
Chapter 3
From Rational Agent to Human
with Bounded Rationality

Abstract To clarify and address the errors that occur in model parameter estima-
tions and behavior predictions, researchers may need to start with investigating the
hidden gaps between rational agent and human that are ignored or covered by
oversimplified model assumptions. These gaps could occur in both factual, ad hoc
retrieval and whole-session interactive retrieval and involve multiple aspects of
search interactions, including not only user characteristics and their search strategies
but also search task features, search interfaces, as well as situational factors. In this
chapter, we summarize and briefly discuss the gaps we identified between simplified
rational assumptions and empirically confirmed human biases and then propose a
preliminary bias-aware evaluation framework to describe the connections between
different stages of search sessions and diverse types of biases. The identified gaps
will serve as the basis for developing bias-aware user models, search systems, and
evaluation metrics.

3.1 Background

Formally modeling users often serves as a fundamental step toward predicting users’
search activities and evaluating varying aspects of search system performances.
Building formal models also facilitates the simulation of user actions and associated
system responses, which supports the generation of synthetic evaluation data and
enhances the reproducibility and reusability of offline IR evaluation materials.
However, from a user-oriented perspective, as discussed in Chap. 2, previous
research from both IR and other related fields (e.g., information seeking, human-
computer interaction, behavioral economics, and decision-making) calls into ques-
tion the fundamentals of existing IR user models of varying types (e.g., Agosto,
2002; Azzopardi, 2021; Barnes, 1984; Charness & Dave, 2017; Eickhoff, 2018;
Kahneman, 2003; Liu & Han, 2020) and demands revisiting the implicit assump-
tions upon which formal models and evaluation measures were built. In general,
boundedly rational users may not be able to perform accurate computation tasks and
complex comparisons among available options due to limited cognitive resources
and insufficient information regarding the problematic situation. As a result, users
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under the impacts of multilevel biases and situational restrictions usually rely on
certain mental shortcuts for addressing most of the tasks and do not always pursue
theoretically optimal outcomes as it is assumed in most formal models and offline
evaluation measures. Moreover, these mental shortcuts or biased decision-making
strategies may be affected and even reinforced by diverse components of search
systems (e.g., ranked search result lists, query recommendations based on different
rules, vertical search results) and algorithmic biases in IR, especially in search result
ranking (Diaz et al., 2020; Ekstrand et al., 2019; Gao & Shah, 2019).

To clarify and address the errors that occur in model parameter estimations and
behavior predictions, researchers need to start with investigating the gaps between
rational agent and human that are ignored or covered by oversimplified model
assumptions. These gaps could occur in both factual, ad hoc retrieval and whole-
session interactive retrieval and involves multiple aspects of search interactions,
including not only user characteristics and their search strategies but also search task
features, search interfaces, as well as situational factors. Although investigating
these implicit gaps alone do not guarantee improved results in behavior prediction
and user-oriented search evaluation, it serves as a critical starting point toward
developing more accurate, behaviorally realistic formal user models. Building
these bias-aware user models may also increase the transparency of advanced
machine-learning (ML)-based user models trained based on large-scale behavioral
logs and help explain the hidden behavioral traces behind improved performances in
relevance estimation, behavioral prediction, and IR evaluation.

3.2 Gaps Between Biased Users and Formal User Models

Regarding click models, although different models have been developed based on
diverse assumptions, user models, and parameters, most of the assumptions are
associated with the two widely examined components: attractiveness and examina-
tion (Chuklin et al., 2015; Zhang et al., 2022). Many of these assumptions, especially
the ones regarding the impacts of rank positions, document features and browsing
sequences and share similar characteristics with that of offline evaluation metrics
(Zhang et al., 2017). For instance, multiple click models were built upon examina-
tion hypothesis (e.g., cascade model, position-based model, user browsing model)
and assumes that the probability of examination is largely affected by the rank
position of retrieved search results. This assumption echoes the implicit user models
behind many offline metrics, such as nDCG and ERR, which assign lower weights
(or higher stopping or skipping rate) to lower ranked documents. The prediction
target of click models, clickthrough events, is associated with clicking activities as
online evaluation metrics. Thus, the biases and cognitive limits that affect the
robustness of evaluation metrics may also generate impacts on the performance of
click models through creating unexpected variations in levels of attractiveness and
examination probabilities in SERP browsing. Given these overlaps and similarities,
we combined clicks and offline evaluation metrics into the same section of gap
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analysis to avoid unnecessary duplications. Specifically, we include the discussion
on clickthrough events, levels of attractiveness, and examination probabilities under
the broader scope of online behavioral metrics, which also include dwell time
features, cursor movement, as well as other browsing-related user search activities.

Table 3.1 summarizes the gaps between user biases reported in Chap. 1 and the
mainstream behavioral (including clickthrough activities by users) and offline eval-
uation metrics. By summarizing these gaps, this chapter reveals the inconsistencies
between simplified user models and real-life bounded rationality users revealed
(both explicitly and implicitly) by existing user studies and evaluation experiments.
The first column lists the widely studied human biases, and we interpreted the bias-
aware user models in the context of information searching in the second column. We
also provide references to related empirical research or conceptual papers for each
identified bias so that readers can refer to the original definitions of user biases and
bounded rationality through these citations.

Nevertheless, the exploration on boundedly rational users and bias-aware evalu-
ation by us as a research community is still far from complete. Also, at the
operationalization level, how to represent different factors associated with
boundedly rational search strategies and estimate their impacts in evaluation remains
to be a major challenge. Before addressing these broader challenges at both empir-
ical and methodological levels, we need to first review and synthesize the related
research progresses made by information seeking, IR, as well as behavioral science
researchers on scattered topics and individual specific problems.

To facilitate the analysis, we present the user models derived from the empirical
research on user biases and explain how these derived user behavioral models
contradict with the existing metrics. The metrics analyzed in the table include not
only the basic metrics, such as nDCG, rank-biased precision (RBP), as well as
metrics@K but also more recent metrics and evaluation frameworks, such as C/W/L
(Azzopardi et al., 2021; Moffat et al., 2017). To cover a broad range of evaluation
measures, our analysis includes both process-oriented evaluation measures, which
focus on search process and behaviors (e.g., querying, clicking, dwell time mea-
sures) (Hofmann et al., 2016), and outcome-oriented evaluation measures, which
characterize search result features (e.g., relevance-based metrics, usefulness) (Clarke
et al., 2020; Harman, 2011; Sanderson, 2010; White, 2016). Note that process-
oriented measures (third column) also include assumptions of click actions, which
also involve and overlap some components of click models (e.g., attractiveness,
examination probabilities) discussed in the previous chapter.

In the third and fourth columns, we explain how each user bias and the associated
user model contradict with the assumptions and parameter setups of different
evaluation measures. These gaps are identified based upon both Zhang et al.
(2017)’s general evaluation framework and IR studies on individual metrics (e.g.,
Azzopardi et al., 2018; Chapelle et al., 2009; Moffat & Zobel, 2008). Under each
type of user models and metrics, we explain how they conflict with each individual
user biases identified in behavioral experiments and what would be the possible
changes and adjustments we could make on existing model components or under
current frameworks (e.g., rank-based discount rate) to incorporate user biases into

https://doi.org/10.1007/978-3-031-23229-9_1


Derived bias-aware
user model/feature

Outcome-oriented
measure

68 3 From Rational Agent to Human with Bounded Rationality

Table 3.1 Gaps between user biases and IR metrics

Empirically
confirmed user
biases

Process-oriented
measure (e.g., click,
browsing, and dwell
time)

Reference depen-
dence (Tversky &
Kahneman, 1991)

Users evaluate their
relative search gains
and losses (e.g.,
increased search
efforts, decreased
search efficiency)
according to certain
reference points or
pre-search expecta-
tions, not merely final
outcomes

All process-oriented/
behavioral measures:
users may evaluate
different search actions
based on losses and
gains with respect to a
reference point or
expectation developed
in previous interac-
tions, rather than final
outcome values. For
instance, initially
encountered high-
quality results may
lead to higher thresh-
olds of attractiveness,
examination, as well as
clicks for following
results both within the
same SERP and in
other query segments

Rank-biased precision
(RBP), expected
reciprocal rank
(ERR): stopping and
skipping rate may
vary across different
ranks due to the
changes in references
and expectations
Normalized
discounted cumulated
gain (nDCG), utility
accumulation model
of C/W/L: different
users may have dif-
ferent utility discount
rates at different
moments or states of
search sessions due to
the variations in refer-
ence points. Thus, it
may be of help to
design and test differ-
ent utility discount
models based upon
users’ task states and
state transition pat-
terns within sessions
(Liu et al., 2020a; Liu
& Yu, 2021)

Loss aversion
(Tversky & Kahne-
man, 1991; Kahne-
man, 2003)

Users’ evaluations of
different search results
and search strategies
are more sensitive to
the variations in per-
ceived or estimated
search losses than to
gains, which may lead
to changes in subse-
quent search and eval-
uation tactics

All process-oriented/
behavioral measures:
users tend to be more
sensitive to perceived
losses and try to avoid
search actions or
results that are likely to
result in search time
losses and reduced
cognitive resources
(e.g., increased search
efforts, limited useful
information)

RBP, ERR: users may
have a higher stopping
and skipping rate at a
rank where they per-
ceive a relatively loss
(e.g., less relevant
title, confusing search
snippet).
nDCG, document
utility model of C/W/
L: a perceived loss at a
rank or a search itera-
tion may lead to an
increased gain dis-
count rate

Users’ judgments on
different search actions

The specific forms and
narratives of search

RBP, nDCG,
metrics@K,

(continued)
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result snippets (e.g.,
organic search results,
images, news verticals)
with similar or same
contents may result in
different levels of
attractiveness, exami-
nation probability,
clickthrough rate, as
well as document
dwell time (if clicked)

document utility
model of C/W/L: a
result framed or per-
ceived as a loss (rela-
tive drops in result
quality and clarity,
increased difficulty in
comprehension) may
incur significantly
higher stopping and
discount rates in
browsing processes
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Table 3.1 (continued)

Empirically
confirmed user
biases

Process-oriented
measure (e.g., click,
browsing, and dwell
time)

Framing effects
(Nelson et al.,
1997)

and results are affected
not only by the nature
of the options but also
the ways in which they
are framed and
presented

Salience bias
(Tiefenbeck et al.,
2018)

Users often focus on
and are more likely to
be attracted by the
information objects
that are especially
remarkable and more
salient than other
objects

All behavioral mea-
sures: users may spend
longer dwell time and
have higher examina-
tion and click proba-
bilities on visually
salient items and
objects

RBP, nDCG,
metrics@K, docu-
ment utility model of
C/W/L: salient items
(e.g., vertical results,
knowledge cards,
organic search results
near vertical blocks)
may have higher click
rates and lower stop-
ping or discount rates;
salient items, with
similar contents to
others, may have a
higher estimated rele-
vance. Note that these
assumptions associ-
ated with salience bias
partially echo that of
vertical click models

Peak-end rule,
position bias, order
effects; primacy
and recency (Kah-
neman, 2003)

In listwise and session
evaluations, a user’s
overall experience is
significantly affected
by peak and end/recent
points of local
experiences

Session behavioral
measures: the local
search behavior and
experience measures at
peak and end search
moments can better
represent session-level
experience than tradi-
tional sum and
average-value-based
measures. Knowledge
of this bias conflict
with the assumption
that all moments or
search iterations are

Session-level mea-
sures, utility accumu-
lation model of C/W/
L: the local search
result metrics at peak
and end search
moments can better
represent session
experience than sum
and average-value-
based measures, e.g.,
mean average preci-
sion (MAP); users’ in
situ perception (e.g.,
query-level search

(continued)
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Table 3.1 (continued)

Empirically
confirmed user
biases

Process-oriented
measure (e.g., click,
browsing, and dwell
time)

Outcome-oriented
measure

satisfaction) at peak
and end search
moments can better
represent session
experience

Decoy effect
(Zhang & Zhang,
2007)

Users change their
preference between
different search results
when presented with a
third option (the
decoy) that is asym-
metrically dominated

Clicks, browsing (e.g.,
scrolls, mouse, and eye
movements), and dwell
time measures: users’
implicit feedback (e.g.,
dwell time) on two
similar results could be
affected by an implicit
decoy option in deci-
sion-making

RBP, nDCG,
metrics@K, user
stopping model of
C/W/L: a decoy
search result may
affect gain discount
and stopping rates at
adjacent rank posi-
tions. Researchers
need to look at the
implicit connections
among different
results on a SERP

Priming effect
(Tipper, 1985)

A user’s exposure to a
search result subcon-
sciously affects their
evaluation of a subse-
quent result or
recommendation

Previously encoun-
tered search result
snippets may affect the
probability of attrac-
tiveness and examina-
tion on subsequent
search result snippets
presented on SERPs.
The changes in attrac-
tiveness and examina-
tion probabilities may
also result in variations
in clickthrough rates

All relevance- and
usefulness-based
measures: the rele-
vance and usefulness
levels of an encoun-
tered landing page
may affect the user’s
evaluation criteria
(e.g., thresholds for
relevant and useful-
ness judgment) in fol-
lowing search
interactions

Confirmation bias,
anchoring bias
(Nickerson, 1998)

Users tend to accept
the search results that
are consistent with
their prior beliefs,
expected conclusions,
and/or the initially
encountered search
results or documents

Clicks, browsing, and
dwell time measures:
users tend to spend
more time and atten-
tion on results that
confirm their existing
beliefs and expecta-
tions; results that echo
existing beliefs and in
situ search expecta-
tions may enjoy a
higher clickthrough
rate and dwell time

RBP, nDCG,
metrics@K, user
stopping model and
document utility
model of C/W/L:
lower ranked results
and/or later reviewed
results that confirm
existing beliefs or ini-
tially encountered
results may be associ-
ated with a lower dis-
count rate and skip
rate. Thus, researchers
may need to measure

(continued)
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Table 3.1 (continued)

Empirically
confirmed user
biases

Process-oriented
measure (e.g., click,
browsing, and dwell
time)

Outcome-oriented
measure

the relevance of cur-
rent result to both the
overall topic or query
and the user’s anchor-
ing point

Ambiguity effects,
risk aversion (Pratt,
1978)

Users prefer search
results and recommen-
dations with low
uncertainty or ambigu-
ity (e.g., Web pages
that present “clear
facts” or direct answers
to queries)

Clicks: users may have
a lower click rate on
results that seem to be
uncertain or ambigu-
ous (although these
results may be useful
for completing open-
ended, intellectually
challenging search
tasks)
Dwell time measures:
users may tend to
spend less time, have a
higher skip rate, or
underestimate rele-
vance on seemingly
ambiguous results

RBP, nDCG, ERR,
metrics@K, docu-
ment utility model of
C/W/L: users may
have a higher skip rate
and gain discount rate
on search results that
seem to be ambiguous
or uncertain. Thus, the
specific discount rate
could be written as a
function of document
relevance, rank posi-
tion, and content
ambiguity of both
document itself and
the corresponding
search result snippet
on the SERP

Theory of
satisficing (Simon,
1955)

Users tend to stop at
satisficing or “good
enough” search results,
rather than keeping
exploring potentially
better search results or
seeking for theoreti-
cally optimized search
outcomes

Clicks, browsing, and
dwell time measures:
users’ criteria for
satisficing results are
affected by their prior
interactions and in situ
search expectations.
Increased search
efforts or frustrations
may lower the thresh-
old of satisficing

RBP, nDCG, ERR,
metrics@K, user
stopping model of
C/W/L: Instead of
having a preexisting
cost budget in mind, a
user may stop
searching once a
satisficing result is
encountered during
SERP browsing. The
specific satisficing
threshold, however,
may vary across dif-
ferent search sessions,
and individuals and
may be related to both
pre-search expectation
and in situ outcomes
and estimated
difficulty
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Table 3.1 (continued)

Empirically
confirmed user
biases

Process-oriented
measure (e.g., click,
browsing, and dwell
time)

Bandwagon effect
(Schmitt-Beck,
2015)

Users tend to seek for
and accept certain
search strategies and
search results simply
because other users are
using them

Click, browsing, and
dwell time measures:
in search and evalua-
tion contexts where
users can observe other
users’ reactions (e.g.,
ratings, retweets, and
comments in social
information seeking), a
user may be more
likely to react to (e.g.,
click) or given a higher
rating on results and
recommendations that
are broadly accepted
by other users

In social information
seeking and search,
offline evaluation
metrics may need to
take into account the
impacts of social fac-
tors presented in
retrieval process, in
addition to the widely
studied factors, such
as features of search
result snippets, rank
positions, and docu-
ment relevance. This
effect is less relevant
in traditional
Cranfield experi-
ments, where
researchers treat
searches as individual,
separate events

formal models. More detailed discussions on the extension of model assumptions
based on the knowledge of bounded rationality and the development of user models
beyond current structures would be provided in the following chapters. In this
chapter, our goal is to provide an overview of the major gaps between identified
biases and existing formal models, rather than examining the specific metric revision
or model extension plan associated with each user bias.

Research on boundedly rational users should not be treated as an independent
research topic that is separated from traditional formal models. Similar to the aim of
behavioral economics within broader economics research problem space
(cf. Kahneman, 2003), our goal behind emphasizing user biases and identifying
gaps between rational agents and human is not to replace existing user models or
negate the value of widely applied offline evaluation metrics. Instead, as it is
presented in Fig. 3.1, the knowledge of these gaps will allow researchers to extend
and further generalize existing formal models and metrics in a user-oriented, bias-
aware manner, with existing metrics being a special simplified or ideal application
scenario (with no or minimized impacts from human biases and situational factors).
In other words, the existing formal models and simplified assumptions could be used
as the computational basis for incorporating new parameters and representations of
human and situational factors and for developing more sophisticated user models.
The extent to which the enhanced bias-aware user models could capture the search
and judgment strategies of real users depends on both the empirical knowledge of
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Fig. 3.1 Simulated ideal user and boundedly rational user in IR experiments

human bounded rationality from multiple disciplines and the available resources for
model training and validation.

In addition, at practical level, identifying these implicit gaps in research will also
inform the design of adaptive, personalized search and recommendation systems that
can take into account both algorithmic biases (e.g., Ekstrand et al., 2019; Gao &
Shah, 2019) and human biases in search interactions (e.g., Azzopardi, 2021; Liu &
Han, 2020). Taking this bias-aware perspective into user modeling, we could further
enhance the effectiveness and multi-dimensional fairness of existing adaptive and
interactive information systems (e.g., Liu & Shah, 2022; Luo et al., 2014; Voorhees,
2008; Zhang et al., 2020a, b).

The summary presented In Table 3.1 focuses on a series of widely used behav-
ioral and offline evaluation metrics proposed and tested in previous research and is
by no means exhaustive. Instead, our goal in this chapter is to present and illustrate
major metric-bias gaps based on the discussions on assumptions and formal user
models in Chap. 2 and inform the design of bias-aware user modeling and evaluation
framework built upon existing behavioral measures and offline evaluation metrics.
The descriptions of derived user models (second column) are developed based on the
definitions and empirical evidences on each identified user biases in the first column.
More details regarding findings from behavioral experiments, related concepts, and
theories, as well as similar cognitive or perceptual biases will be provided and
discussed in Chap. 4. In this chapter, our hope is that the readers can have a flavor
of existing research on human biases that lead to boundedly rational decisions, as
well as their conflicts with the assumptions of formal IR models.

Table 3.1 presents a series of basic boundedly rational user models derived from
the knowledge of user biases and bounded rationality in decision-making (e.g.,
Kahneman, 2003) and points out the ways in which they may conflict with existing
components of click models, online behavioral metrics, as well as offline outcome-
oriented metrics. The identified gaps between user models associated with existing
click models and evaluation metrics and knowledge of human bounded rationality
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pave new paths toward developing more behaviorally accurate and practically useful
prediction models and evaluation measures.

In general, Table 3.1 can serve as a checklist or initial research agenda for
graduate students and young researchers to explore available research topics and
develop models of critical user biases in the context of interactive IR. For instance,
given the knowledge about reference dependence biases from behavioral economics
research, researchers could redesign the utility discount rates and formulate it as a
function of not only query and rank positions but also the dynamic reference level
within the current search session. In addition, with respect to salience bias,
researchers and system designers need to go beyond traditional rank position factor
and take into account the impacts of other system output factors and items and
examine their levels of saliency compared to adjacent search results and model the
possible perceptual biases associated with the visually more salient items. Similar to
these biases, exploring the impacts of other cognitive and perceptual biases can also
enhance our understanding of search decision-making and potentially pave ways
toward more useful user models.

Beyond individual human biases and cognitive limits, it is also critical to explore
the in situ interactions among different types of human biases and investigate the
ways in which they are affected by algorithmic biases reflected in ranked result lists
and jointly decide local search decisions (e.g., query reformulation, clicking, search
stopping) and global perceptions and judgments (e.g., whole-session user satisfac-
tion, perceived level of search and task success).

3.3 Hidden Problems Behind Metric-Bias Gaps

Exploring and clarifying the gaps between formal user models (especially the
associated implicitly made assumptions) and human biases can help researchers
understand and explain different aspects and types of bounded rationality in
search-related decision-making. Also, our investigation on the basic assumptions
and hidden gaps offers an opportunity to revisit and reflect on the fundamentals of
the established IR models, metrics, and the ranking algorithms designed and trained
based upon them. Although different user biases, user models, and metrics take
different forms and are applied in varying ways, they share many similarities in
behavioral and perceptual origins and can be grouped into a small set of gap
categories. Specifically, most of the metric-bias gaps (especially the ones related to
evaluation and judgment) discussed above are associated with three main problems:

• Problem 1: dynamic and subjective nature of users’ perceived rewards and costs,
which usually deviate from actual behavior-based events and simulated rewards
and costs in click models and evaluation metrics

• Problem 2: changing evaluation criteria and thresholds on document relevance,
usefulness, and other related dimensions of evaluation across different moments
and states of interactive search sessions
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Fig. 3.2 Some gaps between simulated user and boundedly rational user

• Problem 3: nonlinear relationship between in situ local evaluation (e.g., query-
level search gains, perceived cognitive loads and efforts) and whole-session
search evaluation (e.g., session-level user engagement, perceived level of suc-
cess, and search satisfaction)

The three problems that illustrate the some of the major gaps and conflicts
between simulated, formal users and real-life boundedly rational users are summa-
rized in Fig. 3.2. Regarding Problem 1, according to findings from behavioral
research on reference dependence and loss aversion, users’ perceived rewards and
costs, which usually serve as the basis for subsequent decision-making, are formed
based on dynamic reference points. This thesis conflicts with the final-value-based
measures (e.g., total number of clicks and dwell time on SERPs, browsing and cursor
movement distances, average nDCG) and assumptions on static costs and gains in
search interactions (Azzopardi, 2011, 2014; Azzopardi & Zuccon, 2016). Also, the
idea and findings regarding the impacts of reference dependence, anchoring, and
framing also challenge the commonly used assumption on cost budget (e.g.,
metrics@K) as users’ in situ perceptions of search cost and implicit acceptable
gain-cost ratio may vary over time due to the changes in references and expectations.
Built upon the common reference points identified in behavioral economics research
(e.g., Kahneman, 2003; Markle et al., 2018; Martin, 2017; Tversky & Kahneman,
1991), Liu and Han (2020) developed a variety of estimated reference-dependent
measures and demonstrated their contributions to predicting user behavior and
satisfaction. However, how users actually evaluate costs and rewards (e.g., how
much time cost equals to or is comparable to the benefits from relevant results) still
remains ambiguous and would require further user study efforts to address. To
extend existing formal models and evaluation measures, researchers may need to
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examine more possible reference points or learn personalized reference levels and in
situ expectations regarding information gains and efforts from individual users’
search interactions and relevance judgments (Liu & Han, 2020).

Taking a step back from diverse evaluation measures, Problem 2 calls for a revisit
on the fundamental ground-truth measures (e.g., relevance, usefulness, user satis-
faction) based upon which a large body of outcome-oriented evaluation measures
were constructed, especially in the context of whole-session search evaluation. For
instance, according to Scholer et al. (2013), users’ relevance criteria vary over time
and are largely affected by the quality of documents they evaluated in prior search
iterations (i.e., threshold priming). Users who are exposed to only non-relevant
documents in early sessions tend to assign significantly higher average relevance
scores to the documents in later sessions, compared to the users who are exposed to
highly relevant documents in early sessions. Thus, to obtain more balanced, unbi-
ased assessment results and avoid the impacts of priming, researchers should expose
expert assessors to multiple levels or broader range of relevance score levels early in
the evaluation process. This early exposure to diversified documents will help
assessors better calibrate the relevance thresholds for judgments. Although the
original experiments on this relevance threshold priming effects were conducted in
controlled evaluation-only settings, it is possible that threshold priming, as a form of
reference dependence in evaluation, also exists in real-life search interactions and
may affect not only explicit judgments and evaluations but also implicit feedbacks
(e.g., dwell time, cursor movement, browsing, and examination on search results).
Also, as an evidence of the complexity of user evaluation, Scholer et al. (2013) also
found that users struggled to base their judgments merely on topical relevance and
clearly block out the effects of cognitive, situational, and affective relevance. This
result indicates that the implicit changes of evaluation thresholds is
multidimensional in nature and different dimensions of judgment may interact
with each other.

In addition to controlled evaluation-oriented settings, some researchers also
examined in situ relevance judgment (e.g., Jiang et al., 2017) and explored the
interactions between relevance judgment and usefulness annotations during Web
search sessions (Mao et al., 2016). These studies demonstrate the variations in user
perceptions and dynamic evaluation thresholds and thereby partially explain why
traditional relevance-based evaluation metrics built upon simplified models are not
always well aligned with in situ user satisfaction, especially in complex, intellectu-
ally challenging search tasks. Compared to document relevance, usefulness as a
ground-truth label has the potential to achieve better performance in estimating
users’ actual search experience and properly evaluating system performances in a
user-oriented manner (Cole et al., 2009). External assessors are capable of annotat-
ing document usefulness when offered more information about the search context
(Mao et al., 2016). However, understanding the nature of usefulness (especially its
connections to individual differences and preferences), developing standard and
unbiased usefulness-based measures, and applying them in large-scale reproducible
experiments are still open challenges to the IR research community (Liu, 2022).



3.3 Hidden Problems Behind Metric-Bias Gaps 77

These fundamental challenges in IR evaluation are often bypassed in controlled
relevance-based evaluation experiments and user simulations.

Due to the mixed effects generated from multiple sources (e.g., individual human
biases, task characteristics, search states, and in situ search session experience), the
annotation-based ground-truth measures in IR may act as moving targets, rather than
fixed optimal points that often assumed to be consistent across different search
sessions and experimental settings. This dynamic nature introduces fundamental
challenges to user-aware IR evaluation and may cause systematic errors in search
system evaluation across different contexts. As a result, research on standardizing
the documentation and reuse of interactive IR evaluation resources (e.g., tasks,
search interaction logs, user judgments, as well as trained models) still face various
challenges (Gäde et al., 2021; Liu, 2022). To address this issue and enhance the
robustness of IR evaluation, researchers need to further explore the role and impacts
of individual differences, especially the systematic user biases and situational limits
(e.g., time limit, available system support, quality of information) and capture the
systematic effects hidden in seemingly random errors for achieving more accurate
user modeling and realistic search system evaluation.

According to findings on anchoring bias (e.g., Chen et al., 2022), users’ existing
beliefs, biases, and initially encountered information have significant impacts on
their subsequent judgments of document usefulness and credibility and information
use behavior in search interactions (White, 2013). The variations in in situ evaluation
thresholds and users’ search expectations also affect users’ search stopping and
skipping strategies, which calls for revisits and adjustments on related metrics and
parameters (e.g., nDCG, ERR, user stopping model of C/W/L), especially in user-
oriented session evaluation. Given these findings, researchers can assign adjusted
weights to documents judged at different points of search sessions to mitigate the
impact of user biases on relevance and usefulness labeling and reliability of IR
evaluations. To facilitate user-aware reproducible IR evaluation experiments, the
possible changes of judgment thresholds, users’ references, as well as other impacts
associated with bounded rationality should be considered and properly represented
as part of the interactive IR test collections (Liu, 2022).

Problem 3 goes beyond individual result evaluation and focuses on the connec-
tion between a sequence of local, in situ experience and whole-session evaluation.
According to recent research on user biases in search evaluation (Liu & Han, 2020;
Liu et al., 2019b), users’ experiences at peak and end points usually have higher
impacts on session-level evaluations than other search moments. In addition, users’
overall experience has no significant correlation with other intuitive search effort
measures, such as total dwell time and total number of clicks. This result echoes the
findings on peak-end rule from behavioral experiments (e.g., Kahneman, 2003; Sels
et al., 2019). Thus, similar to within-SERP evaluation, in interactive session evalu-
ation, the weights of search outcomes and experiences at different moments or under
different search states may have largely different impacts on whole-session search
experience due to multiple cognitive effects and biases, such as reference depen-
dence biases, peak-end evaluation rule, anchoring biases, and recency effects
(Brown & Liu, 2022; Chen et al., 2022; Liu & Han, 2020; Liu et al., 2019b;
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Zhang et al., 2020a, b). The specific weight distributions applied in different sessions
and evaluation contexts may need to be tailored to different user populations, search
task types, as well as distributions of task states and query-level search intentions
(Liu et al., 2020a; Mitsui et al., 2017).

In addition to individual click models and evaluation metrics, researchers have
also developed a series of formal models to characterize information search interac-
tion. For instance, information foraging theory (IFT) depicts and predicts online
information seeking activities based on the assumption that users always try to
maximize the rate at which they collect useful information (Pirolli & Card, 1999).
This assumption of IFT could be traced back to the economic man assumption
behind classical microeconomics theories: individuals have complete, unbiased
knowledge about their search costs and gains, and they always seek to optimize
the allocation and consumption of limited resources available in order to obtain
optimal outcomes. This assumption allows researchers to model the changes of cost-
gain ratio in search sessions and calculate expected utility as the basis for evaluating
and prediction next-step search decisions, such as continuing browsing, clicking,
and search stopping.

Similarly, other researchers have also followed these assumptions in IFT and
applied economic models in developing formal models of search gain, cost, and user
actions in IR (e.g., Azzopardi, 2011, 2014). Azzopardi (2014) extends search
economic theory built in previous works by developing a more comprehensive
interaction cost model and derived eight interaction-based hypotheses regarding
search behavior. These hypotheses jointly cover different aspects of the interactions
among query cost, page cost, assessment cost, snippet cost, assessment probability,
and search performance or efficiency. The experimental results obtained on TREC
Aquaint Collection show that the economic models of interaction can to some extent
predict the observed search behaviors and that the economic approach could provide
credible explanations for users’ search actions. While the adoption of economic
models and assumptions reduce the computational complexity of formal user models
in these studies, the assumptions of always maximizing utility contradict with the
knowledge of multiple empirically confirmed human biases, such as theory of
satisficing, loss aversion, and reference dependence biases (Agosto, 2002; Liu &
Han, 2020). Beyond offline system evaluation experiments, researchers also need to
examine the components of existing interaction cost models (e.g., costs of formu-
lating queries, reading content pages, browsing search result snippets, and transiting
different subtopics) and their deviations from users’ perceptions and estimations.
Also, when modeling and evaluating search interactions in sessions, researchers
need to pay attention to the dynamic gaps between user perception (e.g., perceived
time length) and search activities (e.g., actual dwell time on Web pages) (Luo et al.,
2017). The outcome-perception gap is associated with both individual differences
(e.g., users’ tolerance of information uncertainty and tendencies of risk aversion) and
in situ changes of search gains, efforts (e.g., relevance of previously examined
documents, total elapsed time), as well as search intentions.

Beyond examining specific measures and user models, it is also critical to rethink
and revisit the ground-truth measures based upon which we evaluate systems and
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meta-evaluate evaluation metrics in light of individual users’ differences and biases
(Liu, 2022). User satisfaction as a self-reported measure has been widely applied in
interactive IR evaluation experiments (e.g., Chen et al., 2017; Liu & Shah, 2019a;
Mao et al., 2016) and information systems evaluation in general (Gatian, 1994;
Wixom & Todd, 2005; Zviran & Erlich, 2003). According to the empirical findings
on peak-end rule and recency effects, researchers need to re-examine the relationship
between in situ experienced satisfaction and session-level retrospective remembered
satisfaction (which may significantly deviate from average or total value of in situ
satisfaction scores). Besides, user satisfaction as a multifaceted concept may subject
to the influence of multiple interrelated factors, such as document relevance, infor-
mation understandability, emotional state, and task state in information seeking and
retrieval (Liu, 2021). Deconstructing user satisfaction measure into separate dimen-
sions may allow researchers to better capture the dynamic nature of user satisfaction
and evaluate the multifaceted contributions of IR systems to users and their search
tasks in a more accurate manner.

Apart from user biases, there are also other practical challenges associated with
above evaluation measures. For instance, it might be reasonable to assume that users
have an implicit or subconscious “cost budget” (e.g., the maximum number of clicks
and/or time spent) for a search interaction. As discussed in previous chapters, the
idea of cost budget serves as an implicit basis for multiple offline metrics (Zhang
et al., 2017). However, it is difficult to accurately estimate users’ cost budgets,
mainly for three reasons:

1. Different users have different levels of topic familiarity, task urgency, and search
literacy.

2. Same user may have different cost budgets under varying search intents. For
instance, users may have more flexible budgets under exploration stage but
become stricter when they have a well-defined target item for search.

3. A user’s perceived cost is not always consistent with objectively measured costs
and is subject to the influence of contextual factors, such as time pressure, task
difficulty, and users’ emotional states.

Luo et al. (2017) found that there are gaps between users’ perception of time and
actual dwell time and that document relevance can significantly affect users’ per-
ception of time and their satisfaction feedbacks.

Also, in relevance and usefulness estimation, researchers usually assume a
landing page to be useful if a user spent more than 30 s on reading the page (Chen
et al., 2017; White & Huang, 2010) or if the page is clicked by two different users
under similar search tasks (Hendahewa & Shah, 2017; Shah & González-Ibáñez,
2011). However, depending on the nature of the motivating task, users’ topic
familiarity and domain knowledge, and the availability of “direct answers” on
SERPs, this assumption, which could be established in laboratory settings, may
not always be tenable in real-life search scenarios (Liu & Shah, 2022).

Beyond individuals’ information seeking and search contexts, a user’s search and
evaluation activities are also affected by the information generated and decisions
made by other users and social interactions (i.e., Bandwagon effect; Barnfield,
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2020). For instance, in the context of social information seeking, users tend to accept
information that are widely accepted or used by other users (e.g., tweets that receive
a large number of retweets, answers that receive a large number of votes and follow-
up comments in social Q&A sites) (Asghar, 2015; Kim et al., 2013). Information
from social networks, Q&A sites, and discussion forums is playing an increasingly
important role in everyday life tasks and decision-making events (Kairam et al.,
2013; Oeldorf-Hirsch et al., 2014). Investigating the role of Bandwagon effect would
allow researchers to better understand individuals’ information use and decision-
making activities.

Although the popularity of information objects may reflect certain aspects of
information quality, they may be caused by certain information source exposure
biases on the algorithmic side (cf. Diaz et al., 2020), which may end up increasing or
reinforcing users’ existing biases toward certain pre-search beliefs, perspectives, or
political views. To address this issue, next-generation search systems should not
only address the task of algorithmic debiasing in ranking and information exposure
but also provide cognitive debiasing for addressing users’ current anchoring and
reference dependence biases, which may lead to undesired decision-making out-
comes (Croskerry, 2003).

3.4 Preliminary Bias-Aware Interactive User Modeling
and Evaluation Framework

This section proposes a general, preliminary bias-aware framework to facilitate the
integration of insights regarding user biases with IR research, especially user-
oriented search evaluation. Our discussion on the framework includes user behav-
ioral models and assumptions as the foundation, bias-aware extension of online and
offline metrics, ground-truth labels and assessors, levels of evaluation (i.e., single-
query-level and session/task level), as well as evaluation settings and environments.
In Fig. 3.3, we seek to comprehensively cover the overall broad picture and depict
the vision of bias-aware user modeling and evaluation. We leave further discussion
on the role of each bias and model specifications (e.g., operationalization of costs
and rewards, hyperparameters for model learning, structure of loss functions, opti-
mization rules) for the following chapters as well as future research works and
experiments. Based on the above discussion on the gaps between formally simulated
users and boundedly rational users, the framework presented in Fig. 3.3 can serve as
a preliminary work or initial structure within which more detailed user models
focusing on different levels and components could be better defined and tested in
individual experiments. Chapter 4 will further explain the factors of bounded
rationality and human biases presented in Fig. 3.3 and discuss the associated theories
and empirical experiments (at both behavioral and neural levels) that support them.

It is worth noting that developing and testing user-oriented bias-aware user
models and associated products (e.g., click model, session simulation model, offline

https://doi.org/10.1007/978-3-031-23229-9_4
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Fig. 3.3 Bias-aware IIR evaluation framework

evaluation metrics) would require extra efforts and more complicated representa-
tions than that of traditional Cranfield experiments and offline models (Liu, 2022).
To further clarify the knowledge needed for at least partially addressing the gap and
specifying bias-aware framework, researchers will need to develop deeper under-
standing on human biases and bounded rationality in decision-making (Chap. 4) and
then leverage the knowledge in revising and improving existing assumptions and
formal user models (Chap. 5).

Aligned with the evidence and arguments on metric-bias gaps offered in Sect. 3.2,
in our framework, we argue that users’ search behaviors and strategies, perceptions
of information gains from search results, and evaluation thresholds are affected by
both in situ changing references (e.g., reference dependence bias, loss aversion,
decoy effect) and pre-search beliefs and expectations (e.g., confirmation bias,
anchoring bias). In Fig. 3.3, users’ judgments, perceptions, and search decisions
are affected by the delta values both between current value and moving reference
point and between current value and pre-search anchoring point. The perceptual
changes or delta values over different dimensions (e.g., perceived search efforts,
perceived informational gains) are not only associated with the mathematically
calculatable differences in search actions (e.g., changes in number of clicks and
dwell time on pages) and search outcomes (e.g., changes in precision and nDCG
scores) but also related to the way in which information objects are framed and
presented. With similar content and amount of useful information, different types of
presentation (e.g., as organic search result or vertical blocks) may attract different
levels of user attention and lead to different sizes of changes in perceived efforts.

According to the findings from relevant experiments (e.g., Liu & Han, 2020;
Scholer et al., 2013; White, 2013), the weights of different reference points and
dimensions in search evaluation vary over time and are associated with search task

https://doi.org/10.1007/978-3-031-23229-9_4
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type and individual characteristics. The hidden pre-search beliefs and moving
reference points may contribute to the difficulty in characterizing and predicting
user behavior and judgment in session search. This three-dimension part of the
framework covers the core metric-bias gap Problem 1 and Problem 2.

Responding to Problem 3, we zoom out from individual query segment level and
represent users’ biased search action and evaluation at whole-session level. Specif-
ically, in addition to the impacts of pre-search beliefs, general references, and loss
aversion biases, users’ peak- and end-moment experiences (e.g., maximum number
of clicks and SERP dwell time in individual queries, SERP dwell time in last query
segment) significantly affect their overall session evaluation (Liu & Han, 2020; Liu
et al., 2019a). Also, the starting query may play a significant role in deciding the
overall search strategies and facilitate early prediction of the characteristics of the
overall search task (Mitsui et al., 2018). Knowledge learned from early prediction of
task and session features would offer search systems the opportunity to provide and
collect in situ feedback on not only reactive support but also proactive recommen-
dations (e.g., query modification and document recommendation before predicted
search failure, proactive search result re-ranking) and search interventions (Koskela
et al., 2018; Liu & Shah, 2019b; Shah, 2018; Vuong et al., 2017).

In contrast to the implicit assumptions behind a variety of sum value and average
value-based metrics, Liu and Han (2020) found that the total session dwell time do
not have a significant impact on whole-session user experience. This result indicates
that there are gaps between real-life users’ perception of costs, gains, and efforts and
the actual search interactions, which often lead to errors in search cost estimation and
user satisfaction prediction. Thus, a session-level evaluation model should reflect the
nonlinear relationship between in situ search experience and session experience and
assign different weights to different reference points, rather than simply applying a
monotonically decreasing weight function to all SERPs, search sessions, and search
task types.

In addition to the three main problems presented in Fig. 3.2, the behavior-based
and final-outcome-based measures also deviate from multiple aspects of search
experience, which are often labelled and employed as ground-truth measures in
meta-evaluation. Regarding this, it is worth noting that researchers can evaluate
systems and meta-evaluate evaluation metrics over various dimensions or against
different ground-truth measures, such as user satisfaction (Chen et al., 2017; Liu &
Yu, 2021; Mao et al., 2016), task/cognitive load (Gwizdka, 2010; Hu & Kando,
2017), knowledge learning (Syed & Collins-Thompson, 2018; Yu et al., 2018), as
well as other experience-related measures (e.g., user engagement; O’Brien & Toms,
2008). Some of these ground-truth measures (e.g., user satisfaction) could be
deconstructed into separate facets to facilitate more accurate, reproducible user-
oriented evaluations (Liu, 2021; J. Liu et al., 2020b). To achieve this, more detailed
scales need to be designed and tested based on the knowledge about users’ percep-
tions, their actual behaviors, as well as the human biases that separate them in search
interactions. Many of the action-based and perception-based measures, constructs,
and scales from management information systems research (e.g., Venkatesh &
Davis, 2000; Venkatesh & Bala, 2008) could be adopted and applied to interactive
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IR user modeling and system evaluation experiments across a variety of information
access and human-computer interaction scenarios (e.g., desktop search, mobile
search, chatbot, and spoken search).

3.5 Summary

To better evaluate IR systems and model users’ search interactions, we revisit and
reflect on the fundamentals of existing user models discussed in the previous chapter
and focus on the implicit gaps between boundedly rational users (especially with
respect to their cognitive and perceptual biases) and rational assumptions underpin-
ning a variety of formal models and system evaluation metrics. Furthermore, based
on the discussions on the limitations of current formal models, this work develops a
general bias-aware evaluation framework to roughly characterize the connections
between different components and human biases in search sessions. In contrast to the
growing research attention on algorithmic biases (e.g., Ekstrand et al., 2019; Zehlike
et al., 2017), users’ systematic biases and their impacts have been scarcely studied in
information seeking and retrieval (Azzopardi, 2021; Liu & Han, 2020). This is a
timely opportunity to develop novel concepts, user models, and evaluation measures
based on the insights from behavioral economics for this new branch of IR research
and complement current IIR evaluations and user modeling. Also, leveraging the
knowledge about human-bounded rationality in information seeking (e.g., Agosto,
2002; Chen, 2021) can strengthen the connection between the descriptive user
models developed in information seeking community and computational evaluation
metrics and techniques proposed in information retrieval community.

Apart from investigating specific models, concepts, and evaluation measures, we
are also interested in exploring and enhancing the potential broader impacts of
boundedly rational user models. The ultimate goals for this line of research include
(1) combining the knowledge learned from user biases and algorithmic biases studies
in user modeling and system evaluation, (2) achieving a more comprehensive
understanding on how users’ biases interact with algorithmic biases and how these
two types of biases jointly shape search interactions, and (3) developing unbiased
system supports for critical decision-making, such as vaccination, housing, and
financial investments. To achieve these goals and explore specific research problems
that could be better solved with a bias-aware perspective, the following chapters will
review and introduce the research progresses on bounded rationality in decision-
making under uncertainty. Reviewing and synthesizing the theories and findings in
this area will also provide a richer empirical basis for building formal models of
boundedly rational users and developing bias-aware evaluation metrics. As intelli-
gent interactive systems at large become more ubiquitous and complex, research into
user biases and bounded rationality is going to be increasingly valuable and may
prove to be computationally useful even beyond the field of interactive IR.
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