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ABSTRACT

When It Matters to You: The Impact of Personal Relevance on the Evaluation
of Algorithmic versus Human Predictions
Nalan Akin
Master of Arts in Psychology
October 1, 2024

Although Al algorithms that surround our personal and professional lives are
improving even further, the use of algorithmic predictions and recommendations in
decision-making tasks is not solely guaranteed by their superior capabilities compared to
humans. Previous research examining a range of algorithms, varying in complexity from
simple decision rules to advanced Al systems, has long discussed the phenomena of both
algorithm aversion and appreciation. Findings reveal that people's expectations and
reactions to algorithms substantially vary under certain circumstances. Studies have
primarily focused on the interaction between algorithm design and individual factors and
lacked research on the role of task-related variables. Applying the Theory of Felt
Involvement (Celsi & Olson, 1988), this study examines how the level of interest in a task
affects the perceived accuracy of predictions that are presented as originating from an Al
algorithm or a group of individuals. Participants (n = 78) were randomly assigned to one
of three groups and asked to rate the accuracy of predictions for 30 trivia questions
provided by one of the following sources: (a) the Al algorithm, (b) previous participants,
and (c) the ambiguous source (control group). Analysis with a linear mixed-effects model
showed that the accuracy ratings for the Al algorithm were higher than those for both the
group of previous participants and the control condition, especially when predictions were
made for subject categories participants indicated a higher felt interest. This finding
suggests that the influence of the source on perceived prediction accuracy was more
pronounced for questions with higher interest levels. We discuss the generalizability of
our findings and provide possible future directions for human algorithm interaction
research.



OZETCE

Insanlarin Tahminlerine Kiyasla Algoritmik Tahminlerin
Degerlendirilmesinde Kisisel ilginin Etkisi
Nalan Akin
Psikoloji, Yuksek Lisans
1 Ekim 2024

Kisisel ve profesyonel yasamlarimizi ¢evreleyen yapay zeka algoritmalari hizla
gelisiyor olsa da, bu algoritmalarin insan yargisina kiyasla tistiinliigii, onlarin karar verme
stireclerinde kullanilacagini garanti etmemektedir. Basit karar kurallarindan yapay zeka
sistemlerine kadar farkli gelismislik diizeyine sahip algoritmalarin kullanimin1 inceleyen
onceki arastirmalar, hem algoritmalardan kaginilmasi hem de takdir edilmesi olgularini
uzun siiredir tartigmaktadir. Insanlarmn algoritmalara yonelik beklenti ve tepkilerinin
farkli kosullar altinda Onemli Ol¢iide degistigi gOrilmiistiir. Calismalar daha c¢ok
algoritma tasarimi ile bireysel faktorler arasindaki etkilesime odaklanmis, kararin
verildigi gorevle ilgili degiskenlerin rolii lizerine yeterince durulmamistir. Hissedilen
Mliskililik Teorisini (Celsi & Olson, 1988) temel alan bu ¢alisma, bir géreve duyulan ilgi
diizeyinin, bir yapay zeka algoritmasina veya bir insan grubuna ait oldugu sdylenen
tahminlerin algilanan dogrulugunu nasil etkiledigini incelemektedir. Katilimcilar (n = 78)
i¢ gruptan birine atanmis ve yapay zeka algoritmasi, onceki katilimcilar ya da belirsiz bir
kaynak (kontrol grubu) tarafindan 30 trivia sorusu i¢in yapilan tahminlerin dogrulugunu
degerlendirmeleri istenmistir. Lineer karma model ile yapilan analiz, yapay zeka
algoritmasinin dogruluk degerlendirmelerinin, 6zellikle katilimecilarin daha fazla ilgi
duydugunu belirttigi konu kategorileri i¢in, hem 6nceki katilimcilar grubundan hem de
kontrol kosulundan daha yiiksek oldugunu gostermistir. Bu sonug, insanlarin yapmakta
oldugu goreve daha fazla ilgi duydugunda tahminlerin kaynagindan daha fazla
etkilendiklerini ve bunun da yapay zeka algoritmalar: ve diger kaynaklara dair yargilarini
sekillendirdigini gOstermektedir. Son olarak, ulasilan bulgualarin genellenebilirligi
tartigilmig ve insan-algoritma etkilesimi arastirmalar1 igin gelecekteki olasi yonler
sunulmustur.
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Chapter 1:
INTRODUCTION

Recommendations and predictions from artificial intelligence algorithms are
increasingly being used in a growing number of decision-making tasks and domains.
New tools are added daily that can be used for a wide range of purposes, from finding
personal style (Davenport & Miller, 2022) to medical diagnosis (Cadario et al., 2021).
Thus, when you have a question about a recipe while cooking, now you have an option
instead of calling your mom or looking at online forums to find an answer: models
adorned with advanced machine-learning algorithms (Leleko & Holoborodko, 2024).
Could these be the first source people turn to when they have problems to solve or
decisions to make? Recent research shows that this does not depend solely on the
success of the algorithm (Burton et al., 2020). In investigating which features of the
algorithms might affect this possibility, researchers have asked various questions about
the nature of the algorithms, tasks, users, and the possibilities of interaction among the
three (for a review, see Mahmud et al., 2022). However, the role of task-related
variables remains relatively unexplored, with many unanswered questions regarding the
interaction between users and tasks. For example, would the level of interest the person
cooking the dish have in this task affect how they evaluate the outputs of different
sources, especially an Al algorithm? This study aims to examine how participants'
approaches to predictions made by Al algorithms and other people change depending on

their level of interest in the task.

1.1  Perceived Accuracy of Algorithms

The interdisciplinary nature of human-algorithm interaction research brings the
advantage of connecting problems in adopting algorithms that are detected empirically
and insight and solutions derived from experimental research. Developers who
recognized the value of the latter also started to observe how individuals use new Al
systems to make decisions rather than solely testing the performance of Al systems (Lai
et al., 2021). Green and Chen (2019) demonstrated that broadening assessments of
algorithmic tools beyond models’ statistical properties to consider sociotechnical

contexts is critical since people were unable to reliably evaluate their own predictions or
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the risk-assessment algorithm and calibrate their decisions accordingly. Similarly, Tsai
et al. (2021) pointed out the challenge that research on online symptom checkers (OSC)
compares their diagnosis and advice to medical experts while neglecting users’
evaluations of OSCs’ validity. Thus, they observed whether providing explanations for
the OSC’s results impacts health consumers' interaction with it. The results showed that
the explanation and justification of OSC’s outcomes, both by giving an example and
summarizing the user answers, significantly increased perceived diagnostic quality and
trust in diagnosis (Tsai et al., 2021).

In another attempt to incorporate users, Kocielnik et al. (2019) sought a technique
that decreases the discrepancy between the true and perceived accuracy of the Al-based
scheduling assistant by adjusting inflated user expectations. Explicitly indicating system
accuracy, explaining how the system works based on an example, and giving a chance
to interact with and control the system were all effective mechanisms to prepare users
for the system’s imperfections, which increased satisfaction and acceptance of the
scheduling assistant. Such research contributes to the field, especially in the form of
practical implications. However, their primary interest is usually improving the
model/system operated in the study. More collaboration between practitioners and
researchers from other disciplines, such as psychology and decision sciences, could
accelerate understanding human-algorithm interaction mechanisms.

Management, information technologies, consumer research, and social sciences are
more inclined to put the human component of human-algorithm interaction at the center
of their research (e.g., André et al., 2018; Saragih & Morrison, 2022). The majority of
studies have aimed to explore antecedents of preference for algorithms versus humans’
predictions and attitudes toward compared sources. Even though it is repeatedly
evidenced that algorithmic predictions have superior accuracy than people (for a meta-
analysis, see Grove et al., 2000), Dietvorst et al. (2015), who coined the term “algorithm
aversion,” documented that when people experience algorithms and inevitably witness
them making mistakes, an aversion towards algorithms is prone to happen. Reluctance
to tolerate algorithmic errors (Sutherland et al., 2016; Rebitschek et al., 2021), an
expectation of perfect algorithms (Dzindolet et al., 2001), lack of emotional trust
(Zhang et al., 2021), and anxiety about one's ability to handle algorithms (Van Esch et
al., 2021) were among factors of algorithm aversion. On the other hand, it was possible

to overcome algorithm aversion by giving people the control they need by letting them
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modify decisions (Dietvorst et al., 2018; Schaap et al., 2023; Sinclair-Desgagne, 2024),
showing algorithms’ ability to learn from mistakes (Berger et al., 2021; Reich et al.,
2023), and sharing accuracy performance of algorithms (You et al., 2022).

More recent studies demonstrated the phenomenon of algorithm appreciation under
both opposing and parallel conditions to previous research (Araujo, 2020; Shin et al.,
2020). Algorithmic advice was more effective in changing people’s predictions than
advice from other people, regardless of whether they saw either one of them or both
(Logg et al., 2019). That was applicable to an objective task like weight estimation and
subjective tasks such as predicting song popularity and romantic attraction. Moreover,
unlike previous studies that contained statistical models and formulas in the definition
of algorithms (Onkal et al., 2009; Prahl & Van Swol, 2017), research from the last
decade has dealt specifically with reliance on Al algorithms as the use of Al has become
rapidly widespread. This new stream of research has signaled that interaction with
algorithms may move beyond appreciation. In one such study, just being aware that an
Al generated the particular advice led to overreliance on it in an uncertain situation,
which led to undesired outcomes for partners in a trust game (Klingbeil et al., 2024).

In an attempt to test a potential mechanism to explain contradicting results on the
effects of algorithmic advice, manipulating only the framing of sources for the same
advice altered its influence on participants’ final judgments since descriptions of
sources affected levels of perceived source competence (Hou & Jung, 2021). The most
influential source was human experts, followed by an Al system with significantly
higher influence than a person and a Mturker. Crucial to the current research, the
influence factor of an Al system and an algorithm did not differ significantly. In
contrast, Candrian & Scherer (2024) showed that calling a system “AI” after a system
error occurs causes less negative reactions and less damage in trust and satisfaction than
when the same error is suggested to be “algorithmic,” which indicates terminology
makes a difference in users’ level of trust to Al vs. algorithm as well. In this study, we
use the term algorithm as an umbrella term encompassing Al algorithms and any
mechanical step-by-step procedures for making predictions.

Despite its limitations, previous research looked into several factors associated with
the perceived accuracy of algorithms versus humans. To begin with, earlier studies
included a measure of trust, although their primary interest was behavioral outcomes in

different domains. For medical and legal decision scenarios where decisions were made
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about participants, human experience and intuition were perceived as more accurate and
fair than statistical formulas (Eastwood et al., 2012). In another scenario-based study,
trust in the recommendation of human professionals was higher than in computers
despite the superior performance of the latter (Promberger & Baron, 2006). Task
domain was a major factor for perceived self and algorithm accuracy, while neither
prior experience with algorithms nor self-confidence in a task had a significant impact
on perceived accuracy or reliance on algorithms (Jessup et al., 2024). In addition, users
perceived algorithms with slow response times as less accurate but judged people’s
speed oppositely because slowness was related to higher effort and quality for people
but not for algorithms that are expected to perform any task easily (Efendi¢ et al., 2020).
Notably, Schmitt et al. (2021) defined a paradoxical gap where people follow the Al
system's incorrect recommendations despite a decrease in their trust. This indicates that
stated perceptions may not predict actual behaviors equally under all circumstances.
Therefore, more studies are needed to incorporate perceptions of accuracy, trust, and
confidence in algorithms and to discern nuances in their effects on human behavior.

As it appears, previous studies mainly consisted of behavioral outcomes, such as
whether people follow or discount algorithms’ predictions. Challenges encountered in
interacting with real Al algorithms reveal that we need to investigate user perceptions of
such algorithms more closely to understand how perceptions change users’ behaviors
and choices. Yet the mediatory role of confidence in the study of Dietvorst (2015) has
received less attention than the behavioral outcome which demonstrated people’s
reluctance to bet on algorithms’ forecasts of student success. They found that the
decline in confidence in the algorithmic estimates due to witnessing it making errors
was the main cause of betting on human judgment over algorithms. More studies to
expand the exploration of confidence in algorithmic predictions are needed, and task-
related factors, which have received relatively less attention in this interaction, should
also be considered as part of this endeavor.

In their systematic review, Mahmud et al. (2022) pointed out that relatively limited
research exists that focuses on task-related factors of algorithm aversion. There have
been efforts to understand the nature of the task, such as their objectivity, need for
mechanical skills, and level of difficulty. In terms of task objectivity, a recurring finding
has been that objective tasks like predicting the weather and giving directions breed less

aversion and more trust towards algorithms in comparison to subjective tasks such as
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predicting personality traits and recommending music (Castelo et al., 2019). Likewise,
people perceived algorithms and humans as equally fair and trustworthy when they
performed mechanical tasks (e.g., work assignment), whereas algorithms were judged as
less fair and trustworthy due to their perceived inability to apply intuition and subjective
judgment in a task that is assumed to require human skills (e.g., hiring) (Lee, 2018). As
for the task difficulty, findings have suggested that it was easier to ignore algorithmic
output for simpler tasks (Onkal et al., 2019), but people tended to follow algorithmic
suggestions more as task difficulty increased (Bogert et al., 2021).

The only task-related interaction factor investigated in detail so far is the
individuals’ expertise in the task. Expertise (i.e., substantial domain knowledge) is
found to be positively associated with algorithm aversion, even though this decreases
the achieved accuracy level in human algorithm collaboration (Arkes et al., 1986; Logg
et al., 2019). Hence, the ideal expertise level for algorithm-augmented works was
intermediate, suggesting opposing roles of users’ skills and their level of algorithmic
aversion (Allen & Choudhury, 2022). In the current study, we will explore another task-
related factor by examining the impact of interest in the task on evaluations of

prediction accuracy of the Al algorithms and other people.

1.2  The Role of Task Interest in Perceptions toward Al-powered technologies

Although the role of interest in the task has not been sufficiently investigated in the
context of algorithms, consumer behavior researchers examined the role of interest in
the adoption of automation and robots (Leung et al., 2018). For daily and recreational
activities such as cooking, driving, and fishing, identity-based consumption, where
consumers seek products associated with self, differed from adopting automation for
convenience (Leung et al., 2018). In this case, the need for internal attribution made
automation of baking and fishing less desirable, especially if the task required high
skills to achieve since automation could undermine the credit taken for outcomes.
Crucially, controlling expertise did not eliminate the effect of identification with the
task. Likewise, consumers resisted robotic labor when higher symbolic value was
attached to the products and services, such as artwork and a tattoo (Granulo et al.,
2020). The authors suggested this was due to the consumers’ desire for uniqueness,

which is believed to be more closely linked with human labor. Both studies signaled



resistance to technologies if the context in which they are consumed involves personal
motives.

When it comes to Al algorithms that make recommendations or predictions, the
Theory of Felt Involvement (Celsi & Olson, 1988) may be crucial in informing the
motivational role of interest in the processing and evaluation of informational stimuli
generated by algorithms and alternative sources. Felt involvement is defined as an acute
state experienced in the presence of information personally relevant to one’s values,
needs, and goals (Celsi & Olson, 1988, p. 211). Intrinsic and situational factors are
found to determine its magnitude; thus, felt involvement is open to manipulation from
outside. Once activated, it enhances attention and comprehension processes;
specifically, people attend longer, put in more cognitive effort, create more thoughts,
and make more inferences. Additionally, Celsi and Olson’s (1988) findings revealed
that felt involvement affected motivation to process, whereas domain knowledge
influenced the ability to process through elaborating inferences. Thus, despite the
positive association between felt involvement and domain knowledge, it is observed that
they have independent effects on information processing.

Recently, the Theory of Felt Involvement has been utilized to understand the
impact of involvement in various areas that emerged due to new technologies, such as
social media advertising (Alalwan, 2018), virtual reality spectatorship (Kim & Ko,
2019), and influencer marketing (Trivedi & Sama, 2020). Regarding Al, Sanusi et al.
(2024) surveyed Nigerian pre-service teachers and suggested that personal relevance
predicted their intention to use Al for occupational purposes. However, no attempt has
been made so far to connect individuals’ felt involvement with tasks and their
evaluations regarding the predictions made by Al algorithms. This association has the
potential to offer a significant contribution to the human-algorithm interaction field,
providing a basis to examine the differential effects of attention to algorithms and
alternative sources such as a group of people, the cognitive effort devoted to interacting
with them, comprehension of their outputs, and the level of elaboration in the analysis

and evaluation of these sources.



1.3  The Present Study

In this research, we investigate the role of interest in the task in the evaluation of
predictions’ accuracy presented as coming from an Al algorithm versus a group of
people (i.e., previous participants) by testing the hypothesized interaction between
interest in the task and source of prediction. The evaluation metric of focus is the
perceived accuracy of predictions. It is chosen owing to practitioners' empirical
observations that people struggle to evaluate accuracy (Green & Chen, 2019) and the
need for more research endeavors to understand its role in algorithm aversion and
appreciation. The present study also aims to replicate three previous findings regarding
preference for algorithms in decision-making: First, algorithm appreciation was
observed for a) objective tasks that do not require human intuition (Castelo et al., 2019;
Lee, 2018), b) difficult tasks (Bogert et al., 2021) and when sources had similar
procedures and competences (Sunstein & Reisch, 2023).

In order to achieve these goals, a new task was designed that proceeded in a trivia
quiz style, where people were asked questions on various subjects. Questions were
composed of six different subjects. In this task, participants are not expected to predict
answers themselves but to assess the accuracy of predictions of a given source, an Al
algorithm, or other people who previously participated in a similar trivia quiz. Choices
and descriptions of the sources were built on prior research. Based on insight from
Bogert et al. (2021), the Al algorithm condition was alternated with an average of a
group of people to compare its influence to social influence or the wisdom of the crowd.
Information on how predictions were made was the same across conditions so as not to
influence the perceived competence of sources (Hou & Jung, 2021; Logg et al., 2019).

A more favorable evaluation of the Al algorithm compared to humans would
indicate the perceived superiority of Al algorithms. Central to the aims of the present
study, the differences across sources in their perceived accuracy are expected to be
significant only when questions in the trivia quiz came from subjects in which
participants had a higher interest. This expectation is grounded in the idea that higher
interest is associated with the allocation of greater cognitive effort to comprehend
stimuli. Consequently, this can enhance the salience of information sources, making
differences in perceived accuracy between sources more pronounced. We referred to

interest in the current study to capture participants’ engagement with different trivia



subjects, as using ‘personal relevance' or ‘involvement’ (Celsi & Olson, 1988) seemed
less appropriate in this context. To measure interest, before starting the trivia quiz,
participants rate their level of interest in 6 subjects: Art, Animals, Entertainment,
Geography, History, Human body and health, Science, and Sports. Then, all participants
are shown the same set of questions spanning these six subjects in a random order,
irrespective of their level of interest.

Particularly, in the present study, we test the following hypotheses:

H1- The perceived accuracy of predictions made by the Al algorithm will be higher
than those made by previous participants and the control group (where predictions do
not refer to a specific source).

H2- The effect of source on the perceived accuracy will differ depending on the
participants’ level of interest in the trivia quiz subject. Specifically, when the
participants’ interest is high, the perceived accuracy of predictions made by the Al
algorithm will be higher than those of both previous participants and the control group,
whereas when their interest is low, there will be no significant differences among the Al
algorithm, previous participants, and control group.

H3- In the Al algorithm condition, the perceived accuracy of the prediction will
differ depending on the participants’ level of interest in the trivia quiz subject, with high

interest leading to greater perceived accuracy than a subject category with low interest.

Chapter 2:
METHOD

2.1 Pilot

The pilot study was conducted to ensure that the questions were sufficiently
challenging such that the majority could not give the true answers. It also served to
select 30 appropriate questions from the initial 120, with 5 chosen for each subject
category. The pilot task was introduced as a trivia quiz, and participants were asked to
evaluate the subject categories, the difficulty of questions, and their confidence in the
predictions they made. The sample was reached via the Utrecht University Sona
System. Each of the 19 participants answered 32 questions randomly selected from a
pool of 120 numerical questions. The pool consisted of an equal number of questions

8



from 8 different subject categories: Art, Animals, Entertainment, Geography, History,
Human body and health, Science, and Sports. A previous study (Nelson, 1980) and
trivia quiz websites were searched while preparing questions, but most were created
using ChatGPT. All answers were checked from different sources to make sure they
were accurate.

The pilot study was crucial to avoid the level of knowledge intervening in the
evaluation of accuracy because if participants knew the true answers, then they could
objectively evaluate the source's predictions. This would have undermined the study
design, as the goal was to measure the perceived accuracy of predictions provided by
the Al algorithm and previous participants, which is a subjective metric. For instance,
we observed that questions like “How many times is the word ‘blood’ written in the
Shakespeare play “Macbeth?” or “How many copies of Minecraft have been sold from
its launch to 2021?” were rated more difficult than questions like “What is the speed of
the fastest land animal, the cheetah, in kilometers per hour?” or “How many States does
the United States consist of?” for which one and three participants already knew the
correct answers, respectively. The former questions were included in this case, whereas
the latter was excluded.

Based on the results of the pilot, science and history categories were excluded. The
design required questions that were challenging to pinpoint the exact answer but open to
making the best guess simultaneously, such as “What is the longest recorded time a
human has stayed awake without sleep, in hours?”. It was harder than other categories
to find enough science and history questions that met these criteria. For example,
someone might know, “How long did the Hundred Years' War last?”, but without any
information on this historic event, it is hard to predict or judge whether a prediction is
reasonable. This would have complicated accuracy ratings.

The choice of 30 questions was guided by insight from the pilot study, and they
exhibited the following characteristics. First, an equal number of questions came from 6
subject categories: Art, Animals, Entertainment, Geography, Human body and health,
and Sports. Second, all questions were numerical to be convenient to assess predictions’
closeness to being accurate on a scale of 1 to 10. Third, the difficulty of the questions
ensured that the ratings of accuracy were based on subjective evaluation rather than a
comparison to the true answers available to participants. The mean difficulty rating of

the questions was 5.97 (SD = 2.53) out of a maximum of 10.
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2.2 Participants

Eighty-two participants were recruited via Prolific (app.prolific.com). The only
inclusion criterion was being fluent in English. Four respondents who failed the
manipulation check were excluded from the study. When asked who the source of
predictions was, two people in the previous participant condition who said it was
themselves and Artificial Intelligence were excluded. Two more people from the Al
Algorithm condition who could not answer both this question and the source of the
algorithm’s training data were excluded. As a result, the analysis was conducted with a
sample of 78 participants. There was an equal number of females and males; their ages
ranged from 20 to 48, with a mean of 26.35 (SD = 6.05). A significant portion of the
sample was from South Africa, Poland, and Portugal, with 17, 16, and 14 participants,
respectively. 30.8% of participants were college graduates, followed by 29.5% high
school graduates, 23.1% with post-graduate or professional degrees, and 16.7% with
some college or technical training beyond high school. 48.7% of participants reported
being employed, whereas 34.6% were students. More detailed sample characteristics
can be found in Table 1. All participants were compensated with £3.00. Data collection
took place on May 30, 2023.

Table 2.1: Demographic characteristics of the sample.

Characteristics Categories N %
Gender Male 39 50
Female 39 50
Education Level High school graduate 23 29.5
Some college or technical training 13 16.7
College graduate 24 30.8
Postgraduate or professional degree 18 23.1
Employment Status Employed or self-employed 38 48.7
Student 27 34.6
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2.3  Experimental Task

The task was built on Gorilla software (https://gorilla.sc). Participants were asked

to evaluate the accuracy of 30 predictions, chosen based on the pilot study, that served
as answers to trivia questions. Firstly, only the question was displayed on the screen. On
the next page, the prediction was presented under the question box. It was the true
answer and the same across three conditions: the Al algorithm, previous participants,
and control group. However, the given source of prediction changed depending on the
assigned condition of the participants (for details, see section Procedure). Once they
clicked Next, a slider appeared on the screen from 1 (not accurate at all) to 10
(extremely accurate). At the end of the trial, they rated the difficulty of the trivia
question. Boxes, colors, and a minimal illustration were used in the design of the

displays to make it look more like a trivia game.

2.4  Procedure

Suitable participants on Prolific who speak English fluently were automatically
directed to Gorilla. Only laptops were allowed to take part in the experiment.
Participants started by confirming that they understood all the information about the
experiment. They were randomly assigned to one of the three conditions: the Al
algorithm, previous participants, and the ambiguous source (control group). On the
welcoming page, the goal of the research was conveyed as “understanding how people
from different backgrounds perform on a general knowledge test in a series of studies.”
Participants were asked for their participation in evaluating the difficulty of trivia
questions and the accuracy of the 30 estimates. On this page, nothing about the sources
of estimates was revealed. Next, participants answered eight demographic questions.
Then, they sorted six subject categories based on their level of interest and rated their
level of knowledge for each using sliders. Regardless of interest level, each participant
was presented with the same set of questions covering all six subject categories in a
random order. The chosen order of subject categories was used in the data analysis stage
to create a variable of interest in the task with two levels.

A practice round was used to explain the task and implement manipulation. The
practice question was, “What is the speed of sound in the air under normal conditions,

in meters per second?”. Between displaying the question and the prediction, participants
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in the control condition were shown the message: “After you read the question, we will
present an estimate for you to evaluate its accuracy.” On the contrary, at this stage, a
source was introduced in other conditions. In the Al Algorithm condition, it was stated,
“We will present the prediction of an Al algorithm trained on estimates of participants
from a past experiment.” In the previous participants condition, the statement “We will
present the average estimate of participants from a past experiment for you to evaluate
its accuracy” was inserted.

Next, they engaged in 30 trials without time limitations. Source was a between-
subjects condition, which means participants saw predictions from only one source
throughout all 30 questions. Except for the control group, predictions were displayed
with their source to strengthen the manipulation, so the sentences began with “The
prediction of an Al algorithm trained on the estimates of past participants was...” or
“The average estimate of participants from a past experiment was...”. Next, they
evaluated the difficulty of the question. The order of the subject categories and the five
questions within them were randomized. Participants in the Al algorithm and previous
participants conditions answered manipulation questions. Both groups answered who
came up with the predictions made for trivia questions. Additionally, only the Al
algorithm group was asked about the source of the data on which the Al algorithm in the

study was trained. The average time of completion was 18.13 minutes (SD = 10).

2.5 Data Preparation

The data was restructured in Excel to create an unaggregated long-format version,
which was desired for the linear mixed-effects modeling (Brown, 2021).

The order in which participants sorted their interests in subject categories was
recorded as numbers between 1 and 6. The first three and last three categories were
recoded into a different variable: high interest and low interest. Three participants chose
the same subject category more than once while sorting them based on their interest in
them. That caused 35 accuracy ratings to be lost for four different subjects (5 animals,
15 art, 10 geography, and 5 entertainment predictions). After their exclusion, the final

data comprised 2305 rows of individual observations.
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Chapter 3:
RESULT

3.1  Analysis Strategy

A linear mixed-effects model (LMM) with crossed random effects was run to
analyze data. The study had a repeated-measures design in which all participants were
engaged in making predictions for all questions. LMM was preferred due to its
advantage of modeling participant and question variability simultaneously, unlike
ANOVA (DeBruine & Barr, 2021). It also deals with missing data better by treating
each observation individually rather than as a part of a participant’s response (Brown,
2021). Yet, a potential drawback of LMMs is the abundance of analytic decisions to be
made and the lack of common standards (Meteyard & Davies, 2020). This study
followed the guidance of Meteyard and Davies (2020).

The R packages Ime4 (Bates et al., 2020) and ImerTest (Kuznetsova et al., 2016)
were employed to run the models. It uses restricted maximum likelihood (REML) in this
process. Following Arend & Schafer (2019), a post hoc power analysis based on Monte
Carlo simulation was implemented in the R package SIMR (Green & MacLeod, 2016).
Other helpful R packages were emmeans (Lenth, 2023) to conduct custom contrasts and
MuMIn (Barton, 2024) to calculate R-squared values.

3.2 Model Building

The modeling process started with decisions regarding random effects. Random
intercepts were included to model random deviations from the mean accuracy rating and
thus solve the nonindependence problem (Brown, 2021). Model comparison went from
simple to complex, and the criteria were the results of the Likelihood Ratio Test (LRT)
and the Akaike Information Criterion (AIC). LRT revealed that including by-items
random intercepts improved the model fit significantly, ¥2 (1) = 43.07, p <.001.
Considering moderate intraclass correlation and the variance values of items, this was a
necessary output for the decision to warrant the inclusion of this random effect. No
convergence issues occurred throughout the process, the details of which can be found
in Table 1.
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Then, three fixed effects were added to the model all at once. Interest was a within-
participants, between-items factor that has two levels (low and high). Source was a
between-participants, within-items factor that has three levels (Al Algorithm, Previous
Participants, and Control). The third factor was the interaction between source and
interest. The final model with an AIC of 10231 showed an improvement relative to the
preceding models.

Table 3.1: Model comparisons for random effects.

e Model fit LRT Test

Model specification
AIC LL df x2 p

Ranplqm intercept for 10280 51371
participants only
Random intercepts for
both participants and 10240 -5116 1 42.12 <.001
items
Random intercepts + 10231 5106.6

Fixed effects
Note. Number of total observations = 2305; Number of subjects = 78; Number of items

=30.

3.3 H1: Source Impacts Perceived Accuracy of Predictions

To analyze whether participants evaluated the accuracy of sources in the study
differently, a separate model without the interaction term was run to assess the main
effect of source, controlling for interest. It revealed that the effect of source was
significant, F(2,74.9) = 4.48, p = .01, %= 0.11. Post hoc comparisons with Bonferroni
adjusted alpha levels demonstrated that accuracy ratings for the Al algorithm condition
(M =7.04, SD = 2.11) were higher than in both previous participants (M = 6.20, SD =
2.17), t(75) = 2.73, p = .02 and the control condition (M = 6.32, SD = 2.72), t(74.7) =
2.78, p = .04. The comparison of the previous participants condition with the control
condition was non-significant, t(75.2) = .30, p = 1.0. According to post hoc power
analysis based on 1000 simulations with a significance criterion of a = .05, the observed
power for the effect of source is 78%. In conclusion, the perceived accuracy of
algorithmic predictions was significantly higher than those of previous participants and

the control group.
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3.4  H2and H3: The Effect of Source Depends on the Interest in the Task

The interaction between source and interest was found significant, indicating that
the effect of source on the perceived accuracy differed depending on the interest levels
of the participants, F(2, 2212.7) = 3.90, p = .02. Based on 1000 simulations and a
significance threshold of o =.05, post hoc power analysis indicated that the observed
power for this effect was 67.3%. Custom contrasts were performed to test our
hypotheses using Bonferroni-adjusted alpha levels of .007 per test (.05/7). When the
interest was high, a pattern similar to the main effect of source was observed. The
accuracy ratings for the Al algorithm (M = 7.19, SD = 2.02) were higher than in both
previous participants (M = 6.25, SD = 2.21), t(97.7) = 2.94, p = .03 and the control
condition (M =6.18, SD = 2.76), t(97.1) = 3.30, p = .01. However, no significant
difference existed between any pair of conditions when the interest was low. Neither
previous participants (M = 6.15, SD = 2.13), t(98.1) = 2.16, p = .23 nor control
condition (M = 6.46, SD = 2.69), t(97.1) = 1.36, p = 1.0 differed from Al algorithm
condition (see Figure 1). To conclude, higher task interest increases the perceived
accuracy of Al predictions in comparison to previous participants and control groups,
whereas low task interest reduces this effect.

Source

[ Al algorithm
[¥ Control condition
M Previous participants

Perceived Accuracy

| ow Interest High Interest

Interest in the Task

Figure 3.1: Perceived accuracy of predictions by source across levels of task interest
For the last hypothesis, whether interest impacts perceived accuracy within the
same source was tested. In the Al algorithm condition, there was no significant

difference between the accuracy ratings for subject categories with high (M = 7.19, SD
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= 2.02) versus low interest (M = 6.89, SD = 2.20), #(2205.5) = 1.54, p = .87. Similarly,
comparison within previous participants condition, #(2186.1) = 0.04, p = 1.0 or control
condition #2221.3) = -2.31, p = .14 did not reach significance level (see Figure 2).
Hence, the results did not confirm the third hypothesis.

A summary of fixed effects and random effects is presented in Table 2.

Interest in the task

10 M High
W Low

Perceived Accuracy

(5]

Al algorithm Control group Previous participants

Source
Figure 3.2: Perceived accuracy of predictions by task interest across source types

Table 3.2: Results from linear mixed-effects model.

Fixed Effects F Num df Den df p
Source 0.102 1 1958.1 0.75
Interest 4.483 2 74.9 0.014
Source*Interest 3.898 2 2212.7 0.02
Random Effects Variance SD
Participant (Intercept) 0.94 0.97
Items (Intercept) 0.17 0.41
Model fit
R? Marginal Conditional
0.02 0.21

Note. p-values for fixed effects calculated using Satterthwaites approximations.
Model equation: Accuracy ~ 1 + Interest + Source + Interest:Source +(1 |

question_item) + (1 | PartID)
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Chapter 4:
DISCUSSION

The present study explored the influence of interest in the task on the perceived
accuracy of algorithmic versus human predictions. We designed an experiment in which
participants saw predictions of only one source for all numerical trivia questions and
evaluated their accuracy. Building on the Theory of Felt Involvement, we hypothesized
that participants’ accuracy ratings for the Al algorithm would diverge from other
sources particularly for predictions related to subjects with higher interest. We also
expected to observe algorithm appreciation under the conditions in our design, which

had previously been identified as contributing to this phenomenon.

Confirming our first hypothesis, the main effect of source was significant. When
predictions were presented as coming from an Al algorithm trained on the estimates of
past participants, participants perceived them as more accurate than those attributed to
the average estimate of previous participants or predictions provided without any source
information. There was no significant difference between the perceived accuracy of
previous participants and predictions without any source information in the control
condition. Algorithm appreciation has previously been associated with objective
(Castelo et al., 2019), mechanical (Lee, 2018), and difficult tasks (Bogert et al., 2021),
and our first finding is consistent with these established conditions. Considering that
predictions participants saw were the same regardless of the source demonstrates that
the difference framing one source as an “Al algorithm” creates is substantial enough to

affect people’s perceptions of accuracy significantly.

In alignment with our second hypothesis, a significant interaction effect was
found between interest in the task and source. This means that the effect of source on
the perceived accuracy of predictions was stronger when the question subjects were of
high interest compared to when they were of low interest. In particular, participants
reported higher accuracy ratings for the Al algorithm than the previous participants and
control condition at high interest, whereas no significant difference was found at low
interest. These findings can be discussed with respect to the Theory of Felt Involvement
(Celsi & Olson, 1988). Accordingly, one possible explanation is that participants paid

greater attention to source information when their interest in the subjects was higher,
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which enhanced their ability to process and evaluate the source and its output. Then, the
prominence of the Al algorithm suggests that it was evaluated more favorably than
previous participants in terms of accuracy. This provides initial evidence that the Theory
of Felt Involvement can help explain user perceptions and experiences in their

collaboration with algorithms for tasks in which they have varying levels of attachment.

Nevertheless, we did not find a significant difference when higher interest and
lower interest conditions were compared within the Al algorithm group, unlike the
significant differences found between the Al algorithm, previous participants, and
control conditions in previous comparisons. The failure to confirm the third hypothesis
contradicts the assumptions underlying the Theory of Felt Involvement. One reason
might be the simplicity of the faux Al algorithm, which is what people may notice when
they attend to the source description (i.e., an Al algorithm trained on the estimates of
past participants). Comprehension of this detail may not have added any further impact
beyond the initial effect of the Al algorithm’ label. In addition, this finding might imply
that the source can play a more pivotal role in shaping perceptions than participants’
level of interest in subject categories within the Al algorithm context. Another
possibility might be a limitation in our methodological choices, which led to failure to
reflect a broad spectrum of participants' interest in the subjects. Indeed, we used the
order in which people ranked the subject categories of questions based on their level of
interest to determine the questions corresponding to two categories (i.e., higher interest
and lower interest) for each participant. As a more nuanced approach, Celsi and Olson
(1988) categorized participants into four levels of personal relevance based on scores

they got from their responses to bipolar adjectives.

In studies where people interact with algorithms, the selection and
implementation of tasks are closely related to the generalizability of results. The
majority of user-centered research starts with describing what a supposed algorithm
does and how it works. Then, the algorithms’ (faux) outputs, like predictions and advice,
are presented, which are, indeed, predetermined by researchers (e.g., Bigman & Gray,
2018; Bogert et al., 2021). This procedure is extensively practiced since researchers
need experimental control, and building real Al algorithms is challenging, but as a
byproduct, participants rarely truly experience using real algorithms. Eventually, it can

undermine external validity (Mahmud et al., 2022), as it implies asking participants to
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imagine a decision-making scenario involving algorithms. In the real world, the

consequences of decisions may be more consequential.

Although our task substantially takes after the mentioned procedures and task
features, it diverges from some of them in significant aspects. First, participants were
asked to evaluate the question and prediction properties under the impression that
researchers would use their feedback to revise the task for future general knowledge
studies. Thus, rather than representing a specific domain, our task is an artificial task.
This can make its generalizability questionable because it does not target an actual
domain. However, how and why the algorithm in our study makes predictions can be
applied to everyday and professional usage, as it simply takes an average of previous
predictions to answer factual questions. It also enables targeting laypeople without any
inclusion criteria like domain knowledge. Second, algorithms making personally
relevant predictions can be challenging to administer in experiments because they
typically require a real algorithm trained on personal information and have higher
output variability. For example, an algorithm that predicts a match between users and
potential romantic partners must consider users' personal preferences to make realistic
predictions. We introduced another way to explore the impact of a motivational personal
factor (i.e., personal relevance) on the human algorithm interaction with an objective
task by asking about the interest in question subjects. Testing an alternative path, the
present study represents a step toward discussing more individual-level variables that

can simultaneously affect people’s interactions with tasks and Al algorithms.

Risk, required expertise, and subjectivity are other essential task characteristics
for evaluating generalizability (Lai et al., 2021). Our task has low stakes considering its
artificial nature and the absence of something to gain or lose, like bonus incentives often
offered (Dietvorst et al., 2015; Jessup et al., 2024). Rewards are not appropriate for the
present study since participants do not perform but evaluate other sources of
information, such as Al vs other people. Finally, our task is objective, and a ground truth
exists — a factual answer being sought. However, the required expertise to evaluate the
accuracy of predictions is relatively high because the questions in the trivia quiz are
designed (and pilot-tested) to be difficult enough to prevent the confounding effect of

participants knowing or even guessing the correct answer (For details, see section Pilot).
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4.1 Limitations and Future Studies

Our study had limitations regarding its methodology and generalizability. First,
due to resource constraints, the sample size was determined without fully aligning with
the recommendations of a formal power analysis, potentially affecting the sensitivity of
the results. Second, a potential limitation of the theory is that it was initially developed
and predominantly applied to customer behavior and marketing research. Although
algorithmic predictions are integrated into products and services aimed at customers, the
users of algorithms encompass a broader audience that extends beyond buyers. Third,
the generalizability of findings is limited by the relatively low stakes of the task, making
it difficult to extend these results to high-risk contexts. For example, sources can be
evaluated differently in a high-pressure situation, such as creating an original recipe for
a competition, compared to experimenting casually to explore new flavors.

Future research should fully leverage the explanatory potential of the Theory of
Felt Involvement (Celsi & Olson, 1988) by examining attention processes as a
mechanism of the confirmed interaction effect between the source of predictions and
interest in the task on perceived accuracy. Researchers should consider evaluating the
role of expertise in the task alongside interest in shaping perceptions of algorithmic
predictions and look for objective and reliable ways to measure these variables. We did
not incorporate expertise into our design because ensuring task difficulty was a higher
priority, making expertise less relevant. However, Celsi and Olson (1988) measured
domain knowledge in tennis with a 15-question tennis quiz. This could serve as a
reliable measure, while our attempt to measure the level of knowledge in subject
categories was only a subjective evaluation of participants’ expertise and could not be
used to control the effect of expertise. In terms of interest, future studies could include
multiple tasks or domains, categorizing them as high- and low-interest (e.g., solving
mathematical problems and fortune-telling) to observe how individuals collaborate with
algorithms in tasks of varying personal relevance.

For our research, we designed a task reflecting machine learning principles, a
field that involves using algorithms to learn from data and make predictions (Delgadillo,
2020). Today, Al-driven chatbots utilizing natural language processing (NLP)
techniques and trained on significantly larger datasets can play an increasingly

prominent role in similar tasks. At the time of data collection, the first version of
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ChatGPT had only recently been released. Therefore, we did not ask participants
whether they had used it or similar tools. However, with the current popularity of
generative Al, any Al-generated prediction or advice might now be perceived as a
product of such technologies due to participants' familiarity and prior experience. Thus,
future studies should control participants' experience with and understanding of

artificial intelligence.

Chapter 5:
CONCLUSION

The present study was the first attempt to apply the Theory of Felt Involvement to
people’s interactions with Al algorithms in decision-making processes. We introduced
the interest in the decision task as a moderator in the relationship between the source of
predictions (generally algorithms versus humans) and their perceived accuracy. Our
analysis showed that higher interest in the task enhances the effect of source on the
perceived accuracy of algorithmic versus human predictions. Specifically, the Al
algorithm had significantly higher accuracy ratings than previous participants and the
control group. We argue that the differences in perceived accuracy between sources
could be explained by greater attention and comprehension, driven by the activation of
felt involvement for tasks with higher interest. This study contributes to the human
algorithm interaction research by investigating perceptions of Al algorithm’s accuracy
compared to a human crowd’s accuracy experimentally. Future research could explore
ways to measure and manipulate attention and comprehension levels to better

understand the mechanism underlying these findings.
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