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Abstract
Characterizing users’ judgments and interactions with search en-
gine result pages (SERPs) has been a central theme in Interactive
Information Retrieval (IIR) evaluation. In contrast to the perfect
rationality assumptions underpinning most existing formal models,
people are boundedly rational and are subject to the influence of
systematic cognitive biases. To enhance the psychological foun-
dation of user models and better understand the in-situ decisions
of boundedly rational users, our between-subject crowdsourcing
experiment explored Decoy Effect on users’ vulnerability to COVID
treatment misinformation, which causes enduring impacts on peo-
ple’s personal health management and wellbeing, and examined
the extent to which this effect is moderated by contextual factors
and user characteristics. Our results, derived from 540 participants
and 2,160 valid SERP evaluation records, indicate that: 1) users’
interactions with decoy results may increase their vulnerability to
medical misinformation in usefulness and credibility judgments; 2)
the size of decoy effect is conditioned by users’ prior knowledge and
the rank position of decoy results. This research empirically reveals
the impact of decoy results on users’ context-dependent preferences
on ranked search results under varying topics and conditions of
medical information evaluation. More broadly, it demonstrates the
value of representing and modeling users interacting with infor-
mation as boundedly rational agents and serves as a step forward
towards achieving the goal of truly human-centered IIR.

CCS Concepts
• Information systems→ Users and interactive retrieval.
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1 Introduction
Characterizing users’ preferences and in-situ judgments has been
a central theme in Interactive Information Retrieval (IIR) evalua-
tion. In contrast to the (over)simplified assumptions underpinning
a variety of formal user models and evaluation metrics, people are
boundedly rational and often influenced by a series of systematic
cognitive biases [16, 33, 73]. According to Kahneman’s Two-Systems
framework [cf. 32], decision makers’ in-situ preferences over multi-
ple options are often established unconsciously and quickly, and are
usually influenced by their cognitive biases, accessible memories
of experiences and heuristics. The operations of System 1 behind
judgments diminishes individuals’ motivations for pursuing careful
comparison of options and accurate estimation of gains and costs.
Consequently, model predictions built upon perfect rationality as-
sumptions often deviate significantly from users’ actual decisions
and retrospective evaluations [43, 46] as individuals’ preferences
tend to be contextual-dependent. While mental shortcuts may accel-
erate information processing under a variety of everyday-life tasks,
they could undermine our ability to accurately evaluate the use-
fulness and credibility of information and also influence decisions
without our awareness [12, 43]. The negative effect of cognitive
limits, biased results, and misinformation become even more se-
vere and ubiquitous as immediate answers and system-generated
human-like responses often appear to be readily available through
diverse online sources, especially under the wide and fast-growing
applications of large language models (LLMs) [7, 21, 22, 74].

To better understand users’ judgments and predict their behav-
iors more accurately (especially in high-stakes tasks, such as med-
ical information search), it is essential to investigate the impacts
of cognitive biases and their interactions with potential moder-
ating factors, such as users’ prior behavior, topical knowledge,
and document rank positions [44, 62, 79, 87]. However, due to the
difficulty of empirically characterizing cognitive biases and the
potential computational complexity of modeling them, the role of
cognitive biases is often abstracted out of formal models in IR eval-
uation and thus remains understudied (with a few exceptions [e.g.
24, 25, 46, 49]), especially when compared to rapidly growing re-
search on algorithmic biases and system-oriented fairness [10, 37].
This gap in research hinders the further development of user models
and human-centered systems and motivates our research reported
here.

Specifically, our study explores the role of human biases in inter-
active session search consisting of multiple query-SERP iterations
and focuses on Decoy Effect [80, 81], a cognitive bias that has been

154

https://orcid.org/0000-0003-3643-2182
https://orcid.org/0000-0002-3950-6098
https://doi.org/10.1145/3698204.3716453
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3698204.3716453


CHIIR ’25, March 24–28, 2025, Melbourne, VIC, Australia Jiqun Liu and Jiangen He

empirically confirmed by behavioral economics and cognitive psy-
chology experiments involving diverse domains, but has not been
thoroughly examined in information access and human-centered
computing research [42]. Decoy effect, which contradicts the pre-
dictions of rational models and expected utility theory [53], refers
to the phenomenon in which the presence of an inferior option can
influence an individual’s preference between two similar options
in decision-making [73]. This variation in context-dependent prefer-
ence could not be characterized with simplified gain-cost analysis
or traditional utility framework as there is no change in the options
or associated mathematical expectations [46].

Studying decoy effects has important practical values confirmed
by both experimental research and applications. In marketing, com-
prehending how decoy options steer preferences empowers busi-
nesses to design more effective pricing strategies and product pre-
sentations, thereby optimizing consumer choices and enhancing
profitability. Moreover, in the realm of public policy, recognizing
the impact of decoy effects enables the design of interventions that
subtly nudge individuals toward decisions that align with societal
objectives, fostering healthier lifestyles or sustainable practices. In
essence, studying decoy effects serves as a gateway to decipher-
ing the nuances of human choice, influencing fields ranging from
economics to neuroscience, and guiding ethical considerations in
their utilization. In IR, the knowledge of decoy effect could allow
researchers to better understand the preferences and judgments
of real-life users (as opposed to simulated agents) on information
objects and predict their behaviors more accurately [43].

To empirically demonstrate the impact of decoy items and ex-
amine the conditions that trigger the effect, we conducted a crowd-
sourcing between-subject experiment where we investigated partici-
pants’ judgments on COVID-related medical information credibility
and usefulness under pre-designed decoy and non-decoy SERP sce-
narios. In particular, we studied how decoy search results affect a
user’s in-situ vulnerability to COVID misinformation, which in this
study measures how likely the user would click, read, and assign
a high credibility and/or usefulness score to an misinformation
page about COVID treatment under a particular condition of search
interaction (e.g. decoy result present or absent). Furthermore, to
explore the moderating effect of contextual factors, we examined
the extent to which the impact of decoy results varies according
to different motivating questions, rank positions, users’ levels of
topical knowledge, and depth of interactions with decoy options
(e.g. viewing on SERP only, clicking, judging and rating).

Our research takes a deep dive into the decoy effect and demon-
strates that: 1) overall, users’ in-situ credibility judgments are more
vulnerable to negative decoy effects compared to usefulness judg-
ments; 2) deeper interactions with decoy options (e.g. clicking on
decoy results and giving a low rating on the results) are associated
with more significant impacts on medical information judgments
(e.g. higher usefulness and credibility ratings on medical misinfor-
mation); 3) the effect size of decoy varies across different levels of
user domain knowledge and rank positions on SERPs. The main
contributions of our work are threefold:

• We comprehensively investigate the effect of decoy items in
medical information judgmentswithinmulti-query/interactive
session contexts and present direct empirical evidence on the

impact of decoy results on users’ search behavior and vulner-
ability to COVID misinformation under varying rank posi-
tions, levels of topical knowledge, and SERP conditions. Our
findings can inform the design and assessment of cognitive
debiasing techniques, especially in the context of medical in-
formation evaluation and personal health decision-making.

• Our study bridges the insights on cognitive biases from be-
havioral economics and the research on user judgments in IR,
empirically confirms the effect of decoy options in a new con-
text, and methodologically presents an effective experimen-
tal setup that could be reused and replicated in examining
cognitive biases in future studies.

• Overall, this study demonstrates the value of leveraging the
knowledge about human cognitive biases in studying and
reframing IR problems and enhances our understanding of
real-life searchers’ context-dependent preferences and in-
teractions with online medical information. This approach
enriches user modeling and human-centered system eval-
uation in medical information access by adding new bias
dimensions to current frameworks.

2 Related Work
This section will present the fundamental concepts and interdis-
ciplinary progresses underpinning our work. It starts with incor-
porating boundedly rationality perspective into the problem of user
modeling, and then emphasize the impact of decoy effect in decision-
making, which is the focus of our experiment. Lastly, this section
discusses previous advances and open challenges in characterizing
and predicting user judgments in human-centered IR evaluation.

2.1 Understanding Boundedly Rational Users
Users as people interacting with information are not perfectly ra-
tional (e.g. always pursuing optimized utility; having full access to
information and unlimited cognitive resources for computing gains
and costs) as it is implicitly assumed in most user models. Instead,
they are boundedly rational and are subject to the influence of cogni-
tive biases, emotions, mental shortcuts and heuristics [1, 42, 43, 52],
which usually lead to systematic deviations of users’ actual pref-
erences and behaviors from the predictions of simplified formal
models. Apart from the decades of behavioral experiments from
other disciplines [e.g. 73], some recent studies from information
seeking and search communities have also attempted to describe the
impact of cognitive biases on search tactics, information evaluation
and information use in decision-making [5, 25, 46, 78]. However,
many of the biases discussed in previous IR research were examined
in topical relevance judgment and ad hoc retrieval contexts only.
Therefore, it is still unclear how these biases are triggered in ses-
sions of information search and evaluation, and how the impact of
cognitive biases vary across different aspects of search interactions
(e.g. clicking, browsing and reading, in-situ judgments and prefer-
ences) [6]. Consequently, the disconnection between the knowledge
learned from describing biases and the computational models of
user judgments developed in offline experiments still remains [42].
Addressing this problem will allow researchers to identify system
and behavioral features that could be used for predicting the occur-
rence of cognitive biases, and also facilitate the design of proactive
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nudging and interventions for mitigating the negative effect of
biases.

2.2 Decoy Effect in Decision-Making
Decoy effect, also known as asymmetric dominance effect, has been
extensively studied and recognized in the fields of behavioral eco-
nomics and decision making [59, 80]. [75] first introduced decoy
effect through experiments and demonstrated that the presence of
a decoy option can significantly alter individuals’ preferences and
the perceived attractiveness of the options being considered, even
though there is no change to these options. For instance, a decision
between "A: no journal subscription with no fee" and "B: subscrip-
tion with $20 annual fee" maybe difficult to predict. However, when
adding a third choice, "C: subscription with $30 annual fee", as a
decoy option, the option B may appear to be more attractive, even
though the decoy option itself is not chosen.

Following [75], subsequent studies have investigated decoy ef-
fect and confirmed its impacts in a broad range of domains and
decision-making scenarios, such as consumer purchasing deci-
sions [30, 81, 85], medical treatment choices [11, 71], and children’s
behavior [91]. Going beyond explicit behavioral changes, [29] ex-
plored the underlying neural correlates of decoy effect and found
that choice sets with decoys activated the occipital gyrus and deac-
tivated the inferior parietal gyrus. One potential explanation for
the decoy effect is built upon the concept of salience, or the extent
to which an option stands out from others. When a decoy option
as a reference point is presented, the relative salience of the original
options may be altered, causing the increase in perceived attractive-
ness of one of the options [20, 68]. Evidences of decoy effect directly
contradicts the "context-invariant" assumption in Economics and
offers an alternative explanation on seemingly irrational choices.

Differing from purchasing and simplified decision-making tasks
in behavioral experiments, health and medical information evalu-
ation in Web search involves a set of mini-decision moments (e.g.
viewing, clicking, judgment) and is closely associated with a variety
of contextual factors, such as the rank position of search results,
system layouts, topics, and users’ topical knowledge [17, 51, 66, 90].
Examining decoy effect and its correlations with search contexts
will enhance our understanding of user judgments and search deci-
sions. Meanwhile, it also requires a carefully designed experimental
setting for sorting out the mixed effects from interrelated variables.

2.3 User Judgment in Information Retrieval
Evaluation

Understanding user judgments and preferences has been a main
component of IR evaluation research [26], especially under the
impact of widespread online misinformation [70, 86]. Among dif-
ferent types of judgments and labels, relevance judgment, which
measures the extent to which a document is topically relevant to a
query issued, serves as the basis for decades of system-centered IR
evaluation experiments [26, 77]. Offline evaluation measures built
upon query-document relevance determines the criteria for differ-
entiating good-performing retrieval systems from the other ones
and have been employed for training and evaluating ranking algo-
rithms [36]. While relevance-based Cranfield paradigm facilitates
the rapid development of ad hoc factual retrieval techniques [77],

it is insufficient for evaluating and enhancing multi-query infor-
mation seeking episodes triggered by complex search tasks [9, 58].
Overcoming this limitation requires further research on at least
two aspects: 1) going beyond topical relevance and characterizing
other dimensions of user judgments; 2) investigating behavior and
judgments in sessions [2, 40], rather than one-query-one-response
contexts [13].

Regarding the first aspect, some IIR researchers have investi-
gated several user-centered dimensions of IR evaluation, such as
usefulness judgment [19, 41], credibility and trustworthiness judg-
ment [28, 34, 39, 82, 84], and retrospective satisfaction and engage-
ment rating [2, 56, 88], especially under the potential threats of on-
line misinformation and disinformation [e.g. 57, 61, 76, 89, 92]. Fur-
thermore, [50] leveraged usefulness feedback in enhancing search
recommendation algorithms and helping users complete search
tasks sooner, offering a new perspective for IR evaluation.

Regarding the second aspect, while progresses have been made
on understanding multiple dimensions of user judgment, most of
the experiments have been conducted in either ad hoc retrieval
settings [e.g. 18] or evaluation-only contexts (isolated document
judgment phases without enabling other actions of search pro-
cesses) [e.g. 35, 67]. [25] has examined cognitive biases (including
decoy effect) in Crowdsourcing tasks and measured their effects
on user judgments of documents. However, search activities and
session contexts were abstracted out from the controlled evalua-
tion process, leading to difficulties in characterizing the interaction
between decoy options and other factors. To address this limitation,
one needs to overcome a methodological challenge: Developing a
reasonably controlled environment for triggering and observing the
behavioral effect of cognitive biases (which users themselves may
not be aware of) and also maintaining certain levels of authenticity
of the simulated search sessions and user experiences.

3 Research Questions
To address the gaps above, we conducted a between-subject Crowd-
sourcing experiment which simulated a search session experience
consisting of four query-SERP combinations for each sub-topic. Us-
ing a between-subjects design helps to minimize potential carryover
effects and learning biases that can occur when participants are ex-
posed to multiple conditions. Our work seeks to answer following
two research questions (RQs):

• RQ1: To what extent do users’ credibility and usefulness
judgments vary across different levels of users’ interactions
with decoy search results in medical information evaluation?

• RQ2: How do search contextual factors moderate decoy
effects on users’ judgments and search behavior?

Instead of simply comparing between-group differences in users’
ratings, under RQ1, we took a step forward and examined what
level of interaction with decoy results (e.g. viewing the snippet on
SERP, viewing the result, giving the result a low rating) can actually
trigger decoy effect on user judgments. In RQ2, we explored how the
impact of user characteristics and SERP factors (e.g. rank position)
varies when a decoy search result is presented.
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We adopted a Crowdsourcing experiment design instead of a
traditional controlled laboratory experiment mainly for follow-
ing reasons: 1) Crowdsourcing experiment has been widely ap-
plied and confirmed to be a useful method for IR evaluation and
allow researchers to recruit a large group of participants from
diverse backgrounds (especially outside college students popula-
tion) [38, 63, 64]; 2) Crowdsourcing platforms can enable a fast
recruitment process and reduce the possibility of delays in recruit-
ment and associated analyses, which in turn can help control the
budget for user-centered IR evaluation [48]; 3) Our evaluation ex-
periment (including search interaction, judgment, and response
submission) has a straightforward and well-defined procedure and
has also been tested in pilot feasibility studies, and thus does not
rely on a resource-consuming laboratory setting. Our experiment
was approved by the University of Oklahoma’s Institutional Review
Board (IRB #: 13527).

4 Methodology
This section introduces the study design and analysis methods we
employed for answering the RQs presented above.

4.1 Participants
Our participants/crowdworkers were recruited through Prolific 1,
a crowdsourcing platform for online behavioral research. Five Pro-
lific’s prescreeners have been applied to this study: 1) Native English
speakers, 2) Without professional education in medicine or related
areas, 3) at least 50% of studies for which the participant have been
approved, and 4) No literacy difficulty. 40 participants completed
the pilot study and 617 completed the full experiment: 157 were in
Control A, 148 were in Control B, 158 were in Treatment Group A,
and 154 were in Treatment Group B. 325 (52.7%) participants were
female; 284 (46.0%) were male; 8 (1.3%) preferred not to say about
their gender. Their ages ranged from 18 to 83 years (M=27.8, SD=8.5).
253 (41.0%) participants had an undergraduate degree, 179 (29.0%)
had a high school diploma, 118 (17.8%) had a graduate degree, and
60 (9.7%) had a technical/community college degree. 374 (60.6%) par-
ticipants were from the United Kingdom, 156 (25.3%) were from the
United States, 52 (8.4%) were from Canada, and 29 (4.7%) were from
Australia. The majority of participants were students (453, 73.4%).
395 participants (64.0%) were employed (249 full-time employees
and 146 part-time employees), 100 (16.2%) were unemployed or not
in paid work, and 118 (19.1%) were in other employment statuses.
Participants were informed of the task and experimental procedure
prior to signing up for the study.

4.2 Selection of Topics
To properly simulate the experience of evaluating pages in sessions,
we selected three COVID treatment related topics/motivating ques-
tions that require certain level of expertise and acquisiton of new
information and knowledge for most users, including Monoclonal
Antibodies, ACE and ARB, and Hydroxychloroquine in Table 1. We
narrowed down the scope to COVID treatment because 1) it is a
critical medical information topic that could cause significant, long-
lasting social and economic impact, and 2) the narrowed topic scope
helps reduce the potential behavioral impact of domain variations
1https://www.prolific.co

Table 1: Topics for user studies.

Topics Questions

1. Monoclonal antibodies Can monoclonal antibodies cure COVID-19?
2. ACE and ARBs Can ACE and ARBs worsen COVID-19?
3. Hydroxychloroquine Can hydroxychloroquine treat COVID-19?

and thereby control the hidden contextual effect on decoy impact
measurements.

Regarding the three questions/treatment options, monoclonal
antibodies are laboratory-made molecules designed to mimic the
immune system’s ability to fight off harmful pathogens, such as
viruses. For COVID-19 treatment, monoclonal antibodies have been
developed to target and neutralize the SARS-CoV-2 virus, which
causes COVID-19. These antibodies were proposed and adminis-
tered as a treatment option for individuals who have tested positive
for the virus and are at high risk of developing severe disease. ACE
inhibitors and ARBs are classes of medications commonly used to
manage conditions related to high blood pressure (hypertension)
and heart failure. In the context of COVID-19, there was growing
interest in these medications due to their interaction with the renin-
angiotensin-aldosterone system (RAAS), which is also involved in
regulating blood pressure and fluid balance. Hydroxychloroquine
is an antimalarial drug that was explored as a potential treatment
for COVID-19 early in the pandemic. It gained attention due to its
in vitro antiviral properties against SARS-CoV-2. However, subse-
quent clinical trials and studies found inconsistent and inconclusive
results regarding its effectiveness in treating COVID-19.

We selected these particular COVID subtopics from the TREC
Health Misinformation track dataset 2, for two main reasons: 1) the
tasks/questions under these topics have YES/NO answers annotated
by external expert assessors, which can be used as relible ground
truth for judging information credibility and differentiating correct
information from misinformation, 2) compared to general COVID
health information (e.g. COVID vaccination), these subtopics in-
volve specific domain knowledge related to COVID treatment and
thus tend to be almost equally unfamiliar to the participants. The
answers as ground truth labels helped us differentiate misinforma-
tion from correct information. We collected 40 Web pages for each
task/question (four predefined queries/SERPs, with ten organic
results on each SERP).

4.3 Decoy Design
To study how decoy effect could be triggered by signals on SERPs,
we developed decoy search results by manipulating the title and
short abstract of a search result snippet on each SERP under treat-
ment groups. Specifically, to construct the experimental condition
under which decoy effect can be measured, under the same COVID
treatment topic, the decoy result and target misinformation result
on a SERP share the same or very similar subtopics relevant to the
task question, which are slightly different from that of the correct
information 3. To frame the decoy result as an inferior option and

2https://trec-health-misinfo.github.io/2020.html
3Although the correct information result does not share exactly the same subtopic
with the decoy result, it is still designed to be highly relevant to the task.
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enhance the perceived saliency, we enhanced the SERP snippet of
target misinformation results with more specific subject or entity in-
formation (e.g. the lab or university that participated in the testing
of certain COVID treatments) and/or statistics (e.g. total number
of participants and researchers involved in the medication experi-
ments; number of experiments conducted under similar conditions).
In contrast, the decoy result, without any specific information about
the subject or clinical statistics, tend to be perceived as obviously
false. Based on previous findings on users’ common strategies of
health and medical information judgments [e.g. 23, 90], our empiri-
cally supported assumption is that titles and search result snippets
with more specific information (e.g. name of the lab, number of
participants) and statistics of clinical trials tend to be perceived as
high-quality and more trustworthy in medical information eval-
uation, leading to salient, perceivable difference between target
results and decoy options.

To illustrate our decoy design approach, Figure 2 presents exam-
ple search results from treatment group and control group respec-
tively under the topic of "Hydroxychloroquine". In the treatment
group, the decoy and target results share the same subtopic: the
treatment effect of hydroxychloroquine on COVID-19 symptoms.
Although the correct result shares the same general topic, the spe-
cific subtopic or question it focuses on (i.e. hydroxychloroquine and
hospitalized patients) is slightly different from that of the other two
results. Compared to the decoy result, the title and search result
snippet of the target result offers more details on the subject infor-
mation (e.g. international clinical trial) and statistics information
(e.g. primary outcomes assessed at 90 days after randomization).
With the decoy result as a low-quality reference point, the target
result may be perceived as more credible and reliable. Similarly, in
Figure 3, the target result offers more detail about the subject (i.e.
researchers from Mount Sinai medical system), whereas the decoy
result only presents the conclusion, leading to a relatively higher
level of perceived credibility on the target result (misinformation).
Also, this decoy effect may cause the deviation of users’ attention
from the correct information result. We adopted this decoy design
approach, aiming to balance two goals: 1) creating a reasonable
experimental condition to examine the role of decoy effect; 2) main-
taining a certain level of authenticity in simulating natural search
experience, without introducing unrealistically strong or oversim-
plified treatments that are only valid in experimental settings.

To control the experimental setting and limit potential mixed
effects, no change was introduced to the original main text of
Web pages. With all other results controlled, the presence of decoy
search result was the only difference between a treatment group
and the corresponding control group under the same subtopic. In
this session-based setting, each treatment group session has four
decoy results in total (one on each predefined SERP/query segment).

Ranking and rank-based offline evaluation are a central topic
in IR. To examine the impact of rank position bias, we developed
two decoy effect group: group A presents the decoy result before
the target misinformation result so that individuals are more likely
to encounter and click decoy option first, while group B ranks
the misinformation result higher than the decoy result. Figure 1
illustrates the design of four experimental conditions. Note that
all three-result combinations are ranked at the top three positions
on corresponding SERPs. All other seven organic search results,

Figure 1: Design of Experimental Conditions. A decoy result
was added to EACH SERP in treatment sessions.

DECOY 
result 

TARGET 
result 

CORRECT 
result 

RANDOM 
result 

TARGET 
result 

CORRECT 
result 

An Example of Treatment Group A An Example of Control A

Figure 2: Examples of the first three search results in the
Control and Treatment Group. The topic of the examples is
"Hydroxychloroquine".

which are less topically relevant compared to the top three results,
remained the same under the same query across different experi-
mental conditions.

4.4 Crowdsourcing Experiment Flow
Figure 3 shows the experiment flow of our crowdsourcing experi-
ment, which includes five steps:

(1) Complete an eligibility survey and read the instructions.
(2) Answer questions that measure their prior knowledge on

the topic.
(3) Start a search with a query page and click the search button

to proceed. A participant searches with four queries.
(4) Browse the result page of each query.
(5) Read the full text of the results. For each result page, a par-

ticipant has to read the full text of at least three results.
(6) Evaluate the credibility and usefulness of the article. A dialog

would pop up after a participant closes the full text of the
article and the participant has to give ratings to the article
about its credibility and usefulness.

(7) Answer the task question (e.g. "Can monoclonal antibodies
cure COVID-19"?).

4.5 Data Collection and Analysis
Our data collection was completed through three sessions on Pro-
lific. First, we conducted a pilot study with 40 participants on the
topic ofMonoclonal Antibodies to test our system, interface, and the
clarity of the study procedure. Several revisions to the experiment
design were made based on the preliminary results, user-reported
confusions, unexpected technical errors, and limitations in study
procedures found during the pilot study. Participants were required
to complete the four queries for a topic and open at least three arti-
cles in the results of each query to proceed to answer the question
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1. Intsructions

2. Prior knowledge question

4. Search result page

5. Article full text page

6. Article evaluation

7. Answer a question

3. Predefined query page

Decoy 

Target

Correct Information

Figure 3: Crowdsourcing Experiment Flow.

and complete their study. To obtain sufficient data on participants’
evaluation of credibility and usability, participants are required to
rate the credibility and usability of an article after they read the
article for the first. Participants can choose to change their ratings
after the first time of reading, but it is not required. Therefore, each
participant would provide ratings for at least 12 articles.

We collected data from 540 participants in the first data collec-
tion phase. 45 participants were assigned to each of 12 conditions
(3 topics × 4 treatments). Data from 474 participants were effective
and retained after data from 60 participants who spent less than
five minutes in the study and 6 participants who provided the same
ratings for all the articles. The second data collection session was
conducted to collect data from 45 participants. This session was iter-
ative. For each round, the number of participants recruited for each
condition was the same before the number of participants reaches
45. The data collection ended when we successfully collected effec-
tive data from 45 participants for each condition and 540 in total.
The data collection flow is illustrated in Figure 4. The median time
taken by participants to complete the study was approximately
12.26 minutes, and the average time was slightly higher at 14.58
minutes, with a standard deviation of 7.85 minutes. Initially, each
participant received a compensation of two US dollars for their time.
However, for the groups where the average time spent exceeded
12 minutes, we increased the incentives according to the rule of
Prolific. This adjustment ensured that the average hourly reward
was maintained above ten US dollars.

We collected different types of user behavioral data (explained
below) from participants to answer the RQs:

Clicking behavior: We collected data on the number of clicks
on each SERP. Only the initial click on an article was taken into
account. Each click on a search result triggered the display of the
full text of the clicked result. Related contextual data, such as the

40 participantsPilot Study

Data Analysis

The First Data 
Collection Session

The Second Data 
Collection Session

540 participants 474 participantsEffective?

77 participants Effective? 66 participants

Figure 4: Data Collection Workflow.

study group, sequence of the SERP in the corresponding session,
and clicking timestamp, were also automatically recorded. With
the timestamp, we were able to identify the clicking behavior of a
participant before they clicked a target result on the same SERP.

Dwell Time: We recorded the timestamps each time a partici-
pant opened and subsequently closed the full text of a search result.
These two timestamps were utilized to calculate the length of time
(referred to as dwell time) that the participant spent reading the
full text of each clicked search result.

Assessment Data: After closing the full text of a clicked result,
participants were required to evaluate the credibility and usefulness
levels of the search result in relation to the task question (See Step
6 in Figure 4).

With the data collected at different stages of search interactions,
we did a comprehensive comparison between the control and treat-
ment groups. We also took into account three major contextual
factors that may have an impact on decoy effects in the analysis.
Firstly, the prior knowledge could affect their credibility and use-
fulness judgments. Secondly, the size of decoy effect in search may
depend on on whether people perceived the salient misinformation
from the decoy results. Whether participants have read the full
text of a decoy result could also influence their in-situ vulnerability
to decoy items and their subsequent evaluations of target results.
Therefore, we analyzed the behavioral impact of clicks on decoy
results prior to target results. Another measure to examine if a par-
ticipant perceive decoy results as inferior option is their evaluation.
For this, we included their ratings on decoy results in our analysis.

Furthermore, to better address RQ2, we also incorporated a set
of contextual factors into regression analysis to obtain a better
understanding of the moderating effects of these factors on decoy
effect in search and judgments. These factors include participants’
behavior, their ratings of non-target results, presentation features of
target results, and participants’ self-reported prior medical knowl-
edge on COVID treatments. We chose Ordinal Logistic Regression
for the analysis because our dependent variable is discrete ordered
ratings given by participants, which range from one to five. We em-
ployed regression analysis on credibility and usefulness judgments
respectively.

5 Results
This section presents the results of our analysis in response to the
proposed research questions.

5.1 Descriptive Statistics
As a prepration for addressing the RQs, we presented the descriptive
statistics of users’ search behaviors in this section. In particular,
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Figure 5: Average times of clicking different types of articles
per participant.

the presented behavioral features will be useful for understanding
the moderating effects of contextual factors on decoy effects in
judgments (i.e. RQ2).

5.1.1 Click behavior. Figure 5 shows the average number of clicks
on different types of articles. Regarding rank position bias, we found
that result ranking plays a dominant role in clicks. For example,
correct articles were clicked more in Group B and Control B than
Group A and Control A as the correct article is the first item in the
ranked result list in B conditions but the third item in A conditions.
Another key factor is the level of relevance. Even decoy articles are
salient misinformation but they have higher level of relevance com-
pared to the random results controlled as part of the "background"
for experimental conditions. As a result, decoy articles were clicked
more frequently than random ones.

The target articles were clicked slightly more in treatment groups
where a decoy article was presented in the result list, compared
to control groups. However, the difference is not statistically sig-
nificant. This indicates that decoy items generate less impact on
clicking compared to rank positions and topical relevance, and
that we should examine the behavioral impact of decoy on other
dimensions.

5.1.2 Dwell Time. Since prior knowledge of the topic may affect
participants’ dwell time in search [27, 45], we analyzed the dwell
time of participants with and without prior knowledge separately.
We excluded records with less than 3 seconds and two records
with more than 1,000 seconds. Figure 6 shows the average time
participants spent on correct and target articles under different con-
ditions. No consistent pattern was observed in terms of dwell time
on correct results. For target articles, we found a consistent between-
group difference pattern in dwell time of participants without prior
knowledge. Specifically, participants without prior knowledge in
Group A were more likely to spend less time on target articles than
participants without prior knowledge in Control A. The difference
in dwell time on target articles between Group A and Control A is
significant in Topic 1 and Topic 3. For Topic 1, participants from
Group A spent 29 seconds less than participants from Control A
in reading a target article on average (𝑡 = −2.245, 𝑝 = 0.015). For
Topic 2, participants from Group A spent 15.9 seconds less than
participants from Control A on average (𝑡 = −1.842, 𝑝 = 0.068). For
Topic 3, participants from Group A spent 10.9 seconds less than
participants from Control A on average (𝑡 = −1.302, 𝑝 = 0.013).
This indicates that the decoy articles in Group A could encourage
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Figure 6: Average dwell time participants spent on articles.

participants without prior knowledge to spend less time reading
target articles. However, no similar pattern was found between
Group B and Control B, which may be because the size of decoy
effect is smaller in Group B than in Group A.

5.2 Credibility and Usability Assessments
RQ1 focuses on how decoy search results, operationalized by pages
with low levels of credibility and usefulness, affect participants’
usefulness and credibility judgments, especially on target medical
misinformation results.

Before investigating decoy effect, we first perform a treatment
check to verify that participants in each of the four groups perceived
the intended levels of credibility and usefulness on three types of
search results (i.e. decoy, correct, and target results). Participants’
mean (standard deviation) credibility scores were 3.36 (1.22), 3.87
(0.95), and 3.79 (0.94) for decoy, correct, and target results, respec-
tively; Participants’ mean (standard deviation) were 3.12 (1.26), 3.82
(1.06), and 3.63 (1.10) for decoy, correct, and target results. This
result suggests that participants did experience the intended treat-
ments (i.e. assigning higher scores to the target misinformation
result than to decoy misinformation) for both credibility and use-
fulness judgments. The decoy results were expected to appear with
lower levels of credibility and usefulness, so the decoy results would
serve as a reference point that makes the target results more prefer-
able. A bar chart presenting these average credibility and usefulness
scores assigned by participants in each group is in Figure 7. The
solid line error bars represent standard deviations. The mean scores
of these results are consistent with the expected decoy impacts
suggested in previous behavioral experiments [32, 73].

The difference between the mean scores of target and correct
results were smaller under treatment conditions than that in control
conditions (see Figure 7). We conducted t-tests to investigate the
statistical significance of this possible decoy effects. The results
indicates that the difference between average credibility scores as-
signed to target results by participants in the treatment and control
group did not differ significantly (𝑡 = 0.83, 𝑝 = 0.20). The difference
between average usefulness scores in the treatment and control
group was not significant either (𝑡 = 1.05, 𝑝 = 0.15). This may
be because our user study was restricted by the specific topic (i.e.
COVID treatment misinformation) or possible mixed contextual
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Figure 7: Distribution of mean credibility and usefulness
scores under four conditions.

impacts. It is also possible that decoy effects may not be effective
without certain behaviors as prior conditions. For example, if a
participant did not read the title and SERP, or skip full text of a
decoy result, the decoy result would not affect the participant’s
judgment of other results, including target and correct results. In
the following subsection, we explore how various interactions of
participants with decoy results and other contextual factors affect
their credibility and usefulness judgment.

5.3 Moderating Effect of Search Contextual
Factors

To answer RQ2, this subsection reports the result on the moderat-
ing effects of search contextual factors, which can better reveal the
conditions under which decoy items generate significant behavioral
impacts. Specifically, we conducted further analysis with subgroups
defined based on prior knowledge, clicking behavior and decoy
result ratings. For instance, participants’ clicking on decoy results
may indicate a deeper interaction and trust on the results (com-
pared to merely browsing them on SERPs). As a result, it may affect
the decoy effect on users’ following click behaviors, dwell time on
pages (especially target results), and usefulness and credibility rat-
ings. Adding these binned analyses can enhance our understanding
of the conditions and contexts under which decoy options affect
individuals the most. The results are explained below.

5.3.1 Impact of prior knowledge and decoy clicking behavior. Before
exploring the impact of decoy clicking behavior, we examined the
role of prior knowledge on the search process, as previous research
suggested that prior knowledge may affect participants’ decisions
on what results to click or skip [e.g. 55, 65]. We asked participants
to answer the same binary question that they would answer in their
later search task, but they were allowed to answer "Not sure" if they
don’t have prior knowledge for answering the question. 62.2% of
participants (112 out of 180) in Topic 1, 68.3% of participants (123
out of 180) in Topic 2, and 50% of participants in Topic 3 did not
have prior knowledge about the topic.
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Figure 8: Distribution of mean usefulness scores between
treatment and control groups under five conditions. All: all
participants; PK: participants with prior knowledge; NPK:
participantswithout prior knowledge; CDP: participantswho
clicked decoy results.
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Figure 9: Distribution of mean credibility scores in treatment
and control groups under five conditions.

Since prior knowledge may affect search behavior and judg-
ment [60, 69], we explored the impact of prior knowledge, moder-
ated by decoy-clicking behavior. Figure 8 and 9 present the distri-
butions of mean usefulness and mean credibility scores assigned
to target results, with 95% confidence intervals. These results are
grouped by two variables: whether participants engaged in decoy-
clicking behavior and their level of prior knowledge. The decoy
clicking variable measures if a participant clicked the decoy re-
sult presented on the same SERP with the target result that the
participant rated its credibility and usefulness. The patterns are
similar between credibility and usefulness scores. We presented the
differences in participants’ ratings of credibility and usefulness be-
tween control and treatment groups under different conditions. The
conditions were grouped by participants’ prior knowledge (PK vs.
NPK) and whether participants clicked on the decoy result before
they clicked on the target result (CDP). The blue line represents
the mean scores assigned by participants from Treatment groups,
while the orange line represents the mean scores assigned by partic-
ipants from Control groups. Using t-tests, we assessed the statistical
significance of differences between these groups under varying con-
ditions. We found that participants with prior knowledge (PK) in
Treatment A consistently assigned higher usefulness and credibility
scores to target results than those in Control A. This effect was
more significant when participants clicked on the decoy result prior
to evaluating the target result. Clicking on a decoy result before
the target appeared to amplify the decoy’s influence, particularly
in Treatment A, where decoy results were ranked higher than the
target misinformation results.

The reason why participants with prior knowledge were more
likely to be affected by decoy effects might be because they have
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based on whether participants assigned low usefulness rat-
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Figure 11: Comparison of Credibility Scores: Control vs.
Treatment Groups. The treatment groups are distinguished
based on whether participants assigned low credibility rat-
ings to the decoy results.

better judgments on credibility and domain-specific document use-
fulness. They could perceive the low credibility and limited use-
fulness of decoy items more accurately than participants without
prior knowledge, which makes target results more preferable in
comparison. Since the decoy impacted the judgment of participants
with prior knowledge who did not click decoy results, they probably
perceived the low quality of decoy results due to the lower-quality
titles and snippets with limited specific information. However, there
was no significant difference between scores assigned to targets
in Treatment B and Control B, indicating that the rank position of
decoy results on SERPs could play an important role in the decoy
effects.

5.3.2 Impact of credibility and usefulness ratings on decoy results.

The participants’ judgment on decoy results could affect the size
of decoy effects. If participants did not perceive the decoy result as
a reference point, then the decoy may have had little to no impact
on their judgment accuracy on target misinformation. To explore
this, we investigated the impact of low credibility and usefulness
scores assigned to decoy results. Normalized scores were used in
this analysis to avoid the leniency and strictness bias of participants.

The normalized scores were calculated by [𝑠−𝑚𝑒𝑎𝑛(𝑠𝑖 )]/𝑠𝑡𝑑 (𝑠𝑖 ) , in
which 𝑠 is the specific score to be normalized, 𝑠𝑖 is the set of scores
assigned to search results by the same participant who provided 𝑠 . A
normalized score assigned to a result is less than zero indicating the
result was rated lower than the participant’s avareage, classifying
it as a low-rated score.

Figure 10 and Figure 11 show a comparison of scores assigned
to the target results across three groups of participants: Control
Group, in which participants did not interact with a decoy result;
Low-Rating Group, in which participants assigned a low-rated
score (normalized score < 0) to a decoy result displayed on the
same page as the target result; and Non-Low Rating Group, in
which participants assigned a non-low rating (normalized score
≥ 0) to a decoy result on the same page as the target result. This
comparison allows us to analyze how participants’ evaluations of
decoy results, particularly low ratings, influenced their judgments
of target results.

The credibility scores assigned to target results by participants
who assigned a low score to the decoy result on the same SERP are
significantly higher than those of participants in a control group
and participants who did not assign a low score to the decoy. This
is evident for the topicsMonoclonal Antibodies and ACE / ARB, with
significant p-values of 0.019 and 0.009. This suggests that partici-
pants who recognized decoys as low-quality were more favorable
toward the credibility of target results. However, this effect did not
extend to perceived usefulness. For the same topics (Monoclonal
Antibodies and ACE/ARB), the differences in usefulness scores
between groups were not significant. This indicates a divergence
between how participants judged the credibility of information and
how they rated its usefulness.

Table 2: Amixedmodel analysis of usefulness scores assigned
to target results.

Treatment Group Control Group
IV Estimate Std. Error Estimate Std. Error
ClickedDecoyFirst 0.399∗ 0.179
ClickedRandomFirst 0.127 0.231
TimeReadDecoy -0.006∗ 0.002
TimeReadRandom 0.0004 0.006
TimeReadTarget 0.008∗∗ 0.002 0.003∗ 0.001
DecoyAhead 0.675∗∗ 0.252
RandomAhead 0.545. 0.276
Page 0.202∗∗∗ 0.068 0.287∗∗ 0.076
PriorKnowledge 0.371 0.261 -0.114 0.277
AIC 2508.4 2196.0
nobs 948 813
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’

5.4 Regression Analysis
A mixed model analysis was performed to further reveal the impact
of contextual factors under different conditions (RQ2). This model
incorporates both fixed effects, represented by independent vari-
ables, and random effects of participants and topics, which account
for random variability at the participant and topic levels. The anal-
ysis focuses on two dependent variables: the credibility scores and
usefulness scores that users assigned to target results, as detailed
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in Table 2 and Table 3, respectively. A comprehensive analysis was
conducted on multiple independent variables to further understand
their impacts on users’ context-dependent preferences.

Table 3: Amixedmodel analysis of credibility scores assigned
to target results.

Treatment Group Control Group
Estimate Std. Error Estimate Std. Error

ClickedDecoyFirst 0.522∗ 0.207
ClickedRandomFirst 0.082 0.251
TimeReadDecoy -0.001 0.003
TimeReadRandom 0.014 0.007
TimeReadTaget 0.006∗ 0.003 0.002 0.001
DecoyAhead 0.875∗∗ 0.323
RandomAhead 0.522 0.346
Page 0.161∗ 0.075 0.070 0.082
PriorKnowledge 0.413 0.335 -0.339 0.352
AIC 2079.6 1889.2
nobs 948 813
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’

We selected independent variables that may influence partici-
pants’ perceptions of credibility and usefulness based on the anal-
yses reported above and evidence from previous literature [e.g.
49, 82]. We categorized the independent variables into three groups.
Initially, we selected variables that may be associated with signifi-
cant behavioral differences. If a participant clicked on a decoy result
before clicking on a target result, or if a participant spent more
time reading the full text of a decoy result on the same SERP, the
decoy effect induced by the decoy result might be more potent than
if the decoy result was clicked after the target result. Therefore, we
have included a variable, ‘ClickedDecoyFirst’, to denote whether
a participant clicked on the decoy result (treatment). For the control
group, correspondingly, ‘ClickedRandomFirst’ denotes clicking
on the random result (control) prior to clicking the target result.
We have also included ‘TimeReadDecoy’ to measure the time (in
seconds) a participant spent reading a decoy result in a treatment
group and ‘TimeReadRandom’ to measure the time a participant
spent reading a random result in a control group. Additionally,
dwell time on the target result could also influence their judgment
of the misinformation presented by the result. Hence, we have in-
cluded another variable, ‘TimeReadTarget’, to measure this time
(in seconds).

We also included a set of variables to characterize the presen-
tation features of target results that may also affect participants’
credibility and usefulness judgments. ‘DecoyAhead‘ describes if
a decoy result in a treatment group is ranked higher than the tar-
get result on the same page, and ‘RandomAhead‘ describes if a
random result is ranked higher than the target result in a control
group. Another variable, ‘Page‘, is the sequence number (1-4) of
the query/SERP where the target result is presented. Finally, the
participants’ prior knowledge (PriorKnowledge) about the topic
they searched is also included in the regression analysis.

Clicking a decoy result prior to clicking a target result
(ClickDecoyFirst) has positive effects on the credibility and useful-
ness scores assigned to the target misinformation result, indicating

that participants might be more vulnerable to decoy effects if they
read a decoy article on the same SERP before reading the target
article. However, reading a random-topic article prior to reading a
target article (ClickRandomFirst) does not affect the credibility
and usefulness scores assigned to the target result. This means that
reading an irrelevant result may not affect participants’ judgments
on articles they read afterward. Compared to the control group,
we observed significant decoy effects that led to higher scores on
target articles when participants clicked a decoy result first. This
finding is consistent with the analysis in Section 5.3.1 in which we
found that clicking a decoy article prior to clicking a target could
amplify decoy effects.

We also found that dwell time on a decoy result (TimeReadDecoy)
had significant negative effects on the usefulness scores assigned to
the target article on the same SERP. However, a similar effect was
not observed on credibility judgments. Dwell time on random-topic
articles (TimeReadRandom) had no significant effect on the credi-
bility evaluation of target articles. In addition, we investigated if the
dwell time on target results (TimeReadTarget) would affect out-
comes. Participants tended to assign significantly higher usefulness
scores to target articles in both the treatment and control groups,
but the effect of dwell time on usefulness scores was stronger in
the control group. In regard to credibility scores, the dwell time on
target results (TimeReadTarget) was found to have a significant
positive effect on credibility scores in the treatment group, but this
effect was not significant in the control group. These findings could
imply that the presence of decoy effects in treatment conditions
may enhance the perceived usefulness and credibility of the target
article when more time is spent reading it, more than the control
conditions.

With respect to the interaction effect between decoy and rank
position bias, we found that if a decoy webpage is ranked above a
target result, the decoy effect on participants’ evaluation of target
results tended to be stronger. The variable DecoyAhead refers
to the scenarios where a decoy article is ranked above a target.
Our result indicates that this variable has positive effects on the
usefulness and credibility scores assigned to the target article. The
counterpart, RandomAhead, indicating a random article is ranked
above a target, has no significant effect on usefulness and credibility.
Page, which indicates the query/SERP sequence in a session, had a
significant positive effect on both usefulness and credibility scores
in the treatment group, suggesting that decoy effects tend to be
stronger in later query segments or SERPs of a session. When the
decoy item is removed (i.e. control group), similar query sequence
effect was not observed. Regarding PriorKnowledge, the results
indicate that participants’ pre-existing knowledge about the topic
had no significant effect on their assessments of usefulness and
credibility. PriorKnowledge had a positive effect on both scores in
treatment conditions, while it had a negative effect on both scores
in the control condition.

The analysis reveals that clicking on a decoy result before a
target article increases the perceived usefulness and credibility of
the target, suggesting a priming effect of decoys. Dwell time on the
decoy may not enhance the perceived usefulness of the target, but
not its credibility, while more time spent on the target article itself
increases its usefulness and credibility in the treatment group. The
position of a decoy above the target amplifies this effect, indicating

163



Boundedly Rational Searchers Interacting with Medical Misinformation
Characterizing Context-Dependent Decoy Effects on Credibility and Usefulness Evaluation in Sessions CHIIR ’25, March 24–28, 2025, Melbourne, VIC, Australia

that article ranking influences user perceptions. Participants’ prior
knowledge does not significantly affect their evaluations.

6 Discussion
In contrast to the assumptions implicitly made in a variety of formal
models, users are boundedly rational and usually do not make search
decisions based on accurately estimated search gains and costs [5,
16, 42, 78]. With the mainstream computing research focusing on
data and algorithmic biases [37], it is critical to pay attention to,
capture, and properly address the negative impact of biases from
the human side [43]. Among diverse cognitive biases that affect
individuals’ decisions, decoy effect offers amore realistic explanation
compared to simplified rational models on how and why users alter
their in-situ preferences and judgments on presented options and
has been empirically confirmed by a wide range of behavioral
experiments [73]. However, it is still unclear how decoy search
results affect users’ credibility and usefulness judgments in session
contexts and how this decoy effect interact with search contextual
factors, such as topical knowledge, rank position, and prior search
experience. In particular, it is essential to investigate how users
react to online misinformation that involves high-stakes medical
decisions under the impact of decoy items.

To address this gap and take a step forward towards the vision of
human-centered intelligent IR, our study examined the role of decoy
effect and the behavioral conditions triggering it in COVID medi-
cal information evaluation with a between-subject crowdsourcing
experiment. Based on the results collected from 540 participants
(2,160 valid SERP-based interactions) under three topics and four
conditions, we have following answers to the research questions:

Regarding RQ1, our results show that users are more vulnerable
to the negative effect of decoy results in usefulness and credibility
judgments and click on decoy results in a higher rate when they
have certain level of prior knowledge on the topic. Regarding rank
position, results from treatment condition B suggest that decoy
effect may not occur when the decoy option is ranked below the
other results being evaluated. In addition, when user explicitly rec-
ognizes the decoy result as a low-quality result, it could further
increase the risk of falling into the pitfall of COVID misinformation,
especially under the subtopics that most people are not familiar
with or do not have a strong prior opinion on (i.e. Monoclonal
Antibodies and ACE/ARB). Differing from the observations from
classical/simplified behavioral experiments [e.g. 8, 75, 83], our find-
ings indicate that in Web search sessions, a potential decoy result
presented on SERP does not necessarily lead to significant decoy
effects. Although users’ prior knowledge may facilitate the develop-
ment of search tactics and evaluation criteria, it may also increase
the tendency to relying on familiar signals (e.g. names of entities
and institutions, statistics) which lead to a false perception of high
credibility levels and higher risk of decoy effects. In addition, richer
interactions with decoy results (e.g. clicking and assigning a low
rating) can strengthen the decoy effect on users’ context-dependent
judgments. Going beyond document assessment experiments that
abstract out search factors [e.g. 3, 25, 67], our findings were col-
lected from session-based interaction settings, identified potential
triggers of decoy effects, and revealed the interplay of decoy options,
user characteristics, and rank positions.

With respect to RQ2, the results from regression modeling
demonstrate that longer dwell time on and higher ranking of decoy
results tend to cause higher credibility ratings on COVID treatment
misinformation. Significant decoy effects were also observed when
a decoy result was clicked first before the target misinformation
was examined by a user. Apart from users’ interactions with decoy
results, we found that a user’s credibility rating on COVID mis-
information tended to be higher when the user possessed certain
level of prior knowledge and viewed more SERPs. These decoy-
related effects are not significant under the topic of Hydroxychloro-
quine. This may be because Hydroxychloroquine previously re-
ceived more attention through social media platforms and national
media coverage than the other two candidate treatments [4]. As
a result, many users may already have a prior established belief
on this topic. Similar patterns of decoy effects were also observed
in usefulness ratings. Findings under RQ2 go beyond traditional
document-assessment-only experiments and clarify the behavioral
and session-level factors that may moderate decoy effects.

Inspired by behavioral economics approach to modeling users,
our study thoroughly examined decoy effect in users’ information
judgments, especially their in-situ vulnerability to COVID treat-
ment misinformation on SERPs. Findings from our experiment
characterized the role and variation of decoy effect under diverse
rank positions, levels of user topical knowledge, and subtopics in
simulated search sessions and could inform the training of bias
prediction models and the development of bias-aware interactive
search systems and evaluation metrics. Our study goes beyond tra-
ditional offline evaluation experimental setup [e.g. 3, 25, 64, 67] and
examined users’ context-dependent preferences and their connec-
tions to decoy effect in simulated session contexts with predefined
SERPs. Also, with the knowledge about decoy effect, researchers
and system designers can design bias-aware recommendations,
interventions, and intelligent nudging techniques for protecting
users (especially the ones who are particularly vulnerable to cer-
tain biases under the moment) from health misinformation [31].
More broadly, our research indicates the value of representing de-
coy effect in user models and incorporating the knowledge into
the prediction of user judgments. With the experimental design
and empirical evidences from our work, IR researchers can further
explore other forms of cognitive biases introduced by behavioral
economics research [e.g. 32, 42, 73] and examine their behavioral
effects. Recognizing the bounded rationality of users and character-
izing their cognitive biases in Web search will enable researchers to
integrate the insights from behavioral economics with algorithms
and evaluationmetrics, develop scalable psychology-informed assis-
tance tools for combating misinformation, and build a behaviorally
more realistic foundation for next-generation search systems.

Similar to other works, our study has limitations as well as impli-
cations for future studies in this interdisciplinary field. Our design
of decoy option, which was restricted to search result snippets only,
may not fully trigger or reflect potential decoy effects hidden in
real-life search activities. However, this deliberate design decision
allowed us to better balance the goal for measuring decoy effect
under a controlled environment and the need for enhancing the
authenticity of simulated search experience. Restricting the decoy
result design within the snippets reduced potential mixed effects
from SERP components and content pages and thereby helped us
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better clarify the conditions and behavioral triggers of decoy effect.
Our findings on SERP-level decoy effects will inform the design
and meta-evaluation of ad hoc offline evaluation metrics, especially
in terms of estimating click probabilities and rank-position-based
utility decay in ranked result lists [cf. 16, 42, 54]. Future research
can also expand the design of decoy conditions and further investi-
gate the system and contextual triggers of decoy effect at different
search decision points and in different domains [15].

Also, due to the limitation of the crowdsourcing platform and
concerns about data quality, we could not deploy fully interactive,
long-session experiments and naturalistic work tasks. Instead, we
implemented predefined SERPs and sessions to observe and com-
pare user behaviors and judgments across different conditions. It is
possible that the (short) length of sessions and controlled interac-
tion patterns may reduce the variations in user actions and restrict
users’ search strategies, which lead to the difficulty of observing
potentially significant effects of decoy options. In future studies,
researchers can further explore a diverse set of decoy items in dif-
ferent search modalities, and investigate how decoy results affect
users’ perceptions, engagement, and search evaluations.

Another main limitation is that our experiment involves the
judgments of COVID treatment information only. It is unclear how
the size and triggers of decoy effect would vary under diverse
domains and modalities of interactions (e.g. traditional SERP-based
search versus AI-enabled chat search). In addition, our investigation
on participants’ vulnerability to decoy is mainly based on their in-
situ behaviors (e.g. clicks and dwell time on target misinformation
and decoy results) and judgments (e.g. credibility and usefulness
rating on target results). Although participants’ answers to the
question is not our main focus for decoy effect examination, it
is possible that the participants might guess the answer of binary
questions correctly (e.g. due to prior beliefs or by chance). For future
work, researchers may deploy a more open-ended approach to
capture prior knowledge information and add a pre-interaction test
session to reliably measure the levels of participants’ knowledge
on the topic being studied in a lab or naturalistic study setting.
Nevertheless, COVID treatment information has been a highly
relevant topic to different populations during the COVID pandemic,
and how to combat rapidly spreading misinformation on this topic
and improve the informational wellbeing of the general public
(especially marginalized communities) remains a global challenge
both within and beyond research communities. Investigating decoy
effect on users’ vulnerability tomedical misinformation can produce
practically useful knowledge for addressing this challenge to public
health and help tackle the negative impacts of other biases.

7 Conclusion
Examining and addressing biases is essential for building fair, inclu-
sive information ecosystems [43]. However, investigating data and
algorithmic bias alone cannot offer us the full picture. Characteriz-
ing andmodeling human biases and bounded rationality encourages
us to re-examine the foundations of existing user models and behav-
ioral assumptions and can take us further towards building truly
person-centered intelligent information access systems and con-
tribute to a balanced fairness approach that considers biases from

both human and system sides [43]. Our study focused on context-
dependent decoy effects in medical misinformation judgment and
revealed how decoy effects vary under different user characteris-
tics, search interactions, SERP conditions and rank positions. This
bias-aware viewpoint can also be applied in enhancing other forms
of human-information interaction and human-AI interaction, such
as users’ interactions with and judgment of contents from large
language models (LLMs) and generative search engines [14, 47, 72],
as well as in assessing systems’ vulnerability to decoy bias when
retrieving and presenting search results [15]. Our experiment on
decoy effect can serve as an initial step towards achieving this
vision.
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