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ABSTRACT 1 INTRODUCTION

Intelligent everyday applications typically rely on automated Rec-
ommender Systems (RS) to generate recommendations that help
users make decisions among a large number of options. Due to
the increasing complexity of RS and the lack of transparency in
its algorithmic decision-making, researchers have recognized the
need to support users with explanations. While many traditional
Explainable Al methods fall short in disclosing the internal intri-
cacy of recommender systems, counterfactual explanations provide
many desirable explainable features by offering human-like expla-
nations that contrast an existing recommendation with alternatives.
However, there is a lack of empirical research in understanding
users’ needs of counterfactual explanations in their usage of every-
day intelligent applications. In this paper, we investigate whether
and when to provide counterfactual explanations to support peo-
ple’s decision-making with everyday recommendations through
a question-driven approach. We conducted a preliminary survey
study and an interview study to understand how existing explana-
tions might be insufficient to support users and elicit the triggers
that prompt them to ask why not questions and seek additional
explanations. The findings reveal that the utility of decision is a pri-
mary factor that may affect their counterfactual information needs.
We then conducted an online scenario-based survey to quantify
the correlation between utility and explanation needs and found
significant correlations between the measured variables.
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In recent years, many online service platforms have adopted auto-
mated Recommender Systems (RS) to suggest various personalized
content for users based on their prior activities and preferences
[10]. While recommendation algorithms, often in the form of com-
plex deep neural models, have become increasingly accurate in
predicting the users’ preferences, their decision-making rationale
have become even more difficult to explain [32]. As this layer of
opaqueness imposes challenges for users to control, understand,
and trust the recommendations, one possible solution is to provide
explanations alongside recommended content [44, 53]. In RS, an
explanation is a description that justifies a recommendation and
therefore helps users better understand whether a recommended
item is relevant to their interests [43].

To provide more human-understandable explanations, researchers
have been trying to draw parallels to the fundamentals of human
reasoning. Based on findings in humanities and social sciences,
Miller identified contrastiveness as one of the characteristics of
explanation that are not given sufficient attention in Explainable
Al (XAI) [30]. As people explain “Why P", they would describe the
cause of an event in contrast to some other event that did not occur;
that is, an explanation would be of the form “Why P rather than
Q?". In this example, P is the target event and Q is an implied coun-
terfactual case that did not occur [30]. Contrastive explanations
are used to answer why not questions about the system’s behavior
in which the consequences of the counterfactuals in question are
pointed out [56]. This type of explanation is practically useful for
understanding the reasoning behind a decision, challenging that
reasoning, and altering future behavior in expectation of better re-
sults [48]. In the following narration, we will collapse the definition
of contrastive and counterfactual explanations as done by many
other researchers [41].

Previous work mainly studied its application in high-stake do-
mains such as finance, healthcare, and criminal justice for algorith-
mic decision support [47, 49], but do not empirically study RS that
mediate everyday tasks and practices [52]. Despite the work focused
on generating contrastive explanations through algorithm-driven
methods [41], there is still insufficient empirical understanding of
when and how users seek such explanations in RS, resulting in a gap
between explainability research and actual user needs [8, 24, 30].

The lack of consideration of in-the-wild use contexts when eval-
uating counterfactual explanations led us to ground our research in
real-world scenarios. To ensure that the scenarios are broad enough
to be relatable to a wide range of users, we turn to everyday service
applications—applications that provide an everyday service such as
e-commerce and social media—for our study. More specifically, we
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focus on those everyday applications’ adoption of intelligent sys-
tems that are capable of selecting relevant information, influencing
user-facing content, and learning from users’ behaviors to shape
future recommendations [19]. Question-driven frameworks have
been widely used in the space of understanding users’ explanation
needs, as an explanation is fundamentally an answer to a question
[28, 29]. In this work, instead of focusing on the explanation side
such as the feasibility of generating counterfactual explanations
and how such explanations should be presented, we turn to elicit-
ing when people ask why not questions. We note the synonymous
relationship between why not questions and counterfactual ex-
planations and refer to the former as a method of probing into the
latter in this work. Moreover, since a counterfactual explanations
serves to explain a why not question, we use why not explana-
tions and counterfactual explanations interchangeably.

In order to better support users through counterfactual expla-
nations in their interactions with everyday recommendations, we
investigate the following research question:

When do users need why not explanations when in-
teracting with recommended content in intelligent
everyday applications?

This work seeks to elicit users’ implicit and explicit reasons
behind the needs for explanations of alternative recommended
content. That is, in addition to finding when users directly ask
why not questions, we also look for situations when showing why
something is missing from the recommendation might fulfill users’
information needs. We do this by probing into users’ decision-
making processes in everyday service applications. Through this
work, we make the following contributions:

e We examine and report how users interact with existing
explanations provided for everyday recommendations and
the limitations of existing explanation methods as a decision-
making aid.

o We identify the triggers for people to ask why not ques-
tions for everyday recommendations and the main factor for
seeking why not explanations.

o We present quantitative findings from a survey on how users’
perceived utility of making a decision is associated with their
needs for why not explanations.

The remainder of the paper is structured as follows. We first review
related work in this area. This is followed by descriptions and
results from a preliminary survey, an interview study, and a survey
study that are all approved for IRB exemption. We then discuss the
implications of our findings from these studies, limitations, and
future work in this research direction.

2 BACKGROUND

2.1 Explaining recommendations

Recommender systems (RS) decide what and how online infor-
mation is presented to individuals for a wide variety of domains
including restaurant search, video consumption, dating, shopping,
and advertising by tracking and learning from the vast amount of
data from user activities. While recommendations can make digital
information more consumable and relevant for individuals [10], the
decision-making processes of RS can be complicated and opaque in
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nature. Consequently, the personalized curation of content with-
out proper justifications can make it difficult for users to assess
the quality of the recommendations without consulting with ex-
ternal resources [18]. One particular line of research in this area
is using explanations and justifications to support users in better
understanding the decision-making rationale of RS [32]. Some clas-
sic examples of explanations in RS include item-based explanation
(e.g., You are being recommended for this product because you have
purchased a related product before) and user-based explanation
(e.g., You are being recommended for this video because a person
you follows have liked this video) [54]. While explanations can
aid users in understanding the Al systems, it remains uncertain
whether they can lead to improved trust and acceptance of the
system [9, 28].

Explanations are essentially an answer to a why question [30].
Prior work has adopted the question-driven framework to generate
explanations. In particular, Lim and Dey [29] used scenarios to
elicit types of information demands and questions that users have
when using context-aware applications. Liao et al. [28] developed
an explainable AI (XAI) question bank to represent users’ needs for
explainability as questions that they might ask when using various
AT products. Gregor and Banbasat found that when interacting
with intelligent systems, users are not likely to ask for or access
explanations without a specific trigger, such as anomalous system
behavior [20].

In our study, we elicit user interview and survey data to un-
derstand perceptions of regular explanations as well as needs for
counterfactual explanations. This way, we can better identify pain
points across both and see how design modifications in one type of
explanation can potentially help solve pain points in the other.

2.2 Why not explanations

One particular type of question people may want ask an intelligent
system is the why not question, which closely relates to the line of
research in XAI that focuses on generating contrastive explanations
[41]. A contrastive explanation explains not only why event A
happened, but why A happened as opposed to some alternative
event B. Miller [30] provides an extensive survey of social science
literature in relation to XAI. He concluded that when people ask
“Why did event P happen?" questions, they are essentially asking
“Why did event P happen rather than event Q?", where Q is often
implicit in the context. According to social science researchers,
contrastive explanations are appealing for two reasons. First, people
ask contrastive questions when they are surprised by an event
and expected something different. The contrasting case identifies
what they expected to happen. This provides a window’ into the
questioner’s mental model, identifying what they do not know
[27]. Second, offering contrastive explanations is “simpler, more
feasible, and cognitively less demanding to both questioner and
explainer" [31], as a contrastive question surfaces characteristics
that differentiate the actual causal history from its counterfactual
alternative [27].

Researchers have proposed to use contrastive explanations for
personalizing human-Al interactions via an explanatory dialogue
by interactively adjusting their conditional statements and extract-
ing additional explanations [40]. Wilkinson et al. [51] explored the
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effects of “why" and why not justifications on users’ perceptions of
explainability and trust for a movie recommender. By only provid-
ing a why not explanation between a recommended movie with a
non-recommended movie chosen by the system, they found that
such why not justifications negatively influenced users’ willing-
ness to depend on and follow advice from the system. This further
suggests the need to elicit when, where, and how users want expla-
nations for why not questions.

Previous work has also underscored the general importance
of counterfactual explanations. Elzein argues that the ability to
explain a decision contrastively is indispensable for responsible
decision-making [15]. In a recent proposal, Attolou also pointed out
that for end-users, it is important to understand why the system
does not recommend other items that the user might expect (why
not question) in addition to why the system recommends certain
items (why question) [4]. Despite the importance of counterfactual
explanations, there is little empirical work investigating user needs
of such explanations in practice. Our work strives to bridge this

gap.

2.3 Supporting people in everyday
recommendations

Average users of everyday intelligent applications have different
explanation needs compared to Al researchers, developers, and
domain experts [36], as many of them have a relatively low aware-
ness and understanding of algorithmic decision-making [16]. The
uncertainty towards how the RS generates the contents can also
lead to “algorithmic anxiety" [22] and “algorithmic aversion" [12].
Eiband [14] investigated and categorized different problems and
coping strategies reported by users for three everyday intelligent
applications (Facebook, Netflix, and Google Maps). Their findings
call for a reconsideration of how and what to explain for recom-
mendations in order to better support users in making decisions
across options.

Though explanations may bring desiderata such as transparency,
trust, and satisfaction [43], research has shown the importance
of presenting only relevant and crucial information. Complicated
explanations may also decrease users’ acceptance of a system [21]
and negatively impact user confidence and enjoyment [37]. Bunt
et al. [6] also found that when users are interacting with everyday
low-cost applications, the perceived cost of consuming explanations
tended to outweigh its benefits. The ever-growing amount of time
spent on these applications [7] motivated us to determine whether
this is still the case.

While information overload is the main challenge in using expla-
nations to support users’ decision-making, over-simplification can
also lead to negative effects. In a study that compares personal and
impersonal sources of movie recommendations, Kunkel et al. [26]
found that simplistic explanations (conventional similarity-based
explanations) fall short in explaining the decision of RS when com-
pared to more sophisticated human-like explanations. Pu and Chen
[34] found that when users interact with RS, the desirable level
of detail in an explanation is associated with the perceived level
of risk in executing a decision. For example, users would prefer
more detailed explanations for products that involve a high level of
financial and emotional risks such as cars and houses, while they
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would prefer a short and concise explanation on low-risk products
such as movies and books.

If explanation detail is impacted by decision risk, then perhaps
so is the desire to explore alternative options. Currently, there
is little work examining the relationship between counterfactual
explanations and cost of decision-making. We engage with this
topic through our exploration of decision utility as it pertains to
counterfactual explanations.

3 PRELIMINARY SURVEY

To begin our investigation, we conducted an exploratory survey
to get some insights about people’s general explanation needs for
recommended content in everyday applications.

3.1 Survey Procedure

In this short survey, we offered participants a list of seven types of
recommendations based on the categorization of recommender sys-
tems proposed by Zhang and Chen [55]. For each type of recommen-
dation, we asked how frequently people use it and only analyzed
the responses in which the participants indicate that they have
at least seen it “infrequently”. We recruited participants through
Amazon MTurk who reside in the US and are aged 18 or above in
August 2021, and we received a total of 91 valid responses. Each
participant received $1.5 after completing the survey. Of the 91
participants, 67 identified as male and 24 as female. The average
age was 36.2 (std = 9.91). All completed their high school education,
48 have at least a bachelor’s degree, and 15 have professional and/or
Master’s degrees.

The survey started with three sets of scenario-based questions
(online shopping, online dating app, online apartment searching).
After that, participants were asked to answer some questions about
their general explanation needs for different types of recommen-
dations. These questions include: How frequent do you see the
following types of recommendations in your everyday life? When
the system offers you a particular recommendation, how much
would you be interested to get an answer for a why not question
such as why not suggest A instead of B?

3.2 Survey Findings

Among the most common types of applications (e-commerce, point-
of-interest, social media, and multimedia), social media had the
highest percentage (15.5%) of participants who indicated “Not at all
interested" with regards to recommendation explanations, while
the other three types of applications had less than 9% of participants
completely not interested in explanations. For e-commerce, point-
of-interest, social media, and multimedia recommendations the
percentage of participants who indicated “Very interested" or “Ex-
tremely interested" were more than 62%, 40%, 43%, and 48%, respec-
tively. For the scenario-based questions, across all reasons (includ-
ing efficiency, effectiveness, persuasiveness, transparency, sat-
isfaction, scrutability, and trust as the seven possible goals of
using expalnations in recommender systems identified by Tintarev
and Masthoff [43]) for why they need explanations, effectiveness
(i.e., The explanation might help me to make good decisions) was
chosen by the highest percentage of participants 40% averaged over
the three scenarios.
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We also looked at the responses to the open question “Please give
us a short description of a time when you noticed an explanation for
any type of recommendation." All responses fell into the following
four categories of applications.

(1) Social media applications (Facebook, Instagram, Twitter)
recommending users to follow based on mutual connections
(2) Multi-media applications (YouTube, Spotify) recommending
images, songs, movies, or videos based on user history
(3) E-commerce platforms (Amazon) recommending products
based on user history and similar products
(4) Point-of-interest applications (Google Maps) recommending
restaurants and routes based on users’ preferences and past
activity
These preliminary findings gave us the impression that users of
everyday online service applications generally have a high interest
in explanations, and that the commonly noticed explanations are
primarily coming from social media, multi-media, e-commerce, and
point-of-interest applications. Based on the finding that the most
commonly chosen reason for explanation needs is effectiveness
(making better decisions), we focus on understanding how why not
explanations can better aid decision-making going forward.

4 INTERVIEW STUDY METHOD

We chose semi-structured interviews as the study method for its
exploratory and versatile nature. We were constrained by a lack of
prior empirical work to deductively approach this problem, as every-
day user-facing why not explanation needs is still under-explored.
An inductive approach helped us better delineate people’s trans-
parency needs without being influenced by the dominant assump-
tions on the technical usefulness of counterfactual explanations.

4.1 Recruitment and Participants

We screened and recruited participants who regularly use online
service platforms such as e-commerce sites, social media applica-
tions, and multimedia streaming services who have noticed and
interacted with recommended content. We distributed a message
across social media platforms and also leveraged snowball sampling
to broaden our reach. To understand how average users seek expla-
nations, we recruited participants who had no extensive knowledge
of the algorithmic side of RS. Based on responses to the recruitment
survey, we filtered and selected participants based on the quality
of their answers to the open question, their knowledge level of
how the RS works, and their general awareness of recommended
content. We interviewed a total of 12 participants. The interviews
were semi-structured and conducted on Zoom, and typically lasted
from 45 to 60 minutes. All participants consented to being recorded,
and participants were compensated with a $10 Amazon gift card at
the end of the interview.

We began by asking interviewees to recall when they last inter-
acted with recommended content on any of the online service appli-
cations they use. To provide participants with some references, we
complied a list of recommendations including e-commerce, social
media, multimedia, point-of-interest, health, academic, navigation,
and search engines based on the categorization proposed by Zhang
and Chen [55]. We also provided a few application examples (e.g.,
YouTube, Spotify, Yelp etc.) for each type of recommendation. If
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participants struggled to think of relevant examples, we would then
show them the list as a reference. They were also encouraged to
think of examples outside the list. While showing the examples
might induce biases, the influence on responses is minimal, as list
covers a wide range of commonly used everyday applications that
are representative of most everyday interactions with recommen-
dations and explanations.

4.2 Analysis

Each interview audio was recorded and transcribed with some
light editing for readability (e.g., removed pauses, repetitions, filler
speech, etc.). The lead author then used open coding on the tran-
scripts to generate a set of codes. After the first round of coding,
that author revisited all the transcripts to collate the codes, and
two authors then imported the codes to an online application, Miro,
and created affinity diagrams to identify themes and patterns in
participants’ responses. The codes were clustered based on similar-
ity using an inductive approach. These clusters were then used to
identify emerging themes. During this process, we re-examined the
raw data, the coded quotes, and the themes in an iterative manner.

5 INTERVIEW STUDY FINDINGS

5.1 Users’ perceptions of existing explanations

5.1.1 General need for more explanations. When being asked if
they would prefer to view more or less explanations in their recom-
mendations, most participants express a strong interest and need
for additional information.

I need explanation. Just because most of these web-
sites are not transparent enough. I really value being
informed. And for me, I just want to make informed
decisions whether I go a lot. (P11)

Because like, there are so many algorithms that go
on behind the scenes or just even showing one little
explanation, it just kind of helps just better experience.
(P4)

In the above quotes, P4 enjoyed the general sense of transparency
when she saw explanatory details alongside the recommendations.
Several participants, on the other hand, mentioned that although
they preferred to have the information available, they would not
want to access explanations every time they were presented with
recommended content. For example, P5 wanted more details to be
available on demand.

I don’t want to know every single time. But if I have
the thought that I want to be able to know everything.
[...] Because right now I know that I won’t be able to
find that information. (P5)

5.1.2  Lack of relevant details. When asked whether they were
satisfied with the information provided in existing explanations,
participants expressed once again a desire for more details. Many
participants found the information currently provided to be too
generic and simple. One participant provided an example where
the explanations for Facebook advertisements did not appear to be
telling the whole truth regarding targeting based on her specific
interests:
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So I'm still getting those like tailored recommenda-
tions and ads when I click on “Why are you seeing
this ad?" All it does is say you're seeing this because
the brand is trying to reach females ages 18 and up
and people who live in the United States. [...] The
explanation is super vague. I'm like, okay, this is a lie.
They’re not targeting any random person who lives
in the United States. (P8)

As P8 suggested, the lack of details in explanations can poten-
tially erode users’ trust in the recommender system. P5 also indi-
cated a similar distrust, saying “The less detailed it is, the less I trust
that they’re actually telling me the truth". Apart from explanations
failing to provide desired details, some participants also pointed out
that the explanations may not be relevant to their interactions with
the application. P9 mentioned that it is unclear how the existing
explanations are useful besides offering a sense of transparency:

I don’t know how helpful it would be if it ended up
on my, like, on my screen, if I were actually look at it.
If they were to say, Oh, we recommended this to you
because of this. 'm not sure if I'll like put too much
thought into it. (P9)

5.1.3  Existing explanations are not noticed. During the interview,
participants were given a few examples of existing explanations.
One example frequently noticed by participants was LinkedIn sug-
gesting new connections based on the number of mutual connec-
tions. Another less noticed example was on the Instagram explore
page, where one small line of explanation that reads “Based on posts
you saved" shows up under every recommended image. While most
participants noted that they had seen these, several of them did
not despite being users of the platform. Participants had high-level
awareness that explanations are often displayed with recommended
content, yet they did not seem to observe specific instances of such
explanations.

It’s like now that you’ve pointed it out, I'm just realiz-
ing that there are already explanations on that I just
usually just skip over. [...] There are actual explana-
tions, but I never paid attention to. (P10)

That’s exactly how I always see them just passive. It’s
just kind of built in. You almost don’t even notice it.
(P4)

Additionally, P3 and P5 mentioned that they did not actively
seek out explanations because they do not think the information is
even available in the first place. P9 explained that this lack of notice
may be due to the limited attention allocated towards explanatory
information when skimming through recommended content.

5.2 Triggers for asking questions about
alternative suggestions

We identified signals of users wanting to learn what has not been
shown to them as well as the reasons and triggers for their informa-
tion needs. Participants may not be actively aware of missing rec-
ommendations (i.e. items that are not shown to them but still have
some relevance). Noting this, we structure the findings around this
question: what triggers users to question the existence of potentially
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relevant and interesting content outside of their current recommenda-
tions? We elaborate on two triggers we identified in the following
discussion.

5.2.1 Trigger 1: General skepticism. Some participants tend to be
more skeptical toward algorithmic recommendations than others.
Their primary concern is whether the algorithm is really giving
them suggestions based on their interests. Building on this skepti-
cism, some of them wonder why they have been only given these
particular contents instead of others. For example, P3 found himself
wondering whether Netflix is only recommending their popular
shows when he tries to find something to watch:

What if I go on Netflix and it only let me watch what-
ever is the most popular show every time? It feels like
it spirals me into this hole of watching whatever is
very popular. (P3)

P2 expresses a similar concern when reading news articles on
Facebook:

Why didn’t I get this article, whether it’s like, ‘Oh,
we found this one was not factual’ or was it biased?
What part of it is considered to be biased then?”(P2)

When making a choice based on recommended content, some
participants would like to know why an item is recommended over
alternatives. P3 mentioned that counterfactual explanations can
potentially help him to calibrate the amount of trust he can put
into a particular recommended item.

I guess it would just be useful in understanding like,
how much trust I should put in, like how specific the
recommendation actually is. (P3)

5.2.2 Trigger 2: Seeking novelty. While recommender systems at-
tempt to predict users’ preferences based on their past activities,
the recommended content can inevitably become homogeneous
and similar. Several participants mentioned that they constantly
got tired of recommendations on their feed page and wished to seek
fresher alternative content.

There have definitely been times in the past couple
months, when I'm like, you know, bingeing YouTube
and I just get bored. And like, I don’t know what to
I don’t know what to watch next. [...] I don’t know
what to switch to. (P10)

In addition to boredom, some participants expressed their inter-
est in knowing how to acquire alternative suggestions from the
system due to the fear of missing out (FOMO).

So like, a great example is my boyfriend uses TikTok
and Twitter, and so do L [...] I don’t see as many like,
funny jokes and memes that my boyfriend sees. And
then he sends it to me. And I'm like, Why? Why don’t
my timeline show me that? I want that, too. (P5)

Several participants mentioned that they got interested in alter-
native recommendations when they accidentally saw something
new and interesting. For example, P7 expressed an interest in being
informed of “things that I don’t even know that I don’t know." After
watching an unexpected video about user experience research that
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showed up in her YouTube feed, she became interested in know-
ing what could be some other informative and educational video
suggestions that are not showing up in her recommendation feed.

The term UX was very new to me. And I don’t know
how it came up in my feeds, but one video I got trig-
gered off a path of like other videos coming in. Then
it was a very nice surprise for me that I came across
very randomly. I was wondering like how many of
these things am I missing out on? [...] It’s not so much
the element of surprise that I'm looking for in these
in these platforms, it’s that I want to go down within
a narrow field. (P7)

5.3 Cost of decision making as a factor for
explanation needs

While we found several motivations and reasons for participants to
use counterfactual reasoning to question alternative recommenda-
tions, they did not express the desire to seek counterfactual expla-
nations for every scenario. This is partly attributed to the additional
information complexity inherent in thinking about the missing and
alternative items and contrasting them with the existing recommen-
dations. For example, P12 mentioned that when he casually order
food for a quick dinner, he would rely on “gut reaction” and chose a
recommended item without referring to explanations. In the same
vein, P3 also mentioned that counterfactual information would
appear desirable for a decision if there were significant perceived
benefits associated with it.

The process of looking at different why not explana-
tions feels like it would take a long time. I would care
more if I'm making like a pretty big decision out of it.
Like buying stuff or like watching a really like long
running show, more consequential than like listening
to a single song. I don’t think I've cared too much
about exploring that for Spotify necessarily. It would
be more useful for making decisions on Amazon or
Netflix. (P3)

P10 mentioned concerns about how recommended content might
negatively affect her personal beliefs and mental health. She would
like to see a why not explanation to quickly grasp a suggested
item’s uniqueness if that item is “loaded with information". On the
other hand, P2 found a balanced perspective to be essential when
reading news. Hence, she identified a need for why not explanations
when she received one-sided news. She wanted to understand what
makes a particular side of the perspective suggested to her but not
others.

Like for counterfactuals, if that helps a lot for politics,
especially because the one thing I get worried about
with recommendation systems is if I only get one side
of news, although certain side of news is not usually
reputable most of the time, but I still like to try to
keep them as balanced as I can. (P2)
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6 SURVEY STUDY METHOD

Based on the interview findings, we found that the potential costs
and benefits associated with selecting a recommendation (e.g. find-
ing a movie to watch, choosing a product to buy) may affect the
user’s interest in understanding why alternative options are not
being suggested. Behavioral economics literature has introduced
the concepts of experienced utility and decision utility, where ex-
perienced utility refers to the endpoint of a decision process after
the person attains the outcome of that decision, and decision utility
refers to the utility signal perceived at the point of choice to guide
the decisions [5]. Hence, we hypothesized that the utility asso-
ciated with decision-making is correlated with users’ needs
for why not explanations when choosing from a list of rec-
ommended items. To elicit how information demand changes
with the potential costs and benefits of a decision outcome, we
conducted a second survey study using two different scenarios to
test and quantify potential correlation effects between the utility
of decision-making and users’ why not explanation needs for the
missing alternative recommendations.

6.1 Survey Design

To test and find evidence for the hypothesis, we designed a survey
that uses two different scenarios to elicit users’ information needs
for why not explanations. Using described scenarios instead of de-
ployment of an actual system allow us to more efficiently study
and understand the potential association between decision-making
utility and explanation needs. We also wanted to focus on the type
and content of the explanation (what to explain) rather than the
presentation format of an explanation (how to explain) [13]. De-
ploying an actual interface might introduce additional factors that
are independent of our study focus. The premise of both scenar-
ios is using an everyday Point-of-interest (POI) application to find
a restaurant. We intentionally make the two scenarios differ in
the perceived utility associated with decision-making. The first
scenario is constructed as follows:

Imagine a time when you are using an application
with point-of-interest recommendations (e.g. Yelp,
Google Maps, OpenTable, etc.) to find a place to eat
casually without any special purposes. You search
on the application and scroll down to choose from the
list of recommended restaurants.

We call this “casual” scenario S.. The second scenario differs only
in the bold portion, which is replaced with find a restaurant for
a special event (e.g., group dinner, birthday, anniversary, etc.).
We call this “special” scenario Ss. For both S; and S, participants
were asked to indicate how often they had encountered a similar
situation (Likert scale) as well as the questions shown in Table 1.

The questions for the utility variables were created based on the
definition of experience and decision utility in behavioral econom-
ics [5]. The three dependent variables Understand What, Understand
Why, and Explanation Need are constructed based on the three main
dimensions of why not explanation needs observed in the interview
findings: interest in knowing what are the alternative recommenda-
tions, interest in understanding why they do not show up, and the
willingness to read an explanation for alternative recommendations.
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In addition to having information needs, participants would some-
times have less of interest in knowing why but directly refining
the search results to see alternative options. So we added a fourth
variable, User Action to make a comparison with explanation needs.

One example to illustrate this scenario would be when a user
looks through the recommended restaurants nearby, they might
want to know why the suggestions are mostly Italian restaurants
but not Asian restaurants. By knowing why not Asian restaurants in
contrast with Italian restaurant suggestions, they can easily deduce
what specific aspects lead to those suggestions to determine the
quality and relevancy of the suggestions. To reduce order effects
[42] caused by the order in which the two scenarios appear, we
launched two versions of the survey that reverse the order of S,
and Ss. We conducted three rounds of pilots to modify the phrasing
of the question, the structure of the survey, and the construction of
the scenarios.

6.2 Participants

We recruited a total of 101 participants from Amazon MTurk in Jan-
uary 2022. All participants were based in the United States and had
both overall HIT approval rates of at least 95% and the total number
of HITs approved over 5,000. Each participant received $1.80 as com-
pensation for finishing the survey. We did not implement attention
check questions in our survey based on a set of studies that advise
against inserting such questions, as they can lower data quality
later on in the survey [46]. Instead, we removed responses based
on the question How often have you encountered scenarios similar
to the one mentioned in this scenario? If the participant’s answer is
“Never", their responses might not accurately reflect their actual
decision making. We used this as a filtering criterion to exclude
their responses from the analysis. In the end, we used a total of 89
valid responses in our analysis. Of the 89 participants, 50 identified
as male and 39 as female. The average age was 38.0 (std = 10.1)
and all were from North America/Central America. All but one
completed their high school education, 56 have at least a bachelor’s
degree, and 8 have professional and/or Master’s degrees.

7 SURVEY STUDY FINDINGS
7.1 t-test Analysis

In this analysis, we wanted to test our intervention by looking at
how participants’ perceived utility varies between the two scenar-
ios. To identify a statistically significant difference between our
independent variables (Ss and S;) and dependent variables (listed
in Table 2), we ran a paired t-test across all variables. The variables
exhibit some violations from normality based on Shapiro-Wilk test
for normality [39], so we used the Wilcoxon Signed Rank Test [50]
for our analysis. The results are shown in Table 2 alongside the
means for each variable.

The p-values for all the variables are less than 0.05, suggesting
that the participants’ responses are significantly different across
these two scenarios. Furthermore, means are higher in Sg than S,
in all variables. However, we also observed that there are nontrivial
variances across the responses. That is, even though there is a
significant difference in the two scenarios for all variables, we
cannot yet conclude that there is a correlation between perceived
utility and explanation needs. We conducted a regression analysis
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in the following section to provide further evidence on the variable
relationships.

7.2 Regression Analysis

The results of the first analysis demonstrate that participants per-
ceive the utility associated with the decision-making to be different
between S. and S, and their likelihoods in exploring, questioning,
and seeking an explanation for alternative recommended content
are also significantly different across these two scenarios.

Based on this result, to further establish the relationships be-
tween the three exogenous variables for utility (Decision Utility,
Experience Utility (negative), Experience Utility (positive)) and
the four endogenous variables for the different facets of why not
explanation needs (User Action, Understand What, Understand
Why, Explanation Need), we ran an ordinal logistic regression on
each pair of variables. Note that in this analysis, we do not analyze
responses for S and S; separately, since we observed variances
across participants’ perceived utility for the two scenarios. In this
regression analysis, we combined responses from the two scenarios
and looked at the variable-wise correlations. We also ran a linear
regression which matched the results of our ordinal regression. The
ordinal (and by courtesy, linear) regression coefficients are shown
in the heatmap in Figure 1.

From the correlation coefficients, we can see that Experience Util-
ity (positive) and User Action have the strongest correlation (0.65)
across all the pairs. We adopted the range of correlation coefli-
cient values from prior literature [17] to determine the strength of
correlation. Explanation Need had moderate correlation with the en-
dogenous variables, while the exogenous variables were moderately
correlated with Decision Utility.

For the variable User Action, we found that it is most strongly
correlated with Experience Utility (positive). That is, making a better
choice could potentially be the strongest motivation for users to
take action in refining the results and looking for alternative sug-
gestions that did not show up. Both Experience Utility (positive) and
Decision Utility demonstrate weak to moderate positive correlations
with the pair of variables that measure users’ likelihood to ask what
and why are certain items absent from their recommendation list.
Interestingly, Experience Utility (negative) and Understand What
displayed no significant correlation, and Experience Utility (nega-
tive) and Understand Why displayed very week correlation. That is,
dissatisfaction from making a bad choice was not noticeably linked
to users wondering if there were other options besides ones recom-
mended to them. The last variable Explanation Need has moderate
correlation Experience Utility (positive) and Decision Utility. That is,
the expected utility at the point of decision making and the utility
of making a good choice based on experiences have a significant
moderate correlation to how much users would want to see a why
not explanation.

8 DISCUSSION

8.1 Discussion of Interview Findings

In RS, explanations function as an aid for users to make action-
oriented decisions, performing as a support mechanism for task
goals [35]. In particular, why not explanations can shed light on
why the algorithm does not suggest certain items, enhancing the
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Table 1: Variable names and corresponding survey questions

Variable Survey Question Range
Decision Utility How much thought would you put into making a choice? 1-5
Experience Utility (negative) How dissatisfied would you be if you make a bad choice? 1-4
Experience Utility (positive) ~How satisfied would you be if you make a good choice? 1-4
User action How likely would you try to refine the search results to see better options? 1-4
Understand What How likely would you question for the absence of 1-4
potential options from your recommendation list?
Understand Why How likely would you question the reason for the absence of 1-4
potential options from your recommendation list?
Explanation Need If the application can provide you with an explanation 1-5
for why certain potential options are not recommended to you
how much do you want to see such an explanation?
Table 2: t-test results for each variable
Variable Mean in Sg (Variance) Mean in S; (Variance) Difference in Mean
Decision Utility 4.11 (0.72) 3.35 (0.78) 0.76 ***
Experience Utility (negative) 3.10 (1.0) 2.40 (0.77) 0.70 ***
Experience Utility (positive) — 3.64 (0.28) 3.37 (0.42) 0.27 ***
User Action 3.52 (0.46) 3.18 (0.60) 0.34 ***
Understand What 2.93 (0.97) 2.61 (0.95) 0.32 **
Understand Why 2.76 (0.84) 2.47 (0.87) 0.29 **
Explanation Need 3.61(1.4) 3.15 (1.5) 0.46 ***

** for p-value < 0.01, *** for p-value < 0.001 .

Heatmap for Ordinal Regression Coefficients
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Figure 1: Heatmap showing the ordinal regression correlation coefficients between variables on the y-axis (exogenous variable)
and variables on the x-axis (endogenous variable). Note that the cells with 0 indicates that the regression coefficients are not

statistically significant (i.e., p-value > 0.05).

level of transparency in algorithmic profiling [3] without disclosing
any of the RS’s inner workings. We note that we have not yet seen
examples of counterfactual explanations deployed in everyday RS;
however, even without concrete examples, participants identified
scenarios in which they would find counterfactual explanations
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helpful. These insights may be valuable in envisioning what these
explanations can look like in the real world.

We first explored participants’ experiences with existing explana-
tions online. Our participants generally expressed a need for better
explanations to aid their decision-making with recommendations.
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Many participants were more skeptical of whether the explanation
was disclosing the key reasons that influenced the recommended
content, and they indicated a need for more detailed explanations
instead of general information that only provides a basic sense of
transparency. In addition to that, we also observed a discrepancy
between participants’ strong need for explanations and how little
they actually notice and interact with existing explanations. While
there is a near consensus among participants’ responses on want-
ing more explanatory information, participants typically did not
always actively seek explanations. This shows that we need both
better explanation methods as well as a deeper understanding of
the specific factors and triggers that prompt users to seek such
explanations.

We then elicited triggers for participants to ask why not questions.
While the need for new alternative content and general skepticism
can trigger people to ask why not questions, participants do not
always want an explanation for that. People’s needs for why not
explanations might depend on if their perceive the decision-making
as relatively consequential. Gregor and Bensabat [20] argue that
users are not likely to access explanations without a specific trigger,
as the act of accessing indicates a need to learn how a system works.
For a relatively low-stakes decision-making domain like interacting
with recommendations in everyday applications, learning how the
recommender system works may not be top-of-mind for the user.
This finding also echoed with Bunt et al’s finding that the trade-off
between undesirable costs and uncertain benefits associated with
reading explanations is the main reason why users do not want
more information in certain cases [6]. While participants might be
generally interested in understanding missing recommendations,
they might not always want to afford the cognitive effort to to read
why not explanations. We then hypothesized that utility associated
with decision-making among various recommended items might
be a crucial factor for how much they would want to see a why not
explanation to explore further in the survey study.

We anticipate that counterfactual explanations will be consumed
at a slower rate than regular explanations in scenarios with high
decision utility, partially owing to higher cognitive load [11]. This
is an acceptable trade-off given that the resulting decision may have
higher consequences. Cognitive load management in counterfactual
explanations, however, should be carefully addressed, given that
previous work has shown that the presence of uncertainty under
high load conditions leads to decreased trust in an RS [57]. In the
world of regular explanations, works like COGAM [1] allows for
cognitive load to be decreased without decreasing model accuracy,
and/or model accuracy to be increased without increasing cogni-
tive load. Envisioning what similar techniques could look like in
a counterfactual environment may be a promising area of future
work.

8.2 Discussion of Survey Findings

Building on one of the main findings from the interview, our sur-
vey study further explored the correlational effects between the
perceived utility associated with decision-making and people’s why
not explanation needs. The findings showed that the scenario with
a higher perceived utility of decision-making (Ss) garnered higher
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needs for counterfactual explanations and the probing of alterna-
tive options. This resonates with the work of Kulesza et al. [25] and
Bunt et al. [6] on users’ perception of the cost-benefit trade-off of
attending to explanations. The statistically significant differences
between the two scenarios point to users’ desires to potentially see
different explanations within the same app, depending on the usage
scenario. This has implications on the design of recommendation
interfaces and underlying algorithms in “premium-tier” services of
apps, such Airbnb LUXE [2] and Uber Black [45].

Across the three dependent variables, Experience Utility (posi-
tive) and Decision Utility have the strongest correlational effects
across the four dependent variables. This is relatively intuitive
for Decision Utility, measured by the utility perceived during the
decision-making process, as the more effort people put into making
the decision, the most likely they would want to see and understand
alternative items not shown to them. In the survey context, the
findings on the Experience Utility (positive) variable means that if
the person thinks that there is a high benefit associated with finding
a good restaurant, they would be more interested in understanding
what is missing and why they are not seeing other options. In a
more general sense, this means that the perceived benefits of be-
ing satisfied with the decision outcome is a stronger indicator for
counterfactual reasoning and explanation needs than the perceived
costs of a poor decision outcome. One possible reason is that on
everyday applications, many interactions are optimized for short-
term euphoria [33]. However, this result might not be generalizable
to high-stakes applications of recommender systems in domains
such as disaster response [23] without further study.

More interestingly, we found that correlational effects of Experi-
ence Utility (positive) and Experience Utility (negative) on why not
explanation needs are not symmetrical. While Experience Utility
(positive) has generally stronger correlations with all the dependent
variables, Experience Utility (negative) has generally weaker or non-
significant correlations with the dependent variables. Since ratings
of Experience Utility (negative) and Experience Utility (positive) can
be made analogous to the risk-reward ratio [38], risk—Experience
Utility (negative)—may prompt users to act differently than reward—
Experience Utility (positive). This motivates further study to explore
the risk and reward mechanisms of human decision-making in
relation to explanation needs.

Lastly, we see that User Action has a high correlation with all the
independent variables. This points to an observation that instead
of seeking explanations, people might be more inclined to directly
take actions to refine the search results, calling for a reconsideration
of whether providing explanations is really the best way to support
users in certain decision-making scenarios.

9 LIMITATIONS AND FUTURE WORK

In our interview study recruitment, we selected our participants
based on their self-reported computer science background, technical
literacy, and knowledge of RS, but we did not implement a method
(such as a short technical quiz) to verify this. We also had a relatively
small sample of participants as we stopped interviewing after we
observed data saturation.

While our survey study allowed us to identify strong evidence for
correlation, we cannot conclude with certainty any causal effects of
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decision-making utility on users’ why not explanation needs. Future
work can implement a functional interface with real data to use
in our survey to test stronger hypotheses. We defer investigating
the relationship between recommendation presentation techniques,
such as those suggested by Eiband et al. [13], and counterfactual
reasoning to future work.

Additionally, we only considered one type of scenario in our
survey. Decision-making associated with restaurant selection may
be generalized to other scenarios, but may also be polluted by varia-
tions in affordances in different applications (e.g. customizability of
item filters in Yelp vs. Netflix). The generalizability of our findings
is also limited by demographic distributions we sampled. Future
work may be interested in exploring different demographics, such
as college students, on an everyday service platform of a different
nature, such as an e-commerce website.

Finally, our survey focused exclusively on why not explanations
and did not make a direct comparison with conventional why ex-
planations. Therefore, we cannot determine whether perceived
decision-making utility affected different types of explanations
similarly or or uniquely affected why not explanations.

10 CONCLUSION

In this work, we explored people’s needs for counterfactual (why
not) explanations when interacting with recommended content in
everyday service applications. Through an interview study, we iden-
tified two triggers—general skepticism towards recommendations
and a desire for novelty—that prompt participants to ask why not
questions as well as one main factor—perceived decision utility—
that positively influences participants’ counterfactual explanation
needs. Based on the findings, we deployed a scenario-based sur-
vey study to quantify the correlation between utility associated
with different stages and outcomes of the decision-making and the
various facets of counterfactual explanation needs. We found signif-
icant positive correlations between several variables that provide
evidence in support of our hypothesis that users’ perceived utility
of decision making and corresponding outcomes are associated
with their needs for why not explanations. Our findings have impli-
cations on the future design of decision utility-aware, user-facing
recommendation systems for everyday intelligent applications.
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