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Abstract

Group Recommender Systems (GRS) employing social choice-based
aggregation strategies have previously been explored in terms of
perceived consensus, fairness, and satisfaction. At the same time,
the impact of textual explanations has been examined, but the
results suggest a low effectiveness of these explanations. However,
user understanding remains fairly unexplored, even if it can
contribute positively to transparent GRS. This is particularly
interesting to study in more complex or potentially unfair scenarios
when user preferences diverge, such as in a minority scenario
(where group members have similar preferences, except for a single
member in a minority position). In this paper, we analyzed the
impact of different types of explanations on user understanding of
group recommendations. We present a randomized controlled trial (n
= 271) using two between-subject factors: (i) the aggregation strategy
(additive, least misery, and approval voting), and (ii) the modality of
explanation (no explanation, textual explanation, or multimodal
explanation). We measured both subjective (self-perceived by the
user) and objective understanding (performance on model
simulation, counterfactuals and error detection). In line with recent
findings on explanations for machine learning models, our results
indicate that more detailed explanations, whether textual or
multimodal, did not increase subjective or objective understanding.
However, we did find a significant effect of aggregation strategies
on both subjective and objective understanding. These results
imply that when constructing GRS, practitioners need to consider
that the choice of aggregation strategy can influence the
understanding of users. Post-hoc analysis also suggests that there is
value in analyzing performance on different tasks, rather than
through a single aggregated metric of understanding.
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1 Introduction

Group Recommender Systems (GRS) process the preferences of
multiple individuals to derive a single recommendation tailored to
suit the group as a whole. To achieve this, previous research has
introduced social choice-based aggregation strategies [19]. These
strategies present a range of options in which the preferences of
individual group members are aggregated and present an oppor-
tunity to adapt GRS to different group configurations and needs.
However, the implementation of these strategies on top of already
complex recommender systems may result in non-transparent mod-
els, hindering user understanding. This is particularly interesting
in scenarios in which user preferences diverge, leading to poten-
tially unfair scenarios. Social choice-based explanations for group
recommendations have been used as a way to intuitively explain
the process behind group recommendations [13, 23]. These textual
explanations have been evaluated in terms of users’ fairness per-
ception, consensus perception, and satisfaction in user studies with
contrasting results [1, 30]. Hence, their effectiveness in improving
user understanding of the strategies used to generate recommen-
dations for the group still remains to be seen. In this study, we
build upon these works, focusing on the understandability of ex-
planations and in turn, group recommendations themselves. We
formulate the following research questions:

RQ1. Do explanations increase users’ understanding of the under-
lying social choice-based aggregation strategies?

RQ2. Does the effect of explanations on the understandability of
GRS vary depending on the underlying social-based aggregation
strategy?
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Inspired by Wang and Yin [31], we constructed a randomized
controlled trial with two between-subject factors (3x3 design): (i)
the social choice-based aggregation strategy used for generating
group recommendations, and (ii) the type of explanation provided
to the participant. We included three explanation types: no expla-
nation (control group), textual explanation only and, a multimodal
explanation combining text with a visualization. To measure the
participant’s understanding of the strategy and GRS, we made use
of objective and subjective understanding as described in previous
research [16, 25, 26]. We present minority scenarios, i.e. group sce-
narios in which user preferences are similar except for one single
member, a complex and potentially unfair scenario.

Our paper makes the following contributions:

e We conduct a preregistered, randomized controlled trail (n =
271) to analyze the effect of different explanation types on user
understanding.

o We show that more detailed explanations do not positively or
negatively impact user understanding.

e We outline that the choice of aggregation strategy can impact
understandability down the line.

o We find value in measuring understandability using a variety of
tasks as opposed to a single metric.

The remainder of the paper is structured as follows. First, we out-
line the literature on GRS and understandability of Recommender
Systems. Based on this body of previous work, we formulate our
hypotheses. Second, we present our materials, including the mea-
surement of understandability, explanation types, and experimental
set-up. Subsequently, we describe the results of our experiment fol-
lowed by a discussion of the results and their implications.

2 Background

In this section, we introduce the literature on group recommenda-
tion and social choice-based aggregation strategies. Additionally, we
outline recent work combining understandability and Explainable
AI (XAI) with Recommender Systems and highlight the research
gap related to the understandability of GRS in particular.

2.1 Group Recommendation

Recommendation systems tailored to groups, rather than the pref-
erences of a single user, are rising in demand due to applications
in fields such as tourism [3] and music [23]. These Group Recom-
mender Systems (GRS) are designed to support the decision-making
process of multiple people simultaneously [20]. The preferences of
the individual group members need to be processed in a way that
the recommendation reflects the group as a whole. Based on Social
Choice Theory [15], social choice-based aggregation strategies are
employed for aggregating the preferences of the group members to
obtain a recommendation for the group as a whole [19]. Examples
of often used social-choice based approaches are summarized in
Table 1. A range of different strategies have been introduced in
the literature and can be categorized as follows: consensus-based,
borderline and, majority-based. The latter makes use of only the
most popular items or ratings [28]. An example of such a strategy is
Approval Voting (APP), which uses a threshold to recommend items
having the higher number of ratings above a certain value (Table
1). Borderline strategies do not include all ratings, and filter out a
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subset of the item ratings in the group [28]. For example, the Least
Misery (LMS) strategy recommends the item with the highest of
all lowest per-item ratings, while the Most Pleasure (MPL) strategy
looks for the highest overall rating (Table 1). On the other hand,
consensus-based strategies include all ratings made by the group to
derive a group recommendation [28]. An example of such a strat-
egy is Additive Utilitarian (ADD). This strategy sums up all ratings
per item and recommends the item with the highest sum (Table 1).
In the current work, we make use of group recommendations de-
rived by using a selection of strategies based on the categorization
presented by Senot et al. [28].

2.2 Understandability of Recommender Systems

We put social choice-based aggregation strategies from group rec-
ommendation in the frame of Human-Centered Explainable Arti-
ficial Intelligence (HCXAI) [6, 26]. It emphasizes the importance
of human stakeholders regarding the desired goals of intelligent
systems, focusing on factors including trust, usability, human-AI
collaboration, and understandability [26]. Specifically, understand-
ability has attracted particular interest over the last few years [26].
Liao and Varshney [17] pointed out that understanding in the con-
text of interacting with a machine learning (ML) model refers to
the user’s grasp or mental model of how the ML model operates.
This knowledge grows from using the system and from receiving
clear explanations about it. More precisely, the interpretability of
an Al model should be defined according to its influence over the
users’ abilities in the completion of diverse tasks [5, 24].

Knijnenburg et al. [16] explored different ways in which users
interact with an attribute-based recommender system. A post-
experimental questionnaire is used to measure perceived under-
standability (using a 5-point Likert scale) of the interface. Increased
domain knowledge resulted in higher understandability.

Schroder and Ghajargar [27] worked towards designing an un-
derstandable algorithmic experience in the music domain. Their
small research-through-design experiment suggested that users
comprehend the recommendations better when there is an easy
path to accessing and understanding, and when the users are al-
lowed to correct the system. Increased understanding could avoid
a frustrated early majority.

Radensky et al. [25] analyzed how providing local, global, or
explanations incorporating both, influenced user understanding
of the system behavior. The results indicated that the combina-
tion of both local and global explanation types are more helpful
for explaining how to improve recommendations. However, the
global explanations performed better for efficiently identifying false
positive and negative recommendations of the users.

Guesmi et al. [10] explored interactive explanations with a vary-
ing degree of detail using the intelligibility type categorization [18].
The authors included dimensions such as What, What if, Why, and
How and conducted a user study to investigate the impact on the
perception of users while presented with interactive explanations.
They concluded that, while allowing users to personalize the expla-
nation type was an integral feature, the more advanced explanation
types achieved the highest levels of transparency and trust [10].

Our measurement of understandability is based on the distinc-
tion between objective and subjective understanding. Rong et al.
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Table 1: Social choice-based aggregation strategies derived from [1, 8, 30]

Strategy Type Procedure

Additive Utilitarion (ADD) Consensus Recommends the item with the highest sum of all group members’ ratings

Fairness (FAI)

Consensus Ranking and recommending items according to how individuals choose them in turn

Approval Voting (APP) Majority

Recommends the item with the highest number of ratings above a predefined threshold

Least Misery (LMS)

Most Pleasure (MPL) Borderline

Borderline Recommends the item which has the highest of all lowest per-item ratings
Recommends the item with the highest individual group member rating

[26] pointed out that measuring objective understanding is usually
done by deploying proxy tasks to verify user comprehension of
a certain computational model. Various methodologies have been
explored in the literature and serve as foundation of the current
work, including simulating model predictions [4, 31], evaluating
counterfactual thinking [12, 31], and detecting mistakes [31]. Wang
and Yin [31] showed that counterfactuals and visualizations of fea-
ture importance increased objective understanding. Cheng et al. [4]
illustrated that white-box models increased the ability to simulate
model behavior and concluded that interactivity is an important
factor when it comes to improving objective understanding.

On the other hand, subjective understanding is usually mea-
sured by post-task questionnaires [16, 25]. These self-assessments
are performed by Likert scale questions and statements such as “I
understand the decision algorithm” and “The explanation helps me
to understand”. Subjective understanding has been tested based on
different implementations of explanations such as rule-based expla-
nations [2], example- and counterfactual-based scenarios [31], or
LIME and SHAP explanations [11]. The meta-analysis by Rong et al.
[26] outlined that explanations of a computational model increased
subjective understanding of users.

2.3 Social Choice-based Explanations

In the context of GRS, explanations have been used to assess a
variety of factors such as consensus perception [1, 8] or privacy-
preservation [21, 22]. Such explanations are natural language ex-
cerpts, typically outlining the underlying mechanism of the social
choice-based aggregation strategy [13, 23]. User studies evaluated
such explanations in terms of fairness perception, consensus per-
ception and satisfaction with mixed results [1, 30]. Our control
condition (no explanation) as well as the textual explanations fol-
low the template presented in prior work.

2.4 Hypotheses

All in all, understandability of recommender systems and ML mod-
els in general has received ample attention. Additionally, explana-
tions for GRS have been discussed and evaluated on the basis of a
diverse list of factors. However, the concept of understandability
of social choice-based explanations remains fairly unexplored. In
this work, we aim to address this research gap by implementing the
concept of understandability based on a varying degree of social
choice-based explanations.

In light of the literature described in Section 2.2, we hypothe-
size that both objective and subjective understanding will increase
when the user is presented with an explanation, with a bigger effect

when presented with a multimodal explanation. More formally, we
define the following hypotheses related to RQ1:

H1a: Explanations will lead to a higher level of objective under-
standing of the underlying aggregation strategy, with a bigger effect
for multimodal explanations.

H1b: Explanations will lead to a higher level of subjective under-
standing of the underlying aggregation strategy, with a bigger effect
for multimodal explanations.

In Section 2.3, we discussed the mixed results related to the inclu-
sion of textual social choice-based explanations on factors such as
fairness or satisfaction [1, 30]. However, these user studies did find
differences between strategies themselves. Based on these divergent
outcomes among strategies, we formulate the following hypotheses:

H2a: The effect of the explanations on the level of objective un-
derstanding is moderated by the underlying social choice-based
aggregation strategy used to derive the recommendation.

H2b: The effect of the explanations on the level of subjective un-
derstanding is moderated by the underlying social choice-based
aggregation strategy used to derive the recommendation.

3 Methodology

In this section, we present the methodology and procedure for our
user study. Our experiment was approved by the ethical committee
of Maastricht University!. The between-subject design, including
research questions, variables and hypotheses, was preregistered on
Open Science Framework (OSF).?

3.1 Materials

3.1.1  Group scenarios. Inspired by Barile et al. [1], our study makes
use of a series of scenarios, each containing a hypothetical group
which is being recommended a restaurant. Each scenario consists
of a table in which a group of five members is presented alongside
their fictitious ratings of 10 restaurants (on a scale from 1 to 5).
Such groups can be built using distinct configurations, representing
differing degrees of agreement among group members’ preferences.
Configurations outlined in previous work are divergent (high diver-
sity), uniform (low diversity), coalitional (two distinct sub-groups)

Lhttps://www.maastrichtuniversity.nl/ethical-review- committee-inner-city-
faculties-ercic
Zhttps://osf.io/myx7p/?view_only=597bf08540a94dbd864b420ce3351a7d
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Table 2: Textual explanation presented to participants in both text_expl and graph_expl groups

Strategy Textual explanation

ADD i has been recommended to the group since it achieves the highest total rating.
LMS ir. has been recommended to the group since no group members has a real problem with it.
APP ir. has been recommended to the group since it achieves the highest number of ratings which are above 3.

and minority (low diversity with the exception of one member) [1].
While a uniform configuration presents a simplistic scenario which
needs no explanation, divergent and coalitional configurations lead
to difficulty finding recommendations that satisfy group members.
Thus, in this study, we strictly constructed fictitious groups based
on the minority configuration. Each scenario was generated using
the computational procedure outlined by Barile et al. [1]. However,
since that the presented scenario considers a group who already
used the system three times and receives a fourth recommendation
(see Section 3.3), we also imposed the constraint that each scenario
generated for a specific strategy would not have ties (items with the
same group score) at the fourth interaction. Finally, the scenario
is completed with anonymous items (named Rest;), and random
names for the group members (from a list of gender neutral names,
to minimize the risk of possible biases).3

3.1.2 Aggregation strategies. Participants were assigned one of
three social choice-based aggregation strategy and were only pre-
sented with scenarios in which that strategy was used to derive a
group recommendation. To ensure a varied selection of strategies
to derive a group recommendation, we included one of each cate-
gory presented in Table 1. Practically speaking, each participant
was shown recommendations made by either the Additive Utilitar-
ian (ADD), Least Misery (LMS) or Approval Voting (APP) strategy,
respectively covering consensus-based, borderline and majority-
based aggregation categories (Table 1). The threshold rating for the
APP strategy was set at 3, equal to 60% of the rating scale.

3.1.3 Explanations. Alongside a strategy, each participant was as-
signed one explanation type. In total, this study included three
explanation types, (two explanation types supplemented with a
control condition). The first explanation level (no_expl), the con-
trol condition, included no explanation. The participant was only
presented with the group ratings and the output. The second level
(text_expl) provided a simple textual social choice-based explana-
tion, adopted from previous work [1] and summarized in Table
2. The third and final explanation type supplemented the textual
explanation with a graphical representation of the procedure us-
ing a bar chart, an often used visualization for traditional user
interfaces crafted for explaining recommendations [9, 29]. This
multimodal explanation (Graph_expl) visualized the ratings of each
group member, as well as the already chosen restaurants and the
current recommendation (Figure 1). The ratings influencing the spe-
cific outcome were colored red. A final component differed among
strategies. The ADD strategy included a line indicating the sum
of all ratings per restaurant (Figure 1), while graphics for the LMS
strategy showcased a line corresponding to the lowest per-item

3The source code for generating the group configurations and explanations is available
at the following link: https://anonymous.4open.science/r/Understanding_GRS-1E7F

rating. Finally, graphics visualizing the APP strategy included a
line indicating how many ratings are above the set threshold.

3.2 Variables

Using the materials described in Section 3.1, our study consisted of
two independent, between-subject variables.

o Exp (categorical, between-subject): each participant is randomly
assigned an explanation modality:
Exp; € [no_expl, text_expl, graph_expl];

o Agg (categorical, between-subject): each participant is randomly
assigned one social choice-based aggregation strategy:
Agg; € [ADD, LMS, APP];

Additionally, our experiment included two main dependent vari-
ables: objective and subjective understanding. Motivated by Wang
and Yin [31], we designed a set of questions based on three aspects:

o Simulate model behavior: Giving a new scenario, choose the right
recommendation.

e Counterfactual thinking: Giving a new scenario and a given rec-
ommendation, pick the answer that results in an alteration of that
output.

e Error detection: Giving a new scenario and a given recommenda-
tion, identify whether the presented recommendation is correct.

For each participant, two tasks for each of these three aspects
were presented. Each task was given a 0/1 value (0 = incorrect, 1 =
correct). Per participant, these scores were summed up and divided
by the number of tasks to obtain their accuracy rate:

e Objective understanding (continuous): The accuracy rate of
each participant’s answers to the objective understanding ques-
tionnaire (six questions in total).

For measuring subjective understanding, participants were asked
to rate two statements previously used by Wang and Yin [31]:

o ‘Tunderstand how the model works to predict the best recommen-
dation for the group.”
o ‘T can predict how the model will behave.”

These questions were presented two times, once at the end of
the training step, and finally at the end of the experiment. From
these, we compute the following variables:

e Preliminary subjective understanding (continuous): The av-
erage between both subjective understanding statements asked
before the objective understanding measurement.

¢ Final subjective understanding (continuous): The average
between both subjective understanding statements asked after
the objective understanding measurement

In the analysis described in Section 4, we strictly made use of
Final subjective understanding, measured at the end of the survey.
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Restaurants

m val = Taylor
Eddie A Charlie
W Tony

W Restaurants already visited.
Recommended restaurant.
I Ratings considered for the group score.

=== Group score: total rating for the restaurant

Figure 1: Graphical explanation for the Additive Utilitarian (ADD) strategy (example figure). Already visited restaurants are
shown in grey. Potential recommendations are colored red. The output of the system is highlighted in yellow. Bar charts for
ADD include a horizontal line indicating the sum of all per-item ratings.

In addition to the independent and dependent variables that we
used for hypothesis testing, we collected age group and gender data
to allow for a demographic description of our sample.

e Age (categorical). Participants will be able to select one of the
options <18, 18-25, 26-35, 36-45, 46-55, > 55, or Prefer not to share
this information.

o Gender (categorical). Participants will be able to select one of
the options Female, Male, Nonbinary, A gender not listed here, or
Prefer not to share this information.

3.3 Procedure

The survey was executing with the Qualtrics tool* and consisted of
four stages (Figure 2).

Pre-survey. Participants were randomly assigned to one of the three
social choice-based aggregation strategies and to one of the three
explanation types. First, they agreed to an informed consent, and
indicated their age group and gender. Afterwards, instructions were
given detailing the procedure of the training phase.

Initial training. Each participant was presented with a series of six
scenarios, consisting of one hypothetical group recommendation
and configured on their assigned aggregation strategy and explana-
tion type. An attention check was included in the fourth training
scenario. No dependent variables are recorded during training. For
each scenario, the participant followed a three-step procedure:

(1) Make an initial recommendation decision regarding the restau-

rant recommendation.

(2) Review the recommendation delivered by their assigned

social choice-based strategy and, possibly, the explanation.

(3) Make a final recommendation.

Each scenario was introduced by the following excerpt: Assume
that there is a group of friends. Every month, a group decision is made
by these friends to decide on a restaurant to have dinner together.
To select a restaurant for the dinner next month, the group again

“https://www.qualtrics.com/

has to take the same decision. In this decision, each group member
explicitly rated ten possible restaurants using a 5-star rating scale
(1: the worst, 5: the best). The ratings given by group members are
shown in the table below. Under the table, you also find the order
of restaurants the group has already visited in the previous months.
These restaurants are not an option anymore, as the group has already
eaten there previously.

Understandability survey. After training, each participant was pre-
sented with the two subjective understanding statements. After
rating their self-perceived understanding, six questions for testing
objective understanding needed to be answered. Two questions are
aimed at model simulation, two measured counterfactual thinking
and finally, two questions geared towards error detection®. Addi-
tionally, a second attention check was presented on the page of
the first counterfactual scenario. After the tasks geared towards
objective understanding, the two subjective statements were pre-
sented again. For the final calculation of subjective understanding,
we made use of these final two ratings. This part of the experi-
ment ended with a final task: the participant are presented with
the first training scenario, and asked to provide an explanation for
the group, in their own words, on how the system derived a group
recommendation. The responses gathered during this survey were
used to derive the dependent variables.

Debriefing. The participants had the option to provide additional
feedback in an open text field. Finally, a short debriefing message
was showed, before redirecting them to the recruitment platform.

3.4 Sample Size Determination

We computed the minimum required sample size in a power analy-
sis for the planned ANOVA tests (see Section 4.3) using G *Power [7].
To account for multiple hypothesis testing, we applied a Bonferroni
correction by adjusting our significance threshold a = %ﬂ =0.025.
SFull documentation including all questions, answer options and visual-

izations can be found in the OSF folder: https://osf.io/myx7p/?view_only=
597bf08540a94dbd864b420ce3351a7d
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Figure 2: Survey components in the order as seen by participants. Survey questions in dotted lines were used to derive the

dependent variables.

We calculated the sample size for an ANOVA (Fixed effect, special,
main effects and interaction). We specified an effect size f = 0.25,
a = 0.025, a power of (1— ) = 0.85, degrees of freedom numerator
equal to 4, and 3 X 3 = 9 groups (i.e., 3 different aggregation strate-
gies for 3 different explanation scenarios). These specifications
aligned with previous works [4, 31]. These calculations resulted in
a minimum required sample size of 257 participants. The analysis
only included the final subjective understanding (one measurement
per participant). As a result, we did not use a repeated measures
ANOVA.

4 Results

In the following section, we report the results from our experiment.
The full data is linked in the OSF folder®. We describe our sample,
and present the overall understandability of the task, that helps
us provide an indication of the complexity of the scenarios and
illustrates the relationship between objective and subjective under-
standing. Afterwards, we address the research questions. Finally, we
perform exploratory analyses regarding the different aggregation
strategies and objective understanding tasks.

4.1 Participants

We recruited a total of 290 participants using the online partici-
pant pool Prolific.” They were required to be proficient English
speakers above 18 years of age. Each participant was allowed to
participate in the study once, and received a reimbursement accord-
ing to Prolific guidelines®, considering a hourly reward of £9. After
removed 19 participants, due to failed attention checks, our final
sample consisted of 271 participants: 30 participants for each of the
nine conditions (characterized by one strategy and one explanation
type), with the exception of the APP text_expl group (n = 31). Our
sample was composed of 51% (139) female, 48% (131) male and 1%
(1) nonbinary participants. Additionally, 42% (115) were between
26 and 35 years old, 30% (80) between 18 and 25, 16% (44) were
between 36 and 45 years old, 7% (18) between 46 and 55 and 5% (14)
indicated they were older than 56 years old.

Shttps://osf.io/myx7p/?view_only=597bf08540a94dbd864b420ce3351a7d
Thttps://prolific.co
8https://www.prolific.com/resources/how-much-should-you-pay-research-
participants

4.2 Overall Understandability

Average understanding scores are visualized (by strategy and ex-
planation type) in Figure 3. For objective understanding, we show
accuracy scores which were calculated based on all six tasks. For
subjective understanding, we the objective understanding survey
(Final subjective understanding), which was recorded after the objec-
tive understanding tasks. Subjective understanding was not treated
as repeated measure; preliminary subjective understanding was not
used in this analysis. Overall, understandability was relatively high.
The average objective understanding was 0.72 (SD = 0.25) on a
scale of 0 to 1, while the average (final) subjective understanding
(scale from 0 to 7) was 5.51 (SD = 1.36).

Table 3: Results of two two-way ANOVAs for dependent vari-
ables (DV) objective and subjective understanding. The inde-
pendent variables were explanation type (Exp) and aggrega-
tion strategy (Agg)

DV: Objective DV: Subjective

Group F p F p
Exp 1.490 0.227 2.274 0.105
Agg 4.081 0.018* 6.350 0.002**

Exp:Agg 0438 0781 0246 0912

4.3 Hypotheses Validation

Regarding the “RQ1: Do explanations increase users’ understanding?”
we found no significant differences between the three explanation
types, for both objective understanding (H1a; F = 1.49,p = 0.23
- see Table 3) and subjective understanding (H1b; F = 2.27,p =
0.10 — see Table 3). Thus, increasing detail, whether textual or
multimodal, did not have an impact on user understanding as we did
not find a significant difference compared to the control group (no
explanation).Focusing on the RQ2: “Does the effect of explanations
vary depending on the aggregation strategy?”, we also did not find
significant interaction effects between aggregation strategies and
explanation types regarding objective (H2a; F = 0.44,p = 0.78 —
see Table 3) and subjective understanding (H2b; F = 0.25, p = 0.91
- see Table 3).
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Figure 3: Objective (left, 0-1 scale) and subjective (right, 0-7 scale) understanding clustered by aggregation strategy (ADD =
additive utilitarian, APP = approval voting, LMS = Least misery) and explanation modality (no_expl = control group, text_expl

= textual, Graph_expl = multimodal)

4.4 Exploratory Analysis

Additional to testing our hypotheses, we performed some exploratory
analyses to understand the impact of social choice-based aggrega-
tion strategies included in the experiment. Additionally, we at-
tempted to explain some of the variance in objective understanding.
As shown in Table 3, our analysis shows significant differences
between aggregation strategies. Tukey pairwise post-hoc analysis
revealed that participants assigned to LMS achieved higher objec-
tive understanding (p,q; = 0.024) compared to the participants
assigned to APP. Additionally, participants exposed to the ADD
strategy indicated a higher subjective understanding compared to
those assigned to APP (pyq; = 0.001). Finally, we analyzed the
different tasks making up our measurement of objective under-
standing: model simulation, counterfactuals and error detection (see
Table 4). Overall, counterfactuals resulted in a lower average accu-
racy, implying a rather difficult task. Explanations, however, did not
increase average counterfactual accuracy rates.On the other hand,
error detection assignments resulted in a relatively high accuracy
across the board.

Table 4: Average accuracy (and standard deviation) for objec-
tive understanding tasks; range between 0 and 1

Model sim. Counterfactual Error detection
No_expl 0.73 (0.37) 0.52 (0.43) 0.82 (0.31)
Text_expl  0.81(0.31) 0.54 (0.43) 0.91 (0.21)
Graph_expl ~ 0.74 (0.39) 0.53 (0.41) 0.84 (0.25)

5 Discussion

In this study, we evaluated the effect of explanations for group rec-
ommendations on user understandability. Additionally, we looked
at the outcomes based on the different social choice-based aggrega-
tion strategies used, and compared the accuracy rates of the three
distinct assignment types making up our objective understanding
measurement. In the following section, we discuss the results from

our experiments and formulate potential causes. Additionally, we
argue in favor of measuring understanding using diverse assign-
ments and formulate the implications of our study.

5.1 The Lack of Impact of Explanations

We did not find any significant differences between the three expla-
nation types included in our experiment. This was the case for both
objective and subjective understandability (Table 3). We did not
find a negative impact of more complex explanations, which was re-
ported in Kaur et al. [14]. This divergent outcome may be caused by
the fact that the more complex explanation types analyzed by Kaur
et al. [14] involved interactive elements, while our more complex
explanation category did not. However, we can observe a trend in
which textual explanations (text_expl) achieved slightly higher un-
derstanding (both objective and subjective) compared to the more
complex, multimodal explanation (Figure 3).

Our results are in line with previous work analyzing overall effect
of explanations in group recommendation scenarios: Barile et al.
[1] did not find an impact of explanations on perceived consensus,
perceived fairness and satisfaction. Furthermore, our outcomes are
in line with a recent analysis on the understanding of machine
learning models by Rong et al. [26], which reported mixed results
on the impact of explanations on objective understanding.

The lack of significant effects between the different explanation
conditions may depend on several reasons. A first possible motiva-
tion might be related to the tasks, that could have been too hard
or abstract. However, the participants’ understanding is relatively
high across the board, including the control group (no_expl) - see
Figure 3. Additionally, the total time spent by participants was
higher than expected; if participants disengaged due to complexity,
we would expect a lower accuracy and a shorter duration.

On the other hand, the used scenarios might have been too easy,
leading to high understandability regardless of the presence of an
explanation. We argue against this argument by comparing our
subjective understanding measurement used in the analysis with
the preliminary subjective understanding, measured between the
training phase and objective understanding tasks: we observed a
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Figure 4: Subjective understanding (7-point Likert scale) mea-
sured before (preliminary) and after (final) the objective un-
derstanding tasks; by explanation modality (no_expl = con-
trol group, text_expl = textual, Graph_expl = multimodal)

decrease in self-perceived understanding after participants com-
pleted the six objective understanding tasks (Figure 4). This trend,
combined with the fact that we did not receive participant feedback
that implied a lack of difficulty, indicates that the group recommen-
dation scenarios might not have been too simple.

A more likely motivation for our results can be found within
bounded rationality. As discussed by Kaur et al. [14] in the context
of interpreting machine learning models, humans are inclined to
achieve good enough understanding (satisficing) as opposed to opti-
mizing their decisions. In our study, it is possible that participants
were satisficed with the group ratings and previously recommended
restaurants, disregarding additional explanations. The relatively
high understanding for the control group presents evidence in favor
of bounded rationality (Figure 3). However, future work needs to
unpack the individual degree of satisficing for group recommenda-
tion further, for example by asking participants to indicate which
information they used to make their decision. Additionally, the
spectrum of presented information, both within the scenario and
explanation, can be expanded to pinpoint when participants are
provided enough information for a satisficing outcome.

5.2 Performance on Objective Understanding
Tasks

In Section 4.4, we separately presented the average accuracy rates
for each of the three objective understanding tasks to investigate
the variance within the objective understanding measurement. Er-
ror detection resulted in the highest overall accuracy (Table 4).
However, these questions were binary (correct/incorrect), while
the other two comprised four or more options. Additionally, we
found that, compared to both model simulation and error detec-
tion, counterfactuals turned out to be a difficult task. A potential
cause for this lower accuracy may be the fact that our counterfac-
tual assignment required participants to perform multiple model
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simulations in sequence.’ This is reflected in the timestamp of the
assignments. On average, it took participants longer to complete a
counterfactual assignment compared to the other two tasks (Table
5). This post-hoc analysis suggests the value of measuring objective
understanding based on the performance on a variety of tasks, as
different types of tasks lead to divergent results.

Table 5: Average time (and standard deviation) in seconds for
completing a single assignment; per objective assignment
task

Model sim. Counterfactual Error detection

No_expl 51.5(40.1)  113.2(85.9) 36.8 (26.4)
Text_expl ~ 585(114.2)  114.3 (74.0) 39.0 (25.5)
Graph_expl 48.4(35.7)  111.6(94.9) 39.5 (32.2)

5.3 Implications

Our findings have clear implications which need to be considered by
system designers and other practitioners. First, the results presented
in Section 4.4 show that the social choice-based aggregation strategy
implemented within a GRS may influence user understandability
down the line. When designing a GRS, one should be mindful that
these methodological decisions should be weighed not only in terms
of fairness, consensus and satisfaction, but also in terms of user
understanding. If user understanding and explainability are primary
concerns, opting for a more straightforward aggregation strategy
in the design phase is beneficial.

Second, our experiment provides an indication to system design-
ers looking to improve user understandability by adapting certain
elements in the interface. Against intuition, textual explanations
were not useful in improving user understanding. Similarly, adding
visual elements to the textual explanation did not increase user
understanding either. Thus, practitioners need to look towards
other procedures (other than explanations) to improve user under-
standing of GRS. The relatively high understanding achieved by
the control group implies that the presentation of previous output
alongside group context might already provide sufficient informa-
tion to users.

All in all, our results imply that increased detail in explanations
might become redundant when users receive a satisficing amount
of information already. This information and explainability can
be derived from the implemented methodology (e.g. strategy) and
context clues such as group ratings and previous output. System
designers and other practitioners should keep in mind that simply
increasing the details presented in explanations will not necessarily
translate into improved user understanding. For GRS specifically,
opting for social choice-based aggregation strategies such as Least
Misery or Additive Utilitarian, as opposed to Approval Voting, might
be beneficial to ensure user understanding.

9All scenarios and corresponding tasks are found in the OSF folder: https://osf.io/
myx7p/?view_only=597bf08540a94dbd864b420ce3351a7d
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5.4 Limitations

We identified several limitations that may have had an impact on our
results. First, we focused on the minority group configuration; this
limits the generalizability of our results. As discussed in Barile et al.
[1], different group configurations may lead to different evaluations
in terms of satisfaction and perception of fairness and consensus.
Future works are necessary to evaluate the possibility of different
impact of explanations for different group configuration.

Additionally, we did not ask participants to evaluate their Al liter-
acy. Kaur et al. [14] highlighted that Machine Learning practitioners
were faster but less accurate when having access to interpretabil-
ity tools. Future research could include self-rated measurements
of Al literacy and compare practitioners and novices in terms of
understandability of GRS.

Finally, we presented group scenarios involving the recommen-
dation of unnamed restaurants. However, high investment domains
such as tourism could have a higher need for explainability. Future
work could make the comparison between low and high investment
domains in group scenarios to investigate whether domain-specific
factors influence the impact of explanations.

6 Conclusion

In this study, we presented a randomized controlled trial to ana-
lyze whether increasing detail of social choice-based explanations
for GRS improved understandability. Our setup consisted of two
between-subject factors: (i) the explanation modality, and (ii) the
social choice-based aggregation strategy used to generate the group
recommendations. We constructed two ANOVA models using objec-
tive and subjective understanding as dependent variables. However,
we did not find significant differences between explanation types
(no explanation, textual and multimodal explanation). Hence we
outlined potential causes for this result rooted in bounded rational-
ity: the group context and previous recommendations may suffice
to provide participants with a satisficing level of understanding.

Furthermore, we conducted several post-hoc analyses to explain
some of the variance found within our understanding measure-
ments. We found that the methodological choice regarding aggre-
gation strategy can impact understandability down the line. Addi-
tionally, our results indicate that counterfactuals tasks were more
difficult compared to model simulation and error detection. We
conclude that there is value in measuring understanding based on
a multitude of assignments.

Finally, we discussed some implications of our work. Besides
factors such as fairness and satisfaction, the methodological choice
of aggregation strategy needs to be weighed in terms of under-
standability. Additionally, system designers looking to adapt user
interfaces need to mindful of the fact that additional elements do
not necessarily translate to improved understandability.
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