seeking intentions
and task states (Jansen et al., 2007; Liu et al., 2020). Under different intentions, users
often search and evaluate documents differently and may also be affected by distinct
reference points.

Based on the identified reference points, the perceived gains or losses for each
dimension can be written as:

C=
Xm

i= 1

f c ci, Rcið Þ� j ci -Rci j 5:2Þ

Re =
Xn

i= 1

f Re Re i, RRe ið Þ� j Re i -RRe i j 5:3Þ

U= u C, Re 5:4

where C and Re measure the total perceived gains and losses in terms of search
cost and search reward, respectively. Both Cost and Reward are multidimensional
search components and could be deconstructed into m and n dimensions, respec-
tively. R represents the in situ reference point corresponding to each specific
dimension. U refers to the overall perceived utility, which is a function of C and
Re. Depending on the nature of perceived changes (as gains or losses), the
corresponding weights f c ci, Rcið Þand f Re Re i, RRe ið Þmay vary. Users’ search tactics
and evaluation are more sensitive to perceived losses than to gains. Also, the
dimensions where relative losses are perceived are more likely to attract users’
attentions and thus receive higher weights in decisions. Figure 5.2 summarizes the
process of gain- and loss-based search decision-making in sessions.

As presented, users’ current search interactions and outcomes could be evaluated
based upon a diverse set of potential reference points. The perceived losses relative
to the integrated reference point, such as lower levels of relevance and usefulness of
the retrieved SERP and increased dwell time on retrieved pages, may lead to
significant changes in following query reformulation behaviors (e.g., formulating a
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Fig. 5.2 Gain- and loss-based search decision-making process

new exploratory query, instead of slightly adjusting current query) and in situ search
expectations. These changes of search outcomes and experiences in ongoing ses-
sions may also lead to minor or major changes to the reference points in the user’s
mind, especially for subsequent query segments under similar search intentions.

Apart from the explicit, observable aspects of search behaviors and costs, many of
the implicit components of search introduced in Chap. 2 may also be affected by
reference dependence effects. Regarding clicking behavior, the perceived attractive-
ness and probability of examination on retrieved documents may also be affected by
the user’s previous experience (e.g., similar documents or subtopics encountered on
similar rank positions). Previous examinations of search result snippets, clicking on
documents, and click depth on SERPs as potential reference points may affect the
thresholds of attractiveness and examination decisions for the documents encoun-
tered in following search iterations. When users examine result snippets on current
SERP, the search result snippet that have a clearly lower quality than the previously
encountered ones (e.g., lower perceived relevance or readability, higher level of
ambiguity) may receive significantly less attention from the user. However, if the
users start the session with encountering a set of poor-quality search results and
documents, the relatively low thresholds or reference points may increase the
attractiveness and probability of examination on subsequently retrieved documents
that have an intermediate level of quality and are ranked at similar rank positions.

Note that some of the relative, reference-dependence aspects may be partially
captured and characterized by some of the existing click models (e.g., graph-based
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session click models that take document- and query-based edges into account, cf. Lin
et al., 2021; click model that includes users’ click and examination preferences,
cf. Xing et al., 2013). However, it would still be useful to explicitly investigate the
relative changes in search result features and incorporate gain- and loss-based
parameters into the estimation of the attractiveness, examination probability, and
in situ preferences on clicking. Our multidimensional reference-dependence
approach, which also considers the impacts of other related biases and heuristics
(e.g., loss aversion, confirmation bias, anchoring bias), could also better explain the
individual differences in click actions and extend existing personalized click models
(PCMs) that seek to integrate user factors into click prediction and relevance
estimation algorithms (e.g., Cheng & Cantú-Paz, 2010; Shen et al., 2012).

With respect to search browsing, apart from the explicit observable dimensions,
such as dwell time on different pages and SERP components, scrolling patterns, and
eye movements, users’ implicit cost budgets in evaluation (cf. Zhang et al., 2017), if
any, may also be affected by previously established reference points. Thus, the
existing fixed cost budget setup or assumption in evaluation metrics could be
extended by including the reference points extracted from or simulated based on
empirical evidences. For instance, a lower in situ search expectation or threshold of
relevance may result in higher tolerance of irrelevant documents and extended
browsing sessions. Although these actual interactions can lead to linear increases
of search costs as it is assumed in classic cost-reward models, due to the influence of
relatively low references, users’ perceived costs may increase slowly (e.g., as
characterized by a logarithmic function). As a result, the perceived cost and subject
cost budget may systematically deviate from the actual or simulated cost budgets. On
the contrary, users may perceive a relative quick accumulation of costs under a high
reference point (e.g., high-quality SERPs and documents encountered in previous
query segments and sessions). Once the perceived costs hit the cost budget in mind,
users may become increasingly sensitive to the relative changes in search due to the
effect of loss aversion. Apart from quantifiable references, users’ cost budgets may
also vary across different search intentions and task states. For example, under
exploratory search states, users may be more open to examine more search results
and click deeper results on SERPs. In contrast, under factual known-item searches,
users may have a very limited cost budgets in mind and expect to see the correct
answers being ranked on the top positions of the SERPs.

Regarding search result evaluation, similar to other dimensions of search ses-
sions, users’ perceived gains and rewards obtained from each clicked relevant
document are not fixed. Also, the thresholds of relevance and usefulness judgment
may not be static or predefined as it is often implicitly assumed in user models,
underpinning a variety of offline evaluation metrics. Instead, the in situ gains and
underlying thresholds of relevance and usefulness evaluation could be affected by
threshold priming effects (cf. Scholer et al., 2013) and are related to the document
evaluation experience under previous queries or other similar search tasks. The
threshold priming effects may also be moderated by other user characteristics,
such as topic and task familiarity, domain knowledge, and search skills, in real-life
search scenarios. Compared to topical relevance, document usefulness tends to be
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more subjective and diverse as documents and results could be useful in different
ways during search sessions. From a behavioral economics perspective, estimating
and simulating the reference points of usefulness judgment might be more challeng-
ing and involve a broader range of situational factors, such as search intentions, task
progresses, distractions on SERPs, and information encountering and serendipity
events (e.g., André et al., 2009; Mao et al., 2017; Mitsui et al., 2017; Rahman &
Wilson, 2015).

Related to the idea and assumptions regarding cost budget and evaluation thresh-
olds, users’ stopping rate and utility discounting factor in browsing and evaluation
(e.g., Chapelle et al., 2009; Zhang et al., 2017) may also be gain- and loss-based and
be affected by both pre-search and in situ references. Specifically, a higher perceived
gain (e.g., increased number of relevant documents ranked on top positions; reduced
amount of dwell time needed before collecting useful information from clicked
documents) may result in lower stopping rate and discounting rate in current
SERP browsing. However, if an in situ search loss is encountered (e.g., dropping
in search result quality, increased dwell time), the user’s stopping rate in following
rank positions may increase quickly and result in early search stopping or even query
abandonment behavior. Thus, in the context of interactive search sessions, the
assumptions of fixed or rank-based stopping rate and discounting factor by ranks
could be extended by including reference dependence features or parameters and
connecting to previously encountered search results and search costs within the same
session. For instance, following the stopping rate function adapted from cascade
model and expected reciprocal rank (ERR) measure (Chapelle et al., 2009), a
bounded rational stopping rate function can be written as follows:

Ri =
2ri - Re i- 1 - 1

2r max
ð5:5Þ

Pj =
Yj

i= 1

1-Rið ÞRj ð5:6Þ

where ri measures the graded relevance score of the current document i.
Rei - 1 refers to the total perceived reward or accumulated gains up to the rank
position i - 1. During SERP browsing and document examination, a document
satisfies the user with the probability Ri. Pj represents the probability that the user is
satisfied and stops at document j. In this simple initial setup, we change the absolute
graded relevance score to the relative gain-based score as the basis for calculating the
probability that the user is satisfied with the current document i. Note that in ERR
measure, it is assumed that users will stop searching once they find the one document
that satisfies their information needs. However, in exploratory searches, people may
not stop at just one satisfactory document and be open to broader explorations and
deeper clicking behavior. Under this circumstance, it is critical to extend evaluation
metrics and consider the systematic impacts of perceived gains and losses at different
levels. Incorporating potential reference points and biases into the estimation and
simulation of stopping rate and discounting factor may be a viable approach to
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extending user-centered IR metrics, especially in the context of whole-session IR
evaluation.

Regarding within-SERP examination and evaluation, the interdependence
between different search results may also affect the user’s overall perception of the
SERP and the associated examination behavior. In existing research, Document
interdependence has been examined in a series of offline IR evaluation studies as a
factor or constraint in document relevance estimation (e.g., Montazeralghaem et al.,
2018; Radlinski et al., 2009; Zhai et al., 2015). Taking decoy effect into consider-
ation would offer a new perspective for examining different aspects and forms of
document interdependence (Kahneman, 2003; Tversky & Kahneman, 1985; Wedell
& Pettibone, 1996; Wu et al., 2020). Specifically, for example, under a short
exploratory search query, the SERP may present documents involving different
opinions, information sources, and subtopics, for which users may not have prior
preferences. However, a potential decoy search result associated with a subtopic may
increase the user’s examination and clickthrough probability on results with rela-
tively higher quality or level of informativeness under the same subtopic. Therefore,
in information searches that involve a diverse set of results, users’ in situ preferences
over different types of contents may be shaped by implicit decoy options.

This decoy effect may also interact with the existing impacts of search snippet
features and rank position biases and could be included and represented in both click
models for attractiveness and examination probability estimation and offline evalu-
ation metrics. Note that the decoy effect could happen at multiple dimensions, such
as relevance and informativeness of search result snippets, document readability
(e.g., Collins-Thompson et al., 2011), and perceived credibility of the search results
(e.g., Hilligoss & Rieh, 2008), which may cause different reactions from users.

αi =
d sr1, sr2 . . . srnð Þ

d i, tð Þ ð5:7Þ

d sr1, sr2 . . . srnð Þ=
Xn

r= 1

wr j Srri - Srrt j 5:8Þ

P Ct = 1 dipresent = 1
� �

-P Ct = 1 dipresent = 0
� �

= αi δ max i, t 5:9

At the implementation level, researchers may need to start with identifying
potential decoy options at multiple levels among the retrieved results and estimate
possible decoy effects based on the distance between decoy options and the search
results associated with similar subtopics, opinions, and information sources. This
distance measure should consider both the superficial-level distance (i.e., distance in
rank positions on SERPs) and the distance or difference in search result quality and
presentation. As shown in Formula (5.7), αi measures the potential decoy effect
generated by the decoy option ranked at the rank position i. In Formula (5.8), the
function d measures the aggregated differences between the regular/target result and
decoy result, which plays an essential role in triggering potential decoy effect. As
presented in Formula (5.9), the decoy effect can be represented by the probability
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Fig. 5.3 The structure of decoy effect in IR evaluation

difference in user’s clickthrough rate on the target document (with similar subtopics,
opinions, themes, or sentiments) ranked at position t between two scenarios: (1) the
decoy result is present, and (2) the decoy result is absent. srn represents different
dimensions of search result snippets and corresponding documents, which may
cause perceived quality difference and trigger decoy effect in user judgments.

δ measures the potential discounts on decoy impacts due to rank positions. Based
on previous research on the effects of rank position bias (e.g., Agarwal et al., 2019;
Wang et al., 2018), we assume that with all other conditions remaining the same, the
decoy effect is more likely to occur when the decoy and target results are ranked
higher as they would be more likely to receive the user’s attention during browsing
in top rank positions. In contrast, if both results are ranked in relatively low position,
users may be less sensitive to the potential differences between the two results and
thus are less likely to be influenced by the decoy result in evaluation. Also, given the
potential effect of diminishing sensitivity (Trautmann & Kuilen, 2012; Tversky &
Kahneman, 1991; Wakker & Tversky, 1993), users are less likely to completely
change their click preferences at lower ranked results, especially in situations where
the corresponding level of click depth is already way beyond their expected cost or in
situ cost budget.

Figure 5.3 illustrates the structure of decoy effect discussed above and highlights
the factors that may influence the effect size of decoy results, such as absolute rank
position (where the target search result and decoy result are ranked on the SERP),
rank position distance between target result and decoy result, and, more importantly,
the multidimensional differences perceived by users. Note that different dimensions
involved in comparison may have significantly different levels of saliency to users in
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SERP browsing. For instance, the presentation quality of search result snippet (e.g.,
readability, informativeness, color, and length) may be more salient than some other
implicit factors (e.g., overall usefulness and credibility of the documents) that are
difficult to judge at the first glance, especially for users who are not quite familiar
with the topic and domain involved. In addition, users may be more sensitive to the
dimensions where a clear relative loss is perceived in the comparison between decoy
and target results, such as a significant drop in the quality of search result snippets
and decreased relevance or quality of images (i.e., loss aversion bias). As a result,
different dimensions perceived in comparison may contribute differently to the final
behavioral impacts caused by the decoy result.

As shown in the formulas, when the potential decoy result and regular search
results are close to each other in rank position but significantly differ from each other
in other dimensions, the decoy effect is more likely to occur as the contrast between
the decoy and regular results would be more noticeable to the user. Investigating
decoy effect in SERP evaluation can extend the implicit assumption of document or
search result independence in a wide range of click models and evaluation metrics,
especially in terms of estimating the probability of examination, predicting clicks,
and modeling users’ perceptions of SERP utility. Studying decoy effect in IR can
also pave the path toward a new layer of document interdependence studies. The
structure of decoy effect presented in Fig. 5.3 can serve as a theoretical framework
for characterizing the behavioral impacts of decoy results in information seeking and
retrieval and may also inform the design of controlled user studies (e.g., SERP-based
crowdsourcing evaluation study), focusing on decoy options in SERPs across
different information-intensive decision-making scenarios.

The following section will move on to the post-search stage and discuss the
possible extensions of user model assumptions in light of the knowledge regarding
bounded rationality, especially in terms of whole-session retrospective evaluation.

5.4 Post-search Stage

In addition to modeling user behaviors and system performance during search
sessions, how users retrospectively evaluate the performance of search systems
and their overall search experiences, especially in whole-session IR, is also one of
the central themes in IR research. In post-search retrospective evaluation, researchers
usually evaluate search system performances based on the average value and total
value of each measure or dimension (e.g., sum dwell time on SERPs, average
number of clicks and pages visited, average precision, reciprocal rank and nDCG
scores of SERPs) (e.g., Chen et al., 2017; Liu et al., 2012). In offline Cranfield
experiments, a series of average-value-based evaluation metrics have also been
proposed to evaluate search systems in a set of diverse queries and topics (Voorhees,
2001). Differing from common average-value- and total-value-based metrics, ses-
sion-based DCG (sDCG) metric takes query order into consideration when evaluat-
ing search sessions and discounts relevant search results retrieved from later queries
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within a session (Järvelin et al., 2008). Compared to other retrospective evaluation
metrics, sDCG takes a step forward by simulating the discounted weights of each
search iteration based on the linear query order in the session.

Estimating the weight distribution of different query segments is a critical aspect
of whole-session search evaluation. In light of the empirical findings on peak-end
rule and recency effects (Kahneman, 2003; Redelmeier et al., 2003), researchers can
adjust the average-value-based metrics and linear query weight functions and assign
higher weights on peak experience and most recent search iterations. As discussed in
related behavioral economic experiments, people’s in situ peak experience and most
recent experience could generate relatively higher impacts on the retrospective
remembered utility. This remembered utility, rather than actual experienced utility,
serves as the basis for people’s intuitive judgments and subsequent decision-making,
especially under the operations of System 1 (Kahneman, 2003). Researchers also
found that when retrospectively evaluating an extended episode, people are not
sensitive to the actual duration of the entire session (i.e., duration neglect,
Fredrickson & Kahneman, 1993; Hands & Avons, 2001). In addition, the initial
queries in a session may also be associated with relatively higher weights compared
to other following queries as they may serve the anchoring points in evaluation (i.e.,
anchoring bias, cf. Nickerson, 1998). Also, at the application level, extracting the
anchoring references from initial queries may also facilitate early prediction of
whole-session search effectiveness and thereby offer opportunities for proactive
search intervention and recommendation (e.g., Koskela et al., 2018; Mitsui et al.,
2018; Shah, 2018), especially in cases where the current user is on a potentially poor-
performing or high-loss search path predicted by the search system.

The user biases and heuristics discussed above can help extend the implicit
assumptions regarding the extent to which average-value-based and total-value-
based metrics can approximate whole-session experience. Specifically, knowledge
regarding these biases highlight several key moments in search sessions and can
inform the design of a more behaviorally realistic weight distribution for connecting
query-level evaluation to whole-session-based evaluation of system performance. In
constructing session-level evaluation models and metrics, researchers should con-
sider assigning relatively higher weights to these key points and examining their
respective impacts on user evaluation under different tasks and search scenarios. In
addition, given the impact of duration neglect, researchers may not be able to rely on
session duration time as a main predictor in estimating a user’s remembered whole-
session experience.

Figure 5.4 illustrates and contrasts the key factors involved in the whole-session
evaluations characterized by classical rational approach and boundedly rational
approach, respectively. This figure highlights the difference in weight distributions
of different factors and query positions and explains the role of each related human
bias and heuristics in different aspects of the session evaluation process. Future
researchers can use the framework presented here as a guideline in variable and
model design for predicting whole-session search experience (e.g., levels of search
satisfaction and cognitive loads) and evaluating the performance of bounded rational
prediction models against that of the classic rational models as baselines. In addition
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Fig. 5.4 Boundedly rational whole-session evaluation

to the findings from behavioral experiments introduced in the Chap. 4, in the
following chapter, we will introduce empirical evidences from IR research that
confirms the impacts of peak-end rule on retrospective evaluations and discuss
how we can leverage the knowledge regarding related biases in better answering
critical research questions in information seeking and retrieval communities.

It is also worth noting that peak-end effect usually has its boundaries and limits
across different dimensions of decision-making problems (Langer et al., 2005;
Schneider et al., 2011). The extent to which peak-end rule affects whole-session
evaluation may vary significantly across different facets of search interactions and
thus may have different weights and limits in affecting overall search interaction
experience and judgments of the search system, such as levels of user engagement,
task and cognitive loads, as well as perceived levels of success and satisfaction.
Therefore, the actual weight distributions across different search dimensions may
need be estimated individually based on corresponding search interaction signals.
Given existing research on the divergent effects of peak-end rule across varying
behaviors and decision-making sessions, IR researchers may also find similar vari-
ations in weight distributions and effect sizes of different query moments (particu-
larly the initial, peak, and end queries that may trigger boundedly rational search
decisions) in retrospective session evaluation across different behavioral measures,
offline evaluation metrics, as well as types of search tasks.

In addition to the findings on peak-end rule and recency effects, behavioral
economics research also casts doubt on the fundamental assumption regarding
users’ intents of always pursuing maximized utility. In contrast to the assumption
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of optimization, behavioral science and decision-making researchers found that
people’s decision-making often follows the principle of satisficing and aims for
satisfactory or adequate options in all accessible options, rather than the optimal
solution predicted by normative models (Simon, 1955). The satisficing strategy can
by triggered by different reasons. For instance, people may find it difficult to
deliberately compare and calculate the possible utility from different options as
they are often restricted by limited time, cognitive resources, and computing capa-
bility. Also, although the optimal option can be identified through rational mathe-
matical analysis and simulations, it may not always be actually accessible to users or
decision makers due to the individual differences in varying aspects (e.g., domain
knowledge, information search skills, existing beliefs, and cognitive biases) and
situational limits. Moreover, the threshold of satisficing in each specific decision-
making scenario may be linked to a prior reference point, perceived gains or losses
that a person has in mind before current search iteration or session, and thus may
vary significantly across different individuals and problematic situations (Kahne-
man, 2003; Schwartz et al., 2002).

In IR evaluation, the satisficing strategy in decision-making may be partially
captured by some of the existing offline metrics, assuming that users will stop
searches once they find the first relevant document that satisfies their information
needs (e.g., reciprocal rank, expected reciprocal rank). However, current relevance-
based metrics may not be able to fully characterize the nature of in situ satisficing
moment or threshold. The threshold may also involve other features and dimensions
of search results, such as usefulness for completing the task, topical diversity,
interestingness, as well as unexpectedness (or information serendipity). Also, the
evaluation of relevance itself may also be affected by other related human biases. For
instance, the first couple of documents encountered in a session are often considered
as relevant ones and may significantly affect users’ evaluations of subsequently
retrieved documents. Thus, focusing on available relevance labels in test collections
only may lead to biased search ranking and inaccurate estimation of levels of user
satisfaction. Consequently, it might be difficult for researchers and system designers
to adaptively optimize ranking and search recommendation algorithms toward the
goal of satisficing in real-world information seeking and search settings.

5.5 Summary

This chapter brings together the insights regarding formal IR models and human
bounded rationality discussed in previous chapters and discusses the ways in which
we can extend several widely adopted (explicitly or implicitly) assumptions in user
modeling and make them more behaviorally realistic. Specifically, based on the
nature of human biases and heuristics discussed in Chap. 4, we explain their possible
impacts on users’ search interaction and evaluation at pre-search, within-search, and
post-search retrospective evaluation stages and suggest revised forms of existing
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assumptions that can incorporate the knowledge about human biases into formal user
models and system evaluation metrics.

Nevertheless, it is worth noting that we as a research community still has a long
way to go before achieving reliable, intelligent bias-aware user modeling and
personalized recommendation. Extending rational assumptions and discussing
potential research problems is the first step toward reaching the ultimate goal of
bias-aware IR that addresses both human biases and algorithmic biases. Beyond this
initial step, researchers also need to develop and further enhance bias-aware user
models and incorporate the knowledge regarding bounded rationality into search and
ranking algorithms, evaluation metrics, and standardized IR evaluation experiments
(Liu, 2022). In addition to the open research problems discussed above, methodo-
logically, how to accurately capture and estimate the real impacts of human biases
and heuristics in naturalistic complex information seeking and retrieval settings,
rather than the (over)simplified decision-making experiments employed in a series of
classic behavioral economics research, also remains an open challenge to the
research community. Also, given the high cost of user studies in both lab and
naturalistic environments, we also need to develop and evaluate the methods through
which we can reliably reuse the study materials (e.g., study design and instruments,
collected data, statistical and machine learning models built and tested) and replicate
the completed experiments in different settings. Researchers may need to both
explore existing user study designs and techniques (e.g., Kelly, 2009; Kelly &
Sugimoto, 2013; Liu & Shah, 2019) and also employ additional signals and design
new study settings where boundedly rational decision-making processes could be
better observed and identified.

In the following chapters, we will discuss the recent research progress on
modeling and simulating human biases in information seeking, retrieval, and rec-
ommendation and identify more specific research questions, directions, as well as
challenges that may require more attention and research efforts from future studies.
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