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There seems to be a consensus that adding explanations to Al systems, such as recommender systems, can have positive effects, such
as increasing a user’s trust, the transparency of the system, or the efficiency of a decision-making process. It is to this date unclear,
though, how an explanation needs to be designed to evoke these effects. To address this gap, we conducted a systematic literature
survey of 180 articles. The corpus was created by first querying six literature databases with predefined keyword searches and sorting
the retrieved articles by applying inclusion and exclusion criteria. We then extracted and categorized the explanation characteristics,
such as their modalities and content, as well as the effects measured in user evaluations. Finally, we combine both dimensions to
analyze the impact of the characteristics on the effects. The findings suggest that it is not possible to make general statements about
the effects of explanations. Instead, the measured effects vary in different contexts, and the results depend on whether the evaluated
explanation was compared to another explanation or to a system without explanation. Our survey identifies and highlights research

gaps and promising areas for future work, such as the effects of non-local explanations on the user.
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1 Introduction

Recommender systems are an integral part of the everyday life of many people. They not only influence how we inform
ourselves about the latest news [76, 159], the media we consume for entertainment [25, 29], or what products we
buy [199], they can also impact decisions affecting our health [59], what jobs we apply for [51], or social interactions [151,
206]. Recent years have seen an increased effort to help users understand recommendations through explanations [194].
Aside from a better understanding, adding explanations to recommender systems can have multiple effects on a user.

They can increase the trust of the user, enable users to exercise control over the recommendations, or increase the
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2 Wardatzky et al.

effectiveness of the recommendations [143, 181]. These effects can correlate with each other [14, 181]. For instance,
a better understanding of why the user received a recommendation might lead to an increase in trust or a more
effective and efficient decision-making process. We focus our investigation on recommender systems instead of general
explainable AI (XAI), as, in contrast to other XAI application areas, recommender systems aim to predict a user’s
preference, which can vary depending on the context. Restricting the scope of the survey to recommender systems
applications results in a clearer focus on the evaluated explanation types and effects.

Given the broad application areas of recommender systems and the diverse user group that many of them target, the
effects that explanations have on each user might vary. There is no one-size-fits-all explanation that works best for all
users and in all application areas [11]. Tran et al. [186] have shown that for movie recommendations, users often only
want to see an explanation when they receive an unexpected recommendation, but in application domains where there
is more at stake for the user if they do not understand the recommendations (e.g., the medical domain), the need for an
explanation might be higher. The worst thing that might happen to a user when following a movie recommendation
without understanding it is wasting time on a movie they do not enjoy and can turn off at any time. Following, e.g.,
medical recommendations without understanding them might affect the user’s health, which is why they might be
more interested in engaging with explanations and scrutinizing them more closely. Similarly, the optimal explanation to
achieve a desired effect might differ between user types. Furthermore, it is challenging to design explanations that have
a specific effect on a user. Balog et al. [14] illustrate this by instructing the crowd to generate explanations that have a
specific effect on the recipient of movie recommendations, and found that these explanations often have another effect.
This raises the question of how individual components of an explanation might impact the effect that the explanation
has on a user. What is the difference in the explanations for which an effect was found and those for which the same effect
was not found? We analyzed 180 articles in a systematic literature survey and investigated three dimensions related to
recommender systems explanations and their effects on users to answer this overarching question. We first look at the
characteristics of the evaluated explanations and describe their modalities and content. We then describe the evaluated
effects and how they were measured. Ultimately, we bring these two dimensions together to analyze how the measured

effects differ for explanations with varying characteristics. In particular, we answer the following research questions:

ROQ 1: What kind of explanations are commonly evaluated in recommender systems in terms of content and modalities?
ROQ 2: What effects were measured in the explanation evaluation?

ROQ 3: What characteristics of an explanation are likely to have a specific effect on a user?

To analyze the differences between explanations, we first determined their characteristics. We extracted the available
descriptions of the explanations and categorized this information depending on how they are displayed to the user, if
they are interactive or static, what aspect of the recommendations process they focus on, and their information type.
Then, we investigated the effects that the explanations were evaluated on. We extracted the measured effect along with
the question or task with which the effect was evaluated and proposed a fine-grained taxonomy of the effects in order
to capture the differences in explanations. Finally, we connect both dimensions by analyzing what explanation effects
were measured for which explanation characteristics to see which characteristic is likely to evoke an effect. Such a study
is usually done with a meta-analysis. A meta-analysis, however, requires the results to be obtained by following the
same methodology, which unfortunately does not apply to the studies in our corpus. Instead, we extract the results
of the explanation evaluation and analyze the differences in terms of explanation modalities and content between
explanations that were able to evoke a specific effect and explanations that were not.

In summary, the contributions of this survey are threefold:
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e alarge-scale overview of explanation modalities and content for recommender systems,
e a fine-grained taxonomy about explanation effects that were typically measured in user studies, and

e a systematic analysis of the connection between the explanation characteristics and the effect that was measured.

Although some surveys have looked at the explanation modalities of recommendation systems [143, 215], their
content [143], the effects they can have [39, 160, 181, 194], and the evaluation methodology [39, 160], the connection of
these dimensions has, to the best of our knowledge, not been systematically analyzed in a literature survey.

The remainder of this paper is structured as follows: Section 2 provides an overview of the existing work related to
this topic to set the scene before we present the methodology of how we collected and extracted the data for this survey
paper in Section 3. Our results are covered in three sections: Section 4 describes the explanation characteristics that we
identified in our corpus, Section 5 presents the effects that were measured in the user studies before we combine both
in Section 6, where we analyze the impact of explanation characteristics on the measured effects. Our survey ends with

a discussion of the results and limitations in Section 7 and conclusions in Section 8.

2 Related Work

A plethora of work about XAl its evaluation, and the effects of adding explanations to recommender systems has
been published. In this section, we present related work covering the evaluation of XAI approaches, explanation

characteristics, and the application of the aforementioned aspects to the recommender systems domain.

2.1 Explainable Al Evaluation

The evaluation of XAI approaches is commonly seen as an open research challenge, with a lack of established standards
and guidelines [215, 219]. To understand and interpret the impact of explanation characteristics on the evaluated
results in the right context, it is, however, crucial to discuss the different evaluation approaches that generate these
results. Zhou et al. [219] started by describing the existing explainability approaches and the properties of machine
learning explanations (i.e., interpretability-based, such as clarity, parsimony, and broadness, and fidelity-based, such
as completeness and soundness). Then, the authors used the taxonomy of evaluation types proposed by Doshi-Velez
et al. [56], namely application-, human-, and functionality-grounded evaluations, to identify for each of them possible
quantitative metrics and the properties of explainability they account for. For human-grounded evaluation, the authors
conclude that there are no agreed-upon criteria in the literature regarding the use of subjective measures.

The research community has been working toward solving this issue by developing taxonomies and design guidelines.
Chromik et al. [41] performed a structured literature review to develop a taxonomy for human subjects evaluations in
explainable AL The taxonomy focuses on three dimensions: the task (i.e., including the explanation goals), the study
design setup, and the participants. The goal of the taxonomy is to guide researchers and practitioners when designing
and conducting user evaluation of explanations. The survey, however, does not explicitly focus on recommender systems.
Pu et al. [152] address the issue by defining a taxonomy of user criteria for the evaluation of recommender systems
and providing a set of design guidelines for effective recommender systems. Regarding explanations, the guidelines
focus on the design of explanation interfaces and explanation content with the aims of building users’ trust in the
system, increasing users’ satisfaction, sense of control, intention to save effort, and intention to return, effects that
we also survey, to a much larger extent. Mohseni et al. [129] present a categorization of XAI design goals for various
user groups and evaluation methods from 42 papers. The recommender systems approaches included in the review
use textual explanations. The goal of such explanations is to increase user trust and reliance. More recently, Nauta
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et al. [137] reviewed 312 papers published between 2014 and 2020 in the area of XAl and identified 12 conceptual
properties, called 12-Co properties, that explanations should be quantitatively evaluated for. The review shows that
around 33% of the reviewed papers evaluate exclusively with anecdotal evidence, 22% of them evaluate the proposed
method in user studies, while the majority, namely 58%, use quantitative metrics, such as the 12-Co properties. On a
similar note, Donoso-Guzman et al. [55] surveyed 29 articles, extracted properties of the presented explanations, and
information on how these properties were evaluated. They extended the explanation properties presented in Miller
[126] and the user-centered evaluation framework of Knijnenburg et al. [96] and mapped the explanation properties to
both. Neither of these surveys provide any insights regarding evaluations through user studies and how many of the
identified explanation properties are applicable to recommender systems. Building on top of the taxonomies developed
by Mohseni et al. [129] and Nauta et al. [137], Kim et al. [92] surveyed the human-centered evaluation approaches
applied in 73 articles with a focus on decision-support systems. They investigated the in-context quality of the evaluated
explanations, the contribution to human-Al interaction, and human-AI performance, and analyzed the findings when a
system with an explanation was compared to a system without an explanation. They conclude that more research into

the contextual variables that impact the findings of different evaluation approaches is needed.

2.2 Explanation Characteristics

One of the contextual variables that might impact the findings of different evaluation approaches refers to the character-
istics of the evaluated explanations. Zhang et al. [215] provide a comprehensive overview by focusing on information
sources and display styles, explainable recommendation methods, and application areas for explainable recommender
systems. Furthermore, the survey also focuses on the evaluation methods for explainable recommendations, but it does
not go into detail regarding the measurement of explanation effects. Nunes et al. [143] also cover the characteristics
of explanations in terms of display style and information type but focus their systematic literature review on expla-
nations for advice-giving systems, in general. Alongside the characteristics of explanations, they cover three more
aspects: generation approaches for explanations, explanation goals and evaluation methodologies, and explanation
types supporting explanation goals. Papadimitriou et al. [147] categorized the explanations for traditional and social
recommender systems into three categories, namely based on previous items chosen by the user, based on similar
users, and based on features and hybrid approaches of these. Then, by analyzing the studies conducted by Bilgic et al.
[27], Symeonidis et al. [174], Vig et al. [192], they concluded that hybrid explanations are the most effective explanation
styles. While there is an overlap in describing the display style of the explanations, all three reviews present different

approaches to describing their content, with varying levels of detail.

2.3 Explanations in Recommender Systems

After reviewing related work on XAl in general, we now discuss relevant work related to recommender systems. One
of the first reviews of explanations for recommender systems was conducted by Tintarev et al. [181] and looked at
understanding what a good explanation entails. As a result, they identified seven aims of explanations for recommender
systems, namely trust, transparency, satisfaction, scrutability, persuasiveness, effectiveness, and efficiency. These
explanation goals are still widely used to measure the quality of explanations.

The reviews closest to our survey are Chen et al. [39], Rong et al. [160], and Chatti et al. [34]. Chen et al. [39]
surveyed more than 100 papers in the area of explainable recommender systems and identify taxonomies for evaluation
perspectives or effects and evaluation methods. Compared to our survey, however, they only acknowledge four

explanation effects, namely effectiveness, persuasiveness, scrutability, and transparency, and summarize the types of
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evaluation approaches (i.e., case studies, quantitative metrics, crowdsourcing, and online experiments) that target these
particular effects. In the human-centered XAI domain, Rong et al. [160] analyzed papers focusing on user evaluation of
model explanations. While they observed that many applications are in the recommender systems domain, they do not
provide a clear overview of explainability models, explanation types, and experimental methodology and design per
domain. Furthermore, they only provide a list of studies that report on whether they found or not found explanation
effects when the explanation is compared to a “no explanation” or placebo explanation as a baseline. Lastly, Chatti et al.
[34] reviewed 33 explainable recommendation tools that produce visual explanations. While their focus lies on the
visual components of the tools, they also outline whether the explanations of each tool achieved a certain aim or not.
They did not explore how the individual components of an explanation might impact this result, though.

The previous paragraphs show that multiple survey papers have covered explanation characteristics in recommender
systems and their effects on a user. However, combining both dimensions to see what part of an explanation impacts
the effect has not been thoroughly investigated. Instead, existing works point out the need for further research on the
contextual variables that impact the measured effects of explanations. In a prior survey [200], we already looked at the
participant sampling and their user characteristics as a potential factor that needs to be considered when interpreting
the results. While the number of papers that analyzed explanation effects on varying user characteristics is small, we
were able to conclude with a set of recommendations to increase the focus on these aspects. In this survey, we investigate
the connection between explanations and their effects as a contextual factor and consider not only explanations that were

compared with a recommender system without explanations, but also comparisons of two explanations.

3 Methodology

This section describes the paper’s methodology by explaining the data collection, selection, and annotation process.

3.1 Data collection and selection

We conducted a systematic literature survey of peer-reviewed articles published between 2017 and 14.07.2025 (the day
of the query) to answer the research questions outlined in Section 1. We opted to start the collection with the year 2017
as this year seems to have been the starting point of a steadily increasing number of publications in the explainability
field [16, 194]. To collect the papers, we queried ACM Digital Library,! IEEEXplore,? Taylor & Francis,® Web of Science,*
Wiley Online,” and SemanticScholar.® The six library databases were selected to cover major computer science venues

and interdisciplinary outlets. The following search term was used:

(explain* OR explanations OR interpretabx OR intelligibs OR justification OR transparensx) AND

(recommender OR recommendation OR personalization OR personalized)

We constructed the search term to contain words frequently and interchangeably used to refer to both explainable
AI and recommender systems or recommendations. The first part of the search term includes terms related to the

explanation part. Given that there are currently no commonly agreed-upon definitions of Al explanations [69, 123],

!https://dl.acm.org/
https://ieeexplore.ieee.org
3https://www.tandfonline.com/
“https://www.webofscience.com
Shttps://onlinelibrary.wiley.com/
Chttps://www.semanticscholar.org/
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Papers retrieved Papers categorized Papers with user Papers with Papers included in
from databases by evaluation evaluation statistical testing review
(n =144 695) (n=1638) (n =393) (n= 207) (n =180)

} }

Papers without suff/ment description of

Papers removed by Papers removed by Papers without . .
screening title (EC 1-3,1C 1) | | evaluation type (IC 2, 4) statistical tests (IC 5) ex’l’)’,‘f"’;’a’g’”E((':C 43) or extended version
(n =143 057) (n = 1245) (n = 186) published (EC 4)

(n=27)

Fig. 1. Paper selection process.

we included additional terms aiming to capture potentially relevant articles using a different terminology, along with
variants of explainability and interpretability. Some articles distinguish between justifications and explanations while
others use the term explanation for a justification. Therefore, we opted to include justifications in the search. The
variations of transparency aim to include those articles that opt for a different wording.

This initial search returned a total of 144 695 articles. Figure 1 depicts the paper selection process that was conducted
by two authors. In the first round, we manually filtered out all papers that, based on their titles and abstracts, were
clearly not related to explainable Al or recommender systems. Second, we further filtered using the exclusion and
inclusion criteria (EC and IC) summarized in Table 1. Hereby, we excluded all publications that were not written
in English and for which we could not access the full text through the licenses of our institution (EC-1 and EC-2).
Furthermore, we excluded papers with results published in another paper matching our inclusion and exclusion criteria
(EC-3). Duplicated papers that appeared in multiple databases were only considered once (EC-4).

The remaining papers had to fulfill all of the following inclusion criteria to be selected. We included papers that
propose an explainable or interpretable recommender system or an explanation generation method (IC-1), and the
explanations are evaluated in a recommender systems context (IC-2). To ensure that the explanations are the focus of
the papers, we only included publications that provide examples or detailed descriptions of the explanations (IC-3). This
left 1638 articles on explainable or interpretable recommender systems. The remaining inclusion criteria refer to the
evaluation method. As we analyze the impact of explanation effects on users, we only included papers that evaluated

the explanations in a user study (IC-4) and the analysis had statistical testing (IC-5).

Table 1. Exclusion and inclusion criteria for the paper selection process.

Exclusion Criteria (EC)

EC-1 The paper was already retrieved from another database

EC-2 The paper is not written in English

EC-3 We have no access to the full paper

EC-4 The content of the paper was published in an extended paper that matches the inclusion criteria

Inclusion Criteria (IC)

IC-1  The paper proposes an explainable or interpretable recommender system or an explanation generation method
IC-2  The paper presents explanations that are evaluated in a recommendation scenario

IC-3  The paper provides an example or detailed description of the explanation

IC-4  The explanations are evaluated on users

IC-5 The results were tested for statistical significance
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The selection process narrowed the corpus to 180 papers containing a total of 226 user studies (some papers reported
on multiple studies), from which we extracted the information reported on the user study results. Next (Section 3.2), we

elaborate on the annotation process of the papers in our corpus.

3.2 Data annotation

We extracted general information about the explanation that was evaluated, as well as the evaluation methodology.
The data annotation process was conducted by three authors. We randomly selected five articles, and each of the three
authors annotated them independently. Then, we discussed the differences in annotations. From these discussions, we
derived annotation guidelines that were revised as more edge cases appeared. Whenever an update happened, the already
annotated articles were revised, and the data was updated. The corpus spans articles published in 79 unique venues, the
most common ones being ACM International Conference on User Modeling, Adaptation and Personalization (UMAP,
23 articles), ACM Recommender Systems Conference (RecSys, 14), ACM Conference on Intelligent User Interfaces (IUI,
13), ACM CHI conference on Human Factors in Computing Systems (CHI, 10), and User Modeling and User-Adapted
Interaction (UMUAL 9). The articles in our corpus cover 21 different application domains, with movie recommendations
as the most popular (35 articles), followed by education (30), point-of-interest (20), health-related (20), and e-commerce
recommendations (20) (for a detailed overview, see the supplemental material”).

To analyze the first research question (explanation characteristics), we focused on the description of the explanations
that were evaluated in the 226 user studies of our corpus. We followed the taxonomy of Nunes et al. [143] and categorized
the content and appearance of the extracted explanations based on the given descriptions and examples.

To answer the second research question (explanation effects), we annotated the findings in the results sections of
each paper. More precisely, we extracted the dependent and independent variables of each finding, which evaluated an
explanation along with the outcome of the evaluation (i.e., whether or not an effect was found). The dependent variables
or measured explanation effects were then categorized in the next step. We noticed that the effects did not consistently
follow the same definitions and were frequently named differently. Therefore, we referred to the evaluation task or
question used for the evaluation, wherever possible (i.e., when they were made available by the authors of the papers).
We categorized the explanation effects by the seven explanation goals defined by Tintarev et al. [181]: effectiveness,
efficiency, transparency, persuasiveness, trust, satisfaction, and scrutability. By looking at the task design of the user
studies, we noticed that the papers stating to evaluate the scrutability of the system were doing so by assessing the
perceived system control. We, therefore, added it to an interface quality category along with other related aspects, such
as the perceived information quality.

The final research question combined the annotations described in the previous paragraphs.

4 Explanation Characteristics

In this section, we provide an overview of the types of explanations typically generated and provided for recommender
systems and their characteristics. We extracted 665 explanations from the articles in our corpus. This means that,
on average, 2.9 explanations were evaluated in each of the 226 user studies in our corpus. The explanations of our
corpus cover a total of 21 application domains, with the majority explaining recommendations from the movie and
point-of-interest (POI) domains (144 and 122 explanations, respectively). For every explanation, we extracted and

categorized the information provided about their modality and content, which we describe in the following sub-sections.

"https://doi.org/10.5281/zenodo.17788874
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Table 2. Overview of the explanation modalities and whether they are interactive (v') or not (X).

Modality Interactivity Articles # Expl.
audio X [38, 47, 150, 203, 216] 25
. [5, 10, 23, 24, 31, 32, 44, 67, 68, 73, 80, 85, 88, 122, 145, 146, 168, 180, 187, 188, 203, 204, 221] 43
hybrid
v [3, 10, 18, 33, 49, 52, 61, 66, 68, 82, 85, 111, 116, 121, 140, 141, 156, 157, 163, 168, 186-188] 44
X 28,187, 188 3
tabular L !
v [81, 155] 2
textual X [2,7,9, 10, 13-15, 20-24, 30, 32, 35-38, 40, 53, 54, 60-64, 70-72, 79, 84, 86-90, 93-95, 97-99, 101-103, 108-110, 112— 367

115, 118, 119, 122, 128, 130-133, 136, 138, 142, 144, 145, 149, 153, 161, 162, 164-167, 169, 170, 172, 173, 175-177, 179,
180, 185, 188, 191, 195, 197, 198, 202, 204, 207-209, 212, 213, 216, 218]

V4 [6, 12, 1719, 49, 53, 61, 65, 68, 77, 78, 81, 82, 100, 102, 104, 105, 135, 138, 140, 148, 154, 155, 158, 165, 172, 178, 186, 63
190, 193, 198, 205, 214, 217, 220]
isual [8, 26, 31, 43, 45, 53, 62, 63, 80, 87, 88, 91, 98, 99, 107, 120, 125, 139, 153, 180, 182, 188, 202, 204, 210, 211] 72
VI1su
[1, 4, 18, 28, 33, 52, 57, 81, 91, 99, 102, 107, 111, 121, 124, 128, 134, 139, 171, 188, 189, 214] 30

4.1 Explanation modalities and interactivity

We were able to extract information about explanation modalities and whether they provide options for the user to

interact with the explanations for 658 out of the 665 explanations.

Modalities. First, we look at the aspects related to how the explanations are displayed to the user. We categorized
the explanations into five modalities: text, visual, tabular, audio, or a hybrid of those. We also examine whether and
how the user can interact with the explanations. Table 2 provides an overview of the modalities and interactivity of
the explanations in our corpus. We observe that static textual explanations are predominant in our corpus, making
up 55% (367 out of 665 explanations) of all explanations. The second most common explanation type is the static
visual explanation, with 72 occurrences. Popular visual types are bar charts or histograms showing the importance of
individual features to a recommendation or depicting the overlap between the item features and the user preferences for
these features. Other visual explanations that show the overlap of the user history with the recommendations include
Venn diagrams (e.g., in Kouki et al. [99]) or contour plots (seen in Liang et al. [107]). Most hybrid explanations (64
out of 87) are combinations of text and visual elements. The text either provides additional information to the visual

element(s) (as in Tran et al. [186]) or explains them (e.g., Coba et al. [44]).

Interactivity. Explanations with interactive elements are less common across all modalities than static explanations.
Measured against the total number of explanations in each modality, hybrid explanations are the most interactive,
while text-based explanations are the most static. 60 of the 143 interactive explanations in our corpus are interactions
to show/hide explanations (e.g., [6, 53, 116, 121, 134, 186]) or provide more detail in a drill-down approach (e.g., [33, 68,
81]). Some drill-down approaches [33, 68] guide the user from a local explanation of an individual recommendation
to a global explanation of how the entire recommender system works. Other interaction types include providing
feedback on the explanations [66, 154, 205] or adapting the weights of input features to see how the recommendations
change [91, 107, 111, 214, 217]. In conversational recommendation settings, users can usually freely respond to the
received explanations and use this possibility to interact with the explanations [3, 141, 190, 193].
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Table 3. Overview of the articles covering the different content dimensions and the number of explanations. We omit explanations for
which we could not determine the type and focus.

Output # Input # Process # Multiple #
Local [2, 3, 6-8, 12-15, 17-21, 23, 24, 26, 30-32, 35, 40, 44-48, 52-54, 57, 60— 486  [43,67,68,88,139, 25 [86,88] 2 [12, 33,49, 87, 16
67,70, 72, 73, 78-82, 84-87, 89-91, 93-95, 97-99, 101, 103-107, 109, 112— 171, 173] 121, 203]

115, 118-121, 124, 125, 128, 130-136, 138, 140-142, 145, 146, 148, 150, 153—
158,161-163, 165-169, 172, 175, 176, 178-180, 185-191, 193, 197, 198, 202—
205, 207-213, 216, 218, 220, 221]

Global [67, 116, 154, 164] 5 [1,67,77,91,111, 11 [68, 100, 5 [33,195,203] 4
166, 182, 214] 195, 217]
Pairwise  [20, 21, 144, 150, 204, 205] 15 [144] 4
Top-n [4-6, 9, 10, 38, 71, 74, 102, 107, 109, 131, 138, 140, 170, 173, 176, 195, 202, 55
214]
Multiple  [22, 36, 37, 108, 131, 149, 154, 177] 15 [110,111,122] 12

4.2 Explanation content

The second aspect related to the explanations is their content. We first look at three different aspects of the content: the
part of the recommender system the explanation focuses on, the type of explanation, and the information type. Table 3
provides an overview of the distribution of types and foci of the evaluated explanations in our corpus. We classified the

information that the explanations provide based on the taxonomy developed by Nunes et al. [143].

Explanation focus. Explanations can focus on three aspects of the recommender system: input, output, or the recom-
mendation process. Explanations focusing on input describe the data or user model that was used to generate them.
Explanations focusing on the process describe the workings of the recommender system. As suggested, output explana-
tions focus on the recommendations themselves. We identified the explanation focus for 660 of the 665 explanations. In
our corpus, explanations focusing on the output are the most frequent, with 580 explanations, followed by the input

with 36 explanations, and the process with 8 explanations. The remaining 36 explanations combine multiple foci.

Explanation type. The explanation type is connected to the explanation focus and describes a different notion of what
is being explained. Typically, the literature on explainable Al distinguishes between local and global explanations [69].
While local explanations focus on the system’s output and explain one individual recommendation, global explanations
focus on the input or the process and explain the user model or the system’s workings, respectively. In short, a local
explanation explains why a user received a specific recommendation, and a global explanation answers the question of
how the recommendations were generated. We were able to identify the explanation type of 655 of the 665 explanations.
Local explanations dominate our corpus, with 529 explanations, while global explanations occur 25 times. Explanations
that focus on the output can be further classified into pairwise explanations that compare two items with each other
and highlight aspects in which each item satisfies different needs (19 occurrences), a ranked list of top-k items ranked
by the computed likelihood of the user being interested in the items (55 times), or a combination of multiple types.
Table 3 shows the distribution of explanation types across the different explanation foci for the explanation for which

we were able to identify both characteristics. The dominance of local explanations that focus on the output is obvious.

Information type. For the classification of the information type of the explanations, we follow the taxonomy of Nunes
et al. [143] with 17 labels grouped into four categories about the information that the explanations in recommender

and decision support systems convey. Given that we exclusively analyze recommender systems explanations, we
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adapted the wording of the labels and definitions to match the commonly used vocabulary in the recommender systems
community. We refer to the Explanation Characteristics sheet in the supplemental material for the exact categorization
of the explanations and to the original paper for the definition of the information types.

The most common information type in our corpus is preference match with 125 explanations, followed by decisive
features and knowledge about the community with 111 and 93 explanations, respectively. The least common information
types are self-reflective statistics, relationship between knowledge objects, and decision method side-outcomes, each occurring
in less than 1% of all explanations. Table 4 shows the distribution of the information types for the three most common
modalities and all explanations. For all explanations, the most common information types are preference match with
16.76%, decisive features with 14.75%, and knowledge about the community with 12.47% of the explanations. Looking
at the individual modalities, we see different focal points of information. A total of 42.86% of all visual explanations
contain either knowledge about the community or decisive features, which is also the most common information type for
hybrid explanations with 18.97%. The textual explanations are generally more distributed across the information types,

the most common being preference match with 15.87%, background data with 12.73%, and decisive features with 12.53%.

Table 4. Distribution of the information types across each modality as a percentage of the total number of explanations for this
modality (e.g., 18.10% of all hybrid explanations contain the information type “preference match”). The most common information
types for each explanation modality are highlighted in bold with the follow-up being italicized.

% ofall % ofall % ofall % of all

Information Type hybrid textual visual modalities

Background data 4.31 12.73 0.84 9.52

Knowledge about peers 0.86 10.44 7.56 8.04

BaCkgmuﬁﬁgﬁﬂememary Knowledge about similar items 172 689 336 5.23
Knowledge about the community 14.66 9.39  21.85 12.47

Relationship between knowledge objects 1.72 0.42 1.68 0.80

Decision method side-outcomes 0.86 0.84 0.84 0.94

Decision inference process Inference and domain knowledge 12.93 9.19 5.04 8.98
¢ erence proce Inference trace 690 522 756 5.76
Self-reflective statistics 2.59 0.00 0.00 0.40

Decisive features 18.97 12.53 21.01 14.75

Items & their features Feature-based domination 0.86 4.59 2.52 3.62
Pros and Cons 6.90 4.38 1.68 4.96

Decisive input values 431 5.43 3.36 4.83

User preferences & input Feature importance analysis 2.59 0.63 3.36 1.34
P P Preference match 1810 1587 1681 16.76
Suitability estimate 1.72 1.46 2.52 1.61

4.3 Section summary

In this section, we described the modalities and content of the explanations of our corpus. The majority of explanations
are static text-based explanations that explain one individual recommendation. Global explanations covering the
general recommendation process are rare. Commonly, the explanations of our corpus provide information about
how the recommendation matches the preferences and constraints of the user, the item features that are key for the
recommendation, or the preferences of other users that support the recommendation.
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5 Explanation Effects

After investigating the explanation characteristics, the next step is to look at the effects that were evaluated by the
articles in our corpus. This allows us to investigate the overarching question of what makes an explanation likely to
evoke a specific effect. In this section, we present a taxonomy of explanation effects that allows for a more precise
understanding of the evaluated explanation capabilities. To develop the taxonomy, we extracted the measured effects
from the findings reported in the articles. We consulted the task description or the questions with which the effects
were measured to gain a more fine-grained notion of them. If task descriptions or questions were not stated in the
articles, we extracted as much detail as provided from the context given in the article. The extracted 500 fine-grained
effects were then clustered in multiple iterations until all effects were assigned to a category.

We divided the effects into effects on the user, effects on the system perception, and effects that impact both the user
and the system perception. In each of these categories, we describe the different facets each effect entails, present the
number of times it was measured, found, or not found, and report on evaluated correlations and interaction effects.
Table 5 provides an overview of the effects that we present in the following subsections and their descriptions, the

number of times each effect was found or not found, as well as the associated references to the articles.

5.1 Effects on the User

The first set of effects in our taxonomy describes the impact that explanations can have on the user. It consists of trust,
persuasiveness, effectiveness, and satisfaction. Following, we take a closer look at how often each of these effects was

found (V') or not found (x).
5.1.1 Trust.

Notions and measures of trust. Defining trust and how to measure it is a complex topic [145]. Definitions of trust
in the literature vary between context and application area [117]. Furthermore, trust is not static but evolves and
changes over time [83, 183]. Tintarev et al. [181] define trust in the context of recommender systems explanations as a
means to “increase users confidence in the system”. This definition aligns with the cognitive side of the trust taxonomy
developed by Madsen et al. [117]. In their taxonomy, the authors describe trust as a dual concept that consists of
cognition- and affect-based components. More precisely, cognition trust is based on the user’s perceptions of the
system’s characteristics. The result of cognition trust is high confidence of the user in the system, while affect trust
components are based on the user’s emotional responses to the system, such as the personal attachment [117].

Another notion of trust that we observed is behavioral trust, where the participants show trust through their behavior.

Overall, we identified 448 findings for trust, which we sorted into these four categories.

Affective Trust The affective trust was exclusively evaluated as the perceived benevolence of the system. We found
evaluations by nine articles [23, 24, 35, 72, 101, 130, 141, 145, 172] which did not find an effect in the majority of
the conditions (found v': 13, not found X: 35).

Behavioral Trust Behavioral trust was mainly evaluated by asking the participants if they intend to return to the
system and use it in the future [1, 22-24, 26, 46, 48, 52, 72, 85, 104, 106, 108, 116, 125, 138, 145, 146, 148, 149, 153,
172, 205]. The effect was evaluated in 92 conditions (v': 42, X: 51).

Cognitive Trust Cognitive trust was evaluated in 270 conditions, which makes it the trust category with the highest
number of evaluations. We identified four notions of cognitive trust. Nine articles evaluated how the participants
perceive the competence of the system [1, 23, 24, 35, 101, 130, 145, 172, 214] (V': 12, X: 33) and the perceived
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Table 5. Overview of the extracted effects and their descriptions. The number and references that follow a v'indicate how often and
by which papers an effect was found, X indicates how often and by which papers the effect was evaluated but not found. Note that
some papers ran multiple evaluations. Hence, the number of findings and articles are not the same.

Effect Description Findings
Affective Trust based on a user’s emotional responses to V/(13): [23, 35, 72, 145, 172]
the system, e.g., personal attachment [117]. X (35): [23, 24, 35, 72, 101, 130, 141, 145]
Behavioral Trust shown by users’ behavior, e.g., their in-  v/(42): [1, 24, 26, 46, 48, 52, 72, 85, 106, 116, 125, 138, 149, 153]
tention to return and use the application. X (51): [22-24, 32, 46, 48, 52, 72, 104, 108, 116, 145, 146, 148, 153, 172, 205]
V/(129): [1, 5, 7, 15, 20, 21, 23, 24, 30, 31, 35, 36, 38, 49, 52, 57, 71, 72, 81, 94, 95, 101, 104, 110, 116, 122,
Trust Cognitive Measures trust by the increased user confidence 128, 131, 133, 145, 149, 155, 164, 189, 190, 198, 210, 211]
g in the system [181]. X (141): [10, 15, 20, 22-24, 31, 35, 38, 48, 52, 53, 71, 72, 80, 81, 85, 94, 97, 101, 116, 122, 130, 131, 133, 141,
145, 146, 163, 172, 198, 204, 214, 221]
. Measures if the users rely on the agent even for ~ v/(6): [31]
Overreliance
bad recs. x (3): [31]
. . Combined trust ratings of multiple notions, of- Vv (15): [33, 48, 67, 68, 145, 158
4 Trusting Beliefs & P . . (19: 1 !
g ten sys. competence, benevolence, and integrity. X (13): [48, 67, 145, 158, 205]
=]
= . X V(105): [20, 21, 35, 60, 72, 81, 93, 99, 112, 131, 133, 161, 162, 167, 175, 191]
S Explanation Persuasiveness of the expl. o A }
a X (90): [20, 35, 60, 67, 80, 97, 99, 131, 133, 145, 161, 162, 167, 175, 191]
S
& P.ersua- Recommendation Persuasiveness of the rec. V/(1): [204]
= siveness
Likelihood to The impact of the expl. on the likelihood that a V/(70): [2,3, 15, 17, 36, 38, 40, 58, 63, 70, 97, 114, 122, 141, 150, 153, 164, 198, 212, 216, 221]
Follow Rec. user will follow the rec. X (53): [2, 3, 15, 18, 38, 122, 141, 148, 149, 153, 163, 216, 221]
How effective the recs or the system are per-  v/(27): [28, 35, 46, 67, 71, 81, 130, 193, 197, 213]
Recommender .
ceived by the users. X (33): [35, 46, 67, 71, 79-81, 189]
Effective- Explanation How effective the expl. are in assisting the user V/(98): [8, 20, 21, 36, 49, 68, 74, 77, 114, 128, 132, 144, 150, 156, 167, 177, 197, 210, 216]
ness P to make better decisions. X (33): [8, 18, 20, 21, 97, 144, 156, 157, 167, 216]
. s . - . V(77): [3, 26, 28, 30-32, 70, 86, 87, 90, 105, 132, 141, 144, 146, 148, 170, 179, 180, 188, 190
Decision The users’ (perceived) decision quality. (77): 13, 26 > !
X (69): [3, 26, 30, 31, 70, 86, 87, 90, 118, 132, 139, 141, 144, 146, 148, 163, 169, 180, 188, 204]
. . . V(102): [7, 8, 19, 21, 36, 40, 47, 49, 52, 53, 61, 90, 94, 95, 110, 114, 116, 130, 131, 138, 148, 149, 153, 165,
Impact of expl. on the satisfaction with the rec.
. Recommender . 179, 184-187, 190, 197, 198, 210, 216, 221]
Satis- system and its output.
facti x (106): [8, 18, 52, 53, 61, 80, 94, 100, 110, 116, 120, 131, 148, 153, 165, 185-187, 189, 197, 198, 216]
action
Decision Expl. impact on satisfaction with their decision. X (6): [118, 140, 170]
Efficiency - Whether the expl. help the users to make faster ~ v/(66): [28, 35, 36, 67, 68, 85, 113, 114, 153, 185, 193, 198, 204, 207, 210]
y decisions [181]. X (60): [32, 35, 67, 79, 80, 97, 114, 153, 163, 185, 204, 207]
Control Impact of expl. on the (perceived) control over V/(23): [5, 10, 26, 32, 35, 62, 68, 90, 97, 104, 110, 116, 188]
ontro the recs. X (44): 5, 10, 35, 37, 67, 97, 102, 107, 110, 116, 148, 188]

Info Quality

Impact of expl. on the perceived quality of in-
formation provided in the application.

V(67): [7, 26, 32, 36, 58, 61, 72, 80, 85, 103, 106, 107, 112, 116, 125, 131, 133, 138, 139, 148, 172, 213, 221]
X (26): [5, 26, 61, 72, 80, 116, 131, 133, 139, 148, 172, 213]

Effects on System Perception

Interface V(115): [1, 4,5, 9, 10, 15, 18, 36, 40, 45, 49, 52, 63, 66, 71, 87, 91, 94, 102, 104, 109, 116, 124, 138, 140, 142,
Quality 148, 166, 168, 171, 190, 203, 205, 207, 209, 211, 213]
Rec. Qualit The impact of expl. on the perceived rec quality. o e
Quality P P P QU (190): [5,9, 10, 15, 19, 45, 52, 71, 87, 94, 100-102, 107, 108, 116, 125, 140-142, 148, 154, 166, 171, 189,
190, 203, 207, 213]
Other Expl. impact on the sys. complexity, ease of use, V(72): [5, 6, 10, 28, 31, 36, 57, 61, 94, 102, 106, 116, 118, 138, 149, 153, 158, 190, 196, 198, 210, 221]
effort, sys. acceptance, and sys. usefulness. X (81): [1, 10, 28, 31, 32, 61, 94, 102, 104, 105, 116, 118, 138, 140, 146, 148, 153, 169, 170, 188, 190, 198, 221]
) . V/(16): [4, 36, 97, 111, 145, 148, 172, 190, 218
Recommendations Perceived transparency of the recs. (16): 1 ]
o X (12): [9, 80, 97, 111, 131, 145, 148, 155]
=}
*a Syst Perceived transparency of the rec process or the V/(17): [6, 21, 24, 79, 81, 104, 116, 188]
stem
§ Transpa- Y overall sys. X (14): [23, 24,79, 81, 116, 188]
i
=) rency V/(136): [5,7, 8, 10, 12, 20, 30, 35, 38, 46, 48, 49, 52, 53, 64, 67, 68, 71, 85, 90, 93, 94, 105, 112, 114, 122, 131
=] Perceived) understanding of the users about e
3 . ( ) . € 133, 139, 150, 155, 164, 166, 172, 179, 182, 189, 190, 197, 198, 208, 211]
@ Understanding ~ why they are getting the recs or how they were
& enerated X (156): [1, 8-10, 12, 19, 20, 30, 35, 46, 48, 64, 67, 71, 80, 94, 102, 107, 115, 122, 131, 139, 150, 154, 155, 163,
< & . 166, 198, 202, 204, 205, 208]
P
E Engagement Impact of expl. on the engagement of the users V/(92): [1, 10, 18, 26, 37, 53, 57, 63, 81, 91, 95, 107, 119, 124, 125, 134, 158, 176, 188, 207]
2 2ag with the system. X (41): [1, 10, 26, 107, 119, 134, 188, 207]
=}
2 Other Information Re- Impact of expl. on the information retention of v (4): [72]
S .
& tention the user X (2): [72]
[25)

Rec. Specific

Specific measurements to the rec scenario.

(
V/(53): [2, 148, 153, 185]
X (78): [141, 148, 153, 185]
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integrity of the system [23, 24, 35, 71, 101, 130, 141, 145, 214] (v': 9, X: 38). Furthermore, we found evaluations of
the participants’ trust in the received recommendations [10, 15, 31, 52, 53, 57, 97, 149, 189, 198] (v: 11, X: 20) and
their trust in the overall system revised[5, 7, 20, 21, 23, 24, 30, 36, 48, 49, 72, 80, 81, 85, 94, 95, 104, 110, 116, 128,
131, 133, 141, 145, 146, 155, 163, 164, 190, 204, 210, 221] (v': 79, X: 46). Three articles evaluated a combination of
trust in the recommendation and the system [38, 122, 211] (V: 18, X: 4).

Overreliance A user’s overreliance on the recommendation agent was measured 9 times by one article Buginca et al.
[31] (V: 6, X: 3).

In 28 instances, the authors combined trust ratings from multiple notions, commonly consisting of perceived system

competence, benevolence, and integrity, to a unified trusting belief score [33, 48, 67, 68, 145, 158, 205] (v: 15, X: 13).

Correlations and interaction effects. We identified 62 interaction and mediating effects and ten correlations of trust
with other variables. Chatti et al. [33], Guesmi et al. [68], Gébel et al. [72], and Hernandez-Bocanegra and Ziegler [82]
evaluated interaction effects between trust and user characteristics of their participants (need for cognition, visualization
familiarity, personal innovativeness, technical expertise, propensity to trust others, and domain knowledge), but found
no interactions. However, Zhang et al. [214] found that trust is mediated by the perceived personalization, while Mauro
et al. [122] and Chen et al. [38] found an interaction between trust and the perceived interpretability of the system.
Dominguez et al. [53] and Guo et al. [71] found that the perceived understandability of the explanations is mediated by
trust, which aligns with the positive correlation between these two variables found by Shin et al. [164]. Nelekar et al.
[141] found positive correlations of the perceived system competence, benevolence, integrity, and overall trust with the
participant’s propensity to trust others. Hernandez-Bocanegra et al. [80] found correlations between the participants’
decision-making style and social awareness, and their explicit trust in the system and recommendations, and confirmed

the correlation between social awareness and trust in a different study [79].

5.1.2 Persuasiveness.

]

Notions and measures of persuasiveness. Tintarev et al. [181] define persuasiveness as “convince users to try or buy’
the recommended items. We found that the evaluation of persuasiveness was either measured through the likelihood
that participants follow the recommendations, or they evaluate the (perceived) persuasiveness of the explanations or
recommendations. Overall, we identified 319 evaluations of persuasiveness and sorted these into three categories. Two
categories specify what element of the system was evaluated (explanation and recommendation persuasiveness), while
the last one (likelihood to follow a recommendation) measures persuasiveness through the (intended) user action after

seeing the explanation.

Explanation Persuasiveness The (perceived) persuasiveness of the explanations was evaluated in 195 instances
[20, 21, 35, 60, 67, 72, 80, 81, 93, 97, 99, 112, 131, 133, 145, 161, 162, 167, 175, 191] (v': 105, X: 90).

Recommendation Persuasiveness The effect explanations have on the persuasiveness of the recommendations was
only evaluated once by Wibowo et al. [204] (v': 1).

Likelihood to Follow Recommendation The impact of explanations on the likelihood of the users to follow rec-
ommendations or adapt their behavior according to the recommendations was evaluated in 123 instances
[2, 3, 15, 17, 18, 36, 38, 40, 58, 63, 70, 97, 114, 122, 141, 148-150, 153, 163, 164, 198, 212, 216, 221] (v': 70, X: 53).

Correlations and mediating effects. Neither of the six articles [33, 68, 72, 122, 133, 167]investigating the interaction
or mediation of different user characteristics with persuasiveness found an interaction between persuasiveness and
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need for cognition, visualization familiarity, personal innovativeness, technical expertise, propensity to trust others,
domain knowledge, or technical expertise. However, Mauro et al. [122] found an interaction between persuasiveness
and transparency, Gobel et al. [72] between persuasiveness and information uncertainty and the time spent interacting
with the system, and Silva et al. [167] an interaction and correlation of persuasiveness with the participants’ familiarity
with the items. Kouki et al. [99] found positive correlations between persuasiveness and the personality type of their

participants (calm and anxious).
5.1.3  Effectiveness.

Notions and measures of effectiveness. Tintarev et al. [181] define the effectiveness of an explanation as support
to “help users make good decisions”. Overall, we identified 337 measurements of effectiveness, which we sorted into
three different groups. Every group measures the effectiveness of a different element, namely the recommender, the

explanations, and the decision-making process.

Recommender Effectiveness The perceived effectiveness of the recommender was evaluated in 60 instances [28, 67,
79-81, 189, 193, 197, 213] (v': 27, X: 33).

Explanation Effectiveness The (perceived) impact of explanations on the effectiveness of the explanations was
evaluated in 131 instances [8, 18, 20, 21, 36,49, 68, 74, 77,97, 114, 128, 132, 144, 150, 156, 157, 167, 177,197, 210, 216]
(V': 98, x: 33).

Decision-Making Effectiveness The impact of explanations on the effectiveness of the users’ decision-making
process was evaluated 146 times [3, 26, 28, 30-32, 70, 86, 87, 90, 105, 118, 132, 139, 141, 144, 146, 148, 163, 169,
170, 179, 180, 188, 190, 204] (v: 77, X: 69).

Correlations and mediating effects. Six articles investigate correlations or mediating effects for effectiveness. Chatti
et al. [33], Guesmi et al. [68], and Hernandez-Bocanegra and Ziegler [82] investigate mediating effects of effectiveness
with user characteristics (need for cognition, visualization familiarity, technical expertise, personal innovativeness,
propensity to trust others, and domain knowledge). While Chatti et al. [33] found an interaction between effectiveness
and participants’ personal innovativeness, no interactions were found for the other ones. Silva et al. [167] further found
an interaction with the participants’ familiarity with the items, Lee et al. [104] with the framing of the recommendation
source, Hernandez-Bocanegra and Ziegler [82] with trusting beliefs, and the perceived explanation quality. Takami et al.
[177] found an interaction of effectiveness with the participants’ engagement with the system. Hernandez-Bocanegra
et al. [80] found correlations between the participants’ perceived effectiveness and their decision-making style and

social awareness, while Silva et al. [167] found positive correlations with satisfaction and persuasiveness.
5.1.4 Satisfaction.

Notions and measures of satisfaction. Tintarev et al. [181] define satisfaction as “increase the ease of usability or enjoy-
ment.” Overall, satisfaction was evaluated in 214 instances, which we sorted into satisfaction with the recommendation

or system and satisfaction with the users’ decision.

Recommender Satisfaction The impact of explanations on the users’ satisfaction with the recommendation or system
was evaluated 208 times [7, 8, 18, 19, 21, 36, 40, 47, 49, 52, 53, 61, 80, 90, 94, 95, 100, 110, 114, 116, 120, 130, 131,
138, 148, 149, 153, 165, 179, 184-187, 189, 190, 197, 198, 210, 216, 221] (v'102, X: 106).

Decision Satisfaction The impact of explanations on the users’ satisfaction with their decision was evaluated in 6
instances [118, 140, 170] (X: 6).
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Correlations and mediating effects. Chatti et al. [33] and Guesmi et al. [68] analyzed potential interactions of their
participants’ satisfaction and did not find interactions with visualization familiarity, personal innovativeness, technical
expertise, the propensity to trust others, or domain knowledge. In addition to the interactions with user characteristics,
Dominguez et al. [53] found that participants’ satisfaction is mediated by the understandability of the system and
the time spent in the application. Regarding correlations, Tran et al. [185] found positive correlations between the
satisfaction level of participants and their perceived fairness and consensus within a group. Starke [168] found a positive
correlation between satisfaction with the system and the number of recommendations that a participant followed. Silva
et al. [167] found a correlation between satisfaction and the participants’ familiarity with the items, and Ahmad et al.

[7] found correlations of satisfaction with trust, transparency, and effectiveness.

5.2 Effects on the system perception

The effects of explanations can not only impact the user but also the system that the user is interacting with. We
identified two groups of explanation effects in this category: the impact of explanations on a system’s efficiency and

their impact on the application’s interface quality. In the following, we present the findings for these effects.
5.2.1 Efficiency.

Notions and measures of efficiency. Tintarev et al. [181] define efficiency as “help users make decisions faster”. Thus,
the explanation improves the speed with which a user reaches their goal. The efficiency measurements in our corpus
were generally not further specified. Out of the 126 instances [28, 32, 35, 36, 67, 68, 79, 80, 85, 97, 113, 114, 153, 163, 185,
193, 198, 204, 207, 210] evaluating efficiency (v': 66, X: 60), one instance evaluated the impact of explanations on the
perceived recommendation efficiency [80] (X: 1) and the perceived efficiency of the explanation was evaluated in four

instances [67, 68] (v': 2, X: 2). For better readability, we analyze all efficiency measurements as one category.

Correlations and mediating effects. Chatti et al. [33] and Guesmi et al. [68] both investigated possible mediating effects
between efficiency and user characteristics. Guesmi et al. [68] could not find any effects between efficiency and need for
cognition, personal innovativeness, propensity to trust others, domain knowledge, and technical expertise. While Chatti
et al. [33] confirmed these findings for the need for cognition, they did find an interaction effect between efficiency
and the technical expertise and personal innovativeness of their participants. Additionally, they investigated potential
interactions of efficiency with the participants’ visualization familiarity but did not find an effect. Hernandez-Bocanegra
et al. [80] analyzed possible correlations between efficiency and the participants’ decision-making style and social
awareness. While they found a correlation between efficiency and a rational decision-making style, they did not find an

effect on intuitive decision-making or social awareness.
5.2.2 Interface quality.

Notions and measures of interface quality. The impact of explanations on the (perceived) quality of the interface
entails three categories: the degree to which explanations enable a user to exert control over the recommendations,
the quality of the provided information, and the quality of the recommendations. We further identified a set of other
measures related to how explanations impact the interactions with the system and its usability. Overall, we identified

619 measurements, which makes this the largest category.
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Control The 67 measurements of (perceived) control [5, 10, 26, 32, 35, 37, 62, 67, 68, 90, 97, 102, 104, 107, 110, 116, 148,
188] (V': 23, X: 44) were often equated with the scrutability goal of Tintarev et al. [181] which is defined as “allow
users to tell the system it is wrong”.

Information Quality The impact of explanations on the perceived system information quality was measured 93 times
(V': 67, X: 26). The quality of the information was either measured as the overall information quality [26, 106, 139]
(v/: 15, X: 3) or further specified to novelty [112, 131, 133, 213] (v': 12, X: 14), sufficiency [5, 7, 32, 58, 61, 85, 116,
125, 138, 139, 148] (V: 18, X: 6), perceived credibility [72] (v': 2, X: 1), perceived information uncertainty [72] (v':
3) or perceived information usefulness [36, 80, 85, 103, 106, 107, 172, 221] (V: 20, X: 2).

Recommendation Quality The impact of explanations on the perceived recommendation quality was measured 306
times in total, out of which it was found in 115 instances. It was either evaluated as general recommendation
quality [10, 15, 19, 49, 100, 102, 104, 108, 168, 189] (v/: 7, x: 24), novelty [5, 36, 40, 49, 102, 107, 116, 125, 171, 207]
(v': 25, X: 19), perceived recommender performance or accuracy [5, 10, 18, 36, 40, 63, 66, 87, 91, 94, 101, 116, 138,
140, 141, 189, 190, 205, 209, 211] (v': 31, X: 26), recommendations diversity [10, 52, 102, 116, 154, 171, 189] (v: 4,
X: 27), perceived serendipity [4, 5, 213] (V: 7, X: 4), fairness [1, 9, 108, 166, 203] (v': 17, X: 50), the preference
for a specific recommender type [45, 109] (V: 8, X: 1), and the alignment of the users’ expectation with the
recommender system behavior [71, 91, 142, 148, 190] (V: 16, X: 39).

Other A total of 153 measurements were grouped into this category. The effects circle around the perceived system
complexity [31, 190] (v/: 8, x: 9), its ease of use [6, 10, 28, 32, 57, 116, 138, 149, 188, 190, 196, 210, 221] (v 11,
X: 12), the perceived effort to navigate the system [1, 6, 105, 118, 148, 169, 170, 188, 190, 198] (v'5, X: 23), and
how participants perceived their own performance [190] (v': 2, X: 3), system acceptance [138, 146] (v: 2, X:
3), perceived adequacy of the interactions [61, 116, 140] (V: 4, X: 7), negative perception of the system (i.e.,
irritation or perceived uselessness of system) [6, 10, 28, 94, 188, 190, 221] (v": 6, X: 10), perceived system usefulness
[10, 36, 106, 116, 149, 153, 196, 221] (V': 26, X: 12), a combined usability score Yang et al. [210] (v': 1), and perceived
user experience (not further specified) [5, 102, 158, 221] (V1 7, X: 3).

Correlations and mediating effects. Chatti et al. [33] and Guesmi et al. [68] investigated mediating and interaction
effects for interface quality aspects on user characteristics. They did not find interactions between the perceived
control over the recommender system and the need for cognition, visualization familiarity, domain knowledge, or
technical expertise, but found interactions with personal innovativeness and propensity to trust others. In terms of the
perceived quality of the system, Kunkel et al. [101] found that the perceived explanation quality mediates the perceived
recommendation quality. They also investigated mediating effects of social presence and the perceived recommendation
quality with the perceived system competence and the perceived recommendation quality with the perceived system
integrity, but did not find an effect. Liao et al. [109] looked into interactions between the perceived recommender
system quality and the bandwagon effect, but did not find an interaction effect. In contrast to this, Liao [108] found
an interaction between the perceived recommendation quality and the bandwagon perception, and additionally an
interaction with homophily. Gébel et al. [72] evaluated interactions between the perceived credibility of the information
and need for cognition, the familiarity of the items, and conscientiousness, but did not find an effect. They did, however,
find an interaction between credibility and information uncertainty. In terms of correlations, Feldman-Maggor et al.

[61] found positive correlations with trust and information quality and interface adequacy.
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5.3 Effects on user and system perception

Aside from effects that either impact the user or the system perception, the impact of explanations on the (perceived)
transparency affects both the user and the system perception. Additionally, we identified two categories of effects that
impact users and system perception: engagement and RS-specific effects. While the transparency measurements are
approximately equal in the number of times they were found or not found, the majority of the engagement measurements
found an effect, and the majority of the effects specific to the recommender scenario (RS-specific) were not found. Next,
we report the detailed results for these categories (bundling the discussion of engagement and RS-specific effects into

one sub-section).
5.3.1 Transparency.

Notions and measures of transparency. Tintarev et al. [181] define transparency in the context of recommender
systems explanations as “explain how the system works”, implying that explanations increase the user’s understanding
of how the recommender system works. Along with the impact of explanations on a user’s understanding of the system,
we also found measurements of the perceived transparency of the recommendations and the recommendation system or

process. We extracted a total of 351 findings from the articles in our corpus that fit into these transparency categories.

Transparency of Recommendations The perceived transparency of the recommendations was measured 25 times
[4, 9, 36, 80, 111, 131, 145, 148, 155, 172, 190, 218] (v/: 14, x: 11).

Transparency of the System The perceived transparency of the system or the recommendation process was evaluated
in 34 instances [6, 21, 23, 24, 79, 81, 97, 104, 116, 188] (vV'19, X: 15).

Understanding The most frequent effect is the (perceived) understanding of the users which was evaluated 292
measurements times [1, 5, 7-10, 12, 19, 20, 30, 35, 38, 46, 48, 49, 52, 53, 64, 67, 68, 71, 80, 85, 90, 93, 94, 102,
105, 107, 112, 114, 115, 122, 131, 133, 139, 150, 154, 155, 163, 164, 166, 172, 179, 182, 189, 190, 197, 198, 202, 204,
205, 208, 211] (v': 136, X: 156). With 260 evaluations, the majority of these measured the users’ perceived
understanding (v': 122, X: 138). Only 32 evaluations used a method to measure the objective understanding of a

user [12, 64, 154, 155, 172, 182, 202] (v/: 14, x: 18).

Correlations and interaction effects. We identified four findings in which transparency correlates with a different
variable and 82 findings in which transparency was either the interaction effect or it was found through an interaction
effect. Starke et al. [169] and Hernandez-Bocanegra et al. [80] both found that the perceived transparency of the users
correlates with their social awareness, and Ahmad et al. [7] found correlations between transparency and satisfaction.
The majority of the interaction effects that were evaluated involve user characteristics. No interaction effects were found
between transparency and need for cognition [33, 68], visualization familiarity [33, 82], technical expertise [33], trust
propensity [68], and decision-making style Chen et al. [38]. Guesmi et al. [68] found a significant interaction between
transparency and personal innovativeness, which contrasts the findings of Chatti et al. [33], where no such interaction
was found. Similar contrasts were identified for domain knowledge, where an interaction effect was found by Loepp
et al. [111] but not found by Guesmi et al. [68]. Interactions of transparency and purchase intention [109, 122] (v: 3,
X: 1), and trust [38, 71, 82, 109, 122, 220] (v': 16, X: 1) were also found in some instances but not in others. Interaction
effects were found between transparency and the perceived explanation quality [82, 205], perceived recommendation

quality [109, 111], persuasiveness [122], and trust in technology [111].

5.3.2  Other effects.
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Notions and measures of other effects. This category entails the impact of explanations on the engagement of the
users and the effects that are specific to a recommendation scenario. The effects specific to a recommendation scenario
are related to aspects that are only relevant in certain application areas, such as the rapport built with an agent in a
conversational recommender setting or the perceived fairness of the recommendations toward group members in a
group recommender system. Furthermore, we added the engagement measurements for which we did not have further
information about the effect that was evaluated (i.e., the time spent in the application can measure efficiency, but it can

also be an indicator of the persuasiveness, effectiveness, or complexity of explanations).

Engagement Engagement measurements occur 133 times in our corpus [1, 10, 18, 26, 37, 53, 57, 63, 81, 91, 95, 107, 119,
124, 125, 134, 158, 176, 188, 204, 207] (V': 92, X: 41).

Recommendation Specific We identified a total of 131 measurements by only five articles [2, 141, 148, 153, 185]
that are specific to the recommendation scenario. The majority is related to group recommendations, with 112
measurements [141, 153, 185] (v': 51, X: 61). For conversational recommendations, we identified a total of 19
measurements [2, 141, 148] (v': 2, X: 17).

Information Retention Measures on the impact of explanations on the participants’ information retention occurred
six times [72] (v': 4, X: 2).

Mediated effects and correlations. Barria-Pineda et al. [18] looked into mediating and interaction effects involving

this category and found an interaction effect between the explanation format and engagement with the explanation.

5.4 Measurement of effects

As we can see from the majority of the findings of the effects listed in this section, it is not possible to make general
statements about the effect of explanations in recommender systems without providing additional context. Understand-
ing how the effects were measured adds such a contextual dimension to the results of the evaluation, which helps
interpret their impact. We refrain from an in-depth analysis of the evaluation methodology to keep the focus of this
paper on the explanations. Instead, we point at Rong et al. [160] for a comprehensive survey of user evaluation in XAI
evaluation and Wardatzky et al. [200] for recommendations to improve current evaluation practices. However, we
highlight some observations that differ from their findings or have not been investigated in their study.

We found two general approaches to how the effects of explanations were measured: (1) through objective measures
such as clicks on recommendations or the quality of a participant’s decision, and (2) through the participant’s self-
assessed, subjective assessment of the explanation. In total, our corpus spans 2 176 findings that measure the self-reported
perception of the users and only 523 objective measurements.

The second point to take into consideration when interpreting the results of the user studies is that out of the 123
user studies that provided information on this aspect, 107 studies are short-term evaluations where the participants
interact with the system for the first time. The 16 long-term studies ranged from a duration between 1 and 6 weeks to

an entire teaching term and were often conducted as A/B tests.

5.5 Section summary

This section presents the effects measured when evaluating recommender systems’ explanations. We developed a
taxonomy of the effects and grouped them into three categories: effects on the user, effects on the system perception,
and effects on the user and system perception. We further analyzed how often the effects were found or not found.
Overall, we cannot derive general statements about the effects of explanations in recommender systems without further
Manuscript submitted to ACM
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Table 6. Overview of the number of times an effect was measured for each modality in cases where an explanation was compared to
a system without an explanation and the articles that evaluated the combination. v/denotes that an effect was found, X denotes that
the effect was not found. We colored the cells that show effects that were evaluated by at least two articles and where the effect was
always found ( blue ) or not found ( red ). Yellow cells denote explanations that were evaluated at least 20 times on an effect with
a small difference between the number of found and not found effects.

. - Persua- Effective- Satis- Effi- Interface Trans-
Displ. Interactivity Result Trust # . # # X # # X # # Other #
siveness ness faction ciency Quality parency
) ) [116] 1 [3] 2 [52, 66, 116] 4 [52116) 4
interactive N
] [52, 116] 7 [156, 157] 3 [18,52,116,186] 7 [52, 116] 8
=
2
= v [5,31,122,145) 18 [122,221] 3 [31, 146] 3 [221) 1 [5, 31, 221) 18 [5, 122, 145] 9
static X [31, 145, 146, 8 [145,221] 2 [31,146] 3 [5, 31, 146, 203, 14
221] 221]
v [104, 158, 172, 6 [17] 2 [105, 148, 6 [19, 148, 165, 9 [198] 1 [6,104,148,158, 17 [6, 12, 104, 105, 17 [158] 1
. . 190] 190] 190] 172, 190] 148,172,190, 198]
interactive
X [104, 148, 158, 13 [148] 2 [148] 1 [18,100,148,165, 9 [19, 100, 104, 25 [12,19,148,205] 6 [148] 6
'Tg 172, 205] 186, 198] 105, 148, 190,
g 198]
3z
v [30, 38, 72, 122, 21 [2, 40, 72, 23 [30, 70, 90, 36 [40, 53, 90, 130, 12 [153, 8  [9,40,72,90,97, 25 [30,53,64,90,97, 18 [53, 72, 16
149, 153, 198] 97, 122, 153, 130, 132, 144, 149, 153, 197, 198] 118, 149, 153] 122,197, 198] 153]
static 175, 198] 197] 198]
X [22, 48, 53, 72, 25 [122, 145 4 [70,87,90,97, 32 [22,118,197] 4 [9, 72, 87, 118, 19 [9, 48, 64, 145, 10 [72,119] 3
122, 130, 145] 149, 175] 118,132, 144] 198, 213] 202]
v [1,57,189] 5 [1,57,139] 3 [52,111,139,189] 4 [1,57,124] 3
interactive X [52] 2 [139, 189] 2 [18,52] 2 [1,52,107,139, 7 [1,111] 3 (1] 2
ES 189]
4
> v [26, 31, 48, 125, 12 [153] 1 [26,31,87] 5 [53,153] 2 [153] 1 [26,31,125,153, 9  [48,53,211] 3 [26 53 5
static 153, 211] 211] 125, 153]
X [31, 48, 53] 7 [31,87] 3 [120] 4 [31, 87, 125] 6 [202] 2

context, as most effects were found in certain conditions and not found in others. We have a closer look at one of these
context factors, the explanation itself, in Section 6, but we also recommend looking into the impact of the evaluation
methodology on the reported results in future work. Finally, we briefly addressed the main issues that we found with the
applied evaluation approaches in our corpus, namely a lack of objective measurements of the effects and the dominance

of one-off short-term evaluations.

6 Effects of Explanation Characteristics

In this section, we present the results from analyzing the explanation effects from Section 5 in combination with the
explanation characteristics presented in Section 4. The results are based on the findings in which a recommender
system with an explanation was compared to a system without an explanation or an explanation was compared to
another explanation. To trace down the effects of the explanation characteristics, we only consider findings in which one
individual explanation was evaluated and disregard findings in which explanations with multiple characteristics were
grouped together. Given the distribution of the data, we focus our analysis on the textual, visual, and hybrid display in
the analysis of the effects of modalities, as with 5 tabular and 25 audio explanations, the number of explanations is too
low to identify significant effects.

In the following, we will highlight the results that indicate an impact of the explanation characteristics on the effects

and the findings where future work should have a closer look at the differences between the evaluated explanations.

6.1 Explanation compared to no explanation

We first investigate explanation modalities and information types that are likely to evoke an effect when a recommender

system with an explanation is compared to a system without explanation. We extracted 586 results for this analysis.
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6.1.1  Explanation modalities. We first look at how the measured effects differ for the explanation modalities. Table 6
summarizes the results. Overall, when distributing the findings across their modalities and effects, the number of
findings for each modality-effect combination is too low to draw general conclusions. We can see, however, some
indications for possible impacts of the modalities on the measured effects and identify gaps for future work. Interactive
visual and hybrid explanations do not seem to have an effect on user satisfaction. In both cases, the effect was evaluated
by multiple articles, but was never found. The same applies to visual interactive explanations and effectiveness. Both
interactive and static hybrid explanations seem to have a positive impact on transparency, as all evaluations found
an effect so far. There is also an indication that static text-based explanations have a positive effect on efficiency and
static visual explanations on the effects grouped into the other category. As seen in Table 6, the impact of interactive
explanations on persuasiveness and the general impact of explanation characteristics on efficiency have not been
investigated much when comparing systems with and without an explanation. Our corpus contains two articles (with
two evaluations each) that evaluated interactive text explanations on persuasiveness; one found an effect, and the other
did not. Efficiency was only evaluated by two articles overall, Quijano-Sanchez et al. [153] with seven explanations
overall, and Wang et al. [198] with three explanations. An effect was always found for all evaluated explanations.
No indications can be found for the impact of any explanation modality on the trust and interface quality effects.
The difference between the number of found and not-found effects of trust and interface quality for static text-based
explanations, and on the interface quality for static hybrid explanations, is quite small. This could be a good starting
point to explore the detailed differences between the explanations for which the effect was found and the explanations

for which it was not found.

6.1.2  Explanation content. Regarding explanation type and focus, our corpus contains too few non-local explanations
that do not focus on the output of the recommender to assess their ability to evoke an effect. For local explanations
focusing on the output, the only indication we can find is a positive effect on efficiency with ten measurements from two
articles [153, 198] that all found an effect. The remaining effects were both found and not found in similar proportions.

The results indicate that the information type of an explanation might impact the measured effect when being
compared to a system without explanation. There seems to be a positive impact of multiple information types (decisive
features, knowledge about the community, and inference trace) on transparency. Explanations containing knowledge
about peers or decisive input values seem to positively impact satisfaction. Background data and feature-based domi-
nation might also impact satisfaction, but only one article evaluated this. Explanations with the suitability estimate
information type always had an impact on the evaluated effect, but only two articles used this information type in their
explanations. Table 7 reveals further gaps that can be filled by future research. Efficiency and persuasiveness were not
evaluated very frequently in a setting where an explanation is compared to a system without explanations in general,
but specifically for explanations that contain information types in the items and their features and user preferences and
input categories; the results are very sparse. The difference between the number of times effects of interface quality
were found and not found when decisive features, inference and domain knowledge, or background data explanations
were evaluated is small. The same applies to effectiveness and explanations containing background data, feature-based
domination, or preference match and trust and decisive features information types. We recommend starting to investigate
the detailed differences between these explanations to gain further insights. Further starting points for future research
that are indicated by our findings can be the impact of explanations belonging to: (1) feature-based domination type on
satisfaction, (2) knowledge about similar items on persuasiveness, (3) inference trace on transparency and trust, and
(4) background data on satisfaction.
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Table 7. Overview of how many times an effect was measured for each information type when an explanation was compared to a
system without explanations. v/ denotes an effect was found, X denotes an effect was not found. For readability, we omit the results for
effects and information types that were only evaluated by one article. We highlight the combinations of information type and effect
that were evaluated by at least two papers and always found ( blue ) or not found ( red ) an effect. Yellow cells denote explanations
that were evaluated at least 20 times on an effect with a small difference between the number of found and not found results.

Py 3 Effi-
Information Type Result  Trust # U4 Effectiveness  # Satisfaction  # Interface Qual.  # # Transparency # Other #
siveness clency
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6.2 Explanation compared to a baseline explanation

Here, we present the results from analyzing the findings when one explanation is compared to another explanation
as a baseline. In 1583 findings, this baseline was generated by the research team to compare it with the evaluated

explanations. External baselines from already published work were only used in 199 cases.

6.2.1 Explanation modalities. In terms of modalities (Table 8), we found an indication that static visual explanations
could increase persuasiveness, interactive visual explanations could impact trust, and interactive text explanations
could impact efficiency. All these combinations were evaluated by multiple articles, and an effect was always found.
Interactive text-based explanations and persuasiveness are the only combination of modality and effect in our corpus,
where an effect was never found despite being evaluated by multiple articles. A starting point for future research could
be further investigating the impact of interactive visual explanations on satisfaction, which was evaluated only once in
our corpus, and an effect was found. Table 8 additionally shows that no article in our corpus has evaluated the impact
of visual interactive explanations on efficiency and hybrid static explanations on persuasiveness and satisfaction, which
could be a focus for future work. The results of static textual explanations on trust and efficiency, and static visual
explanations on effectiveness, interface quality, and transparency are close regarding how often an effect was found or

not. This opens opportunities to examine the more detailed differences between the evaluated explanations.
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Table 8. Overview of how many times an effect was measured for each modality when an explanation was compared to a baseline
explanation. v/ denotes an effect was found, x denotes an effect was not found. We highlight the combinations of information type and
effect that were evaluated by at least two papers and always found ( blue ) or not found ( red ). Yellow cells denote explanations
that were evaluated at least 20 times on an effect with a small difference between the number of found and not found effects.

Displ.Interact. ~ Result Trust # Persuasiveness # Effectiveness # Satisfaction # Efficiency # Interface Qual. # Transparency # Other  #
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6.2.2 Explanation content. We cannot derive any observation regarding the effects of local output explanations, as
effects were found and not found in similar proportions. The biggest difference between the number of evaluations in
which an effect was found vs. not found is for effectiveness, which was found 130 times out of 211 instances. For pairwise
explanations that focus on the output, we found an indication that they have a positive impact on the explanation’s
persuasiveness. Three articles [20, 21, 150] evaluated it in ten conditions and always found an effect.

As shown in Table 9, the impact of feature-based domination and inference and domain knowledge on persuasiveness
was evaluated by multiple articles and always found an effect. The same goes for decisive features and efficiency,
and decisive input values and satisfaction. The evaluations of the impact of decisive features on satisfaction and
feature importance analysis on trust and effectiveness were both evaluated by multiple papers, and no effects were
found. Potential starting points to verify the impact of information types on explanation effects are the (1) impact of
decision-method side-outcomes on any effect, (2) impact of decision inference process explanations on effects grouped
in the other category, (3) combinations of information type and effect that were only evaluated by one article and an
effect was found, and (4) detailed differences of explanations in combinations where there is only a small difference
between the number of times an effect was found and not found (yellow cells in Table 9), as well as (5) all information

type-effect combinations that have not been evaluated at all, such as the impact of inference trace on satisfaction.

6.2.3 Baselines and information type combinations. The final analysis we conducted is an exploration of how the
baseline that the evaluated explanation is compared to impacts the results. Given the dominance of static textual
explanations focusing on explaining one recommendation to a user, most of the measured effects (1309 out of 1555) are
from comparisons between the same explanation modalities and types. The remaining comparisons of explanations
with different modalities are sparsely distributed across the effects, so we could not derive any indications for a possible
impact on the effect. We, therefore, focus the analysis on the information type categories of the explanations. Up
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Table 9. Overview of often an effect was measured for each information type in cases where an explanation was compared to a
baseline explanation. v'denotes an effect was found, X denotes an effect was not found. We highlight the combinations of information
type and effect that were evaluated by at least two papers and always found ( blue ) or not found ( red ). Yellow cells denote
explanations that were evaluated at least 20 times on an effect, and the difference between found and not-found effects is small.

Information Type Result Trust # Persuasiven. # Effectiveness # Satisfaction # Efficiency # Interface Qual. # Transparency # Other #
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until now, we have looked at each information type individually. For this analysis, we additionally aim to find out if a
combination of multiple information types in one explanation impacts the measured effects.

As seen in Table 10, the number of findings for each effect is low, and we can only derive potential indications for the
impact of information types on the effects. First, we look at the comparisons of explanations where both the evaluated
and the baseline explanations belong to only one information type category. Explanations containing information on
items and their features were compared to three such baselines. Bellini et al. [20] found that explanations containing
information about items and their features are more likely to improve transparency and trust than explanations containing
background and complementary information. For the same information types, Bellini et al. [20] found that explanations
of items and their features were better in increasing trust. Kouki et al. [99] found that compared to an explanation
containing information on the decision inference process, the evaluated explanation is worse for persuasiveness. For
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Table 10. Explanation effects of comparing different information types when taking the combination of the evaluated with another
information type into consideration. The combination of information types is denoted by +, T denotes the evaluated information
type was better than the baseline, | that the baseline was better, and = that no significant differences between them were found.
We omit effects and explanation type combinations without an indication of a potential impact. The full table can be found in the
supplementary material. Blue cells indicate that one information type was exclusively found to be better in evoking an effect than
the other by at least two articles.

Evah{ated Base.lme Result  Trust M l?ersuaf M .E\‘fecf 4 Sat.lS* M ?fﬁf M Interféce M Trans- 4 Other M
Information Type Information Type siveness tiveness faction ciency Quality parency
T [99] 1 [203] 1
Decision inference process = [99] 2 [28, 203] 10
l [99] 4 [28] 2 [28] 1 [28) 1
T [207] 2 [207] 4 [207] 2
Background & User preferences & input = [141, 148] 4 [141, 148, 9 [141] 1 [187] 2 [207] 2 [141,148] 4 [148] 1 FHI, 148, 8
complementary 161,167,191] 207]
information l [20] 3 [20,191] 6 [20,148] 7 [148,187) 2 [207] 1 [148,207] 4 [20] 3 [148,207] 3
) = [38] 1 [180] 2 [61] 1 [61] 1
+ Items & their features L [150] 3 161] 1
T [153] 1 [153] 1 [153] 1 [153] 1 [153] 2
+ User preferences & input = [141,153] 5 [141,153] 6 [141] 1 [153] 2 [141,153] 3 [141,153] 8
l [153] 3 [153) 3 [138,153] 3 [153] 3 [80,138,153] 7 [153] 2
T [33] 1 [162] 1
User preferences & input = [108] 1 [162] 1 [108] 3 [46] 1
1 [33, 46] 3 [162] 1 [46] 1 [186] 1
Decision
! e = [170] 1 [154, 170] 2 [154] 7
inference process  + Items & their features f {70) 1
T [52] 2 [52] 1 [52] 1
+ User preferences & input = [52] 1
1 [46] 1 [46] 1 [46] 1
T [20] 6 [20] 5 [20,74] 10 [20] 6
Background & compl. info = [20] 1 [169,180] 5 [169] 2
1 [99] 1 [20,180] 6
Decision inference process b (U 2 . B ! (31, 154] 3 s o
5 [99] 2
T [48] 3 [10] 7 [48] 1 [10] 8
Ltems User preferences & input = ;1]1: jt:qilx 19 [20] 7 [20] 12 [10] 17 [10,20] 16 [10] 6
& their features 1 o 9 [20] 11 [20] 24 (10] 2 (0,200 5 [10] 7
T [180] 1
+ Background & compl. info = [150] 2
l [164] 1 [150, 164] 2 [150] 2 [150,164] 3
L - [154] 1 [154] 7
+ Decision inference process i [128] 1 [2s] 1
T [167] 1 [167] 1
+ User preferences & input = [205] 2
l [93] 1 [93] 1
. = [205] 2
+ Items & their features . 1] 2 1] 1 1] 1

explanations containing background and complementary information, Bogina et al. [28] found that they are worse for
efficiency and effectiveness than explanations with decision inference information. Tran et al. [186] also found that
decision inference process information is worse for satisfaction when compared to user preferences and input information.

The second aspect we take a look at is whether extending the information type of the evaluated explanation with
a different information type (i.e., a comparison between a decision inference process explanation and a baseline with
decision inference process and user preferences & input information) has an impact on the effects. Penha et al. [150]
and Shin et al. [164] found that adding background and complementary information to an explanation that contains
information on items and their features increases persuasiveness compared to an explanation containing only items and
their features. Shin et al. [164] also found it increases trust. When adding decision inference process information instead,
Mishra et al. [128] found that it might increase effectiveness and trust. There are indications that adding user preferences
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and input information to background and complementary information increases satisfaction. Adding information on
items and their features to user preferences and their input might improve effectiveness. For this combination, Bellini et al.
[21] also found additional positive effects for persuasiveness and transparency. We also found a few instances in which
adding more information types does not have a beneficial effect on explanation effects. Adding user preference and input
information to decision inference process information negatively impacts satisfaction [52], and adding background and
complementary information to items and their features decreases effectiveness [167].

Despite these indications, the majority of explanation pairs that were evaluated by multiple articles were better at

evoking an effect in some instances and worse in others.

6.3 Section summary

In this section, we analyzed the impact of explanation characteristics on the measured effects. We separated the analysis
between explanations that were evaluated against a system without explanation and explanations that were compared
to a baseline explanation. While our data sample was too small to show significant results, we were still able to provide
starting points for further research, particularly for the information type of the explanations. Most of the baseline
explanations are of the same modality and content category as the evaluated explanations, making it challenging to

identify the differences that might impact the measured effect. We discuss these results in Section 7.

7 Discussion and Limitations

After extensively describing our results, we discuss their implications and answer the research questions.

7.1 Explanation characteristics

First, we answer RQ 1: What kind of explanations are commonly evaluated in recommender systems regarding content
and modalities? To do so, in Section 4, we described the characteristics of the explanations typically evaluated for
recommender systems in terms of modality and content. With respect to modality, we found a clear majority of static,
textual explanations. While there have been individual comparisons between text-based explanations and explanations
of other modalities (e.g., text compared to audio [216] or text compared to visual explanations [50]), to the best of
our knowledge, there has not been a systematic evaluation on which modality works better in which context (i.e.,
application domain, explanation goal, target user group, interface design). We can, therefore, only hypothesize about
the reasons for this dominance. Visual explanations are a powerful tool to communicating complex information [34].
Most explanation approaches in our corpus focus on explaining a single recommendation through user history, similar
users, relevant features, etc. This information is easy to convey in a short textual statement. Other reasons could be the
increased popularity of generative Al for generating text in recent years and the newly opened research avenues in the
area of XAI (see Kim et al. [93], Lubos et al. [114], or Ashaduzzaman et al. [12] for examples from our corpus).

The content mainly focuses on explaining the output of the recommender system and is usually a local explanation
that explains one recommendation. Hence, we know very little about the effect of non-local explanations or explanations
that explain different aspects of the recommendation process.

The information types of explanations are more distributed across the categories. Preference match explanations are
the most popular information type, followed by decisive features and knowledge about the community. The distribution
of explanations across all information type categories indicates that the focus of evaluation in the articles of our corpus
is on experimenting with different content types and not so much with different modalities. This is further backed up by
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the fact that only 17% of the evaluated combinations of explanations compared different modalities, in contrast to 38%
that compared different information type categories.

As a consequence, we suggest future research to investigate the effects of non-local explanation types and
explanations that focus on aspects of the recommender system other than the output. Miller [127] recently
summarized some issues with current XAI approaches and called for a paradigm shift in the community to move
towards hypothesis-driven decision support based on the cognitive decision-making process of humans. He proposes
a conceptual framework that keeps the decision maker in control over which option to explore while the machine
provides feedback on the selected option without justifying why the machine is correct. It would be interesting to see if
and how this framework could be applied to current recommendation settings and if such an approach that requires the

users to engage with their decision-making process cognitively would be accepted by users.

7.2 Explanation effects

Our second research question centers around the effects that were measured in the explanation evaluation. We identified
23 notions of eight effects that we sorted into three categories, depending on whether they impact the user directly, the
system perception, or both. Most of the effects in our categorization impact the user. Still, most of the findings in our
corpus are about the impact of explanations on the (perceived) quality of the interface and, thus, on the perception of
the system. When looking at the measured results, all effects with a considerable number of measurements were both
found and not found, which confirms that context matters when interpreting the reported results and that there is no
one-size-fits-all explanation.

One major aspect to consider when interpreting the measured effects in Section 6 is the method with which the
explanations were evaluated. Except for engagement and efficiency metrics, the majority of the measured effects reflect
user perception. For effects that inherently measure user perception, such as satisfaction, this is to be expected. Still,
for effects such as effectiveness or transparency, we expected to see a more balanced distribution, if not a slight
majority, of the number of objective measurements compared to the self-reported perceived measurements. Research
further indicates that a user’s perceived understanding of a system or model does not necessarily match the actual
comprehension [42, 75], which is why it is important to make a distinction between objective vs. perceived effects.

We generally noticed that the questions or tasks with which the effects were measured frequently varied. The same
concept can be evaluated with different questions. To provide an intuition for this issue, for example, Zhang et al. [216]
asked their participants to rate to what extent the explanation helps them to understand why the item is recommended,
Chatti et al. [33] asked about the perceived understanding of what the recommendations are based on, and Afridi [4]
asked to rate the extent to which the explanations convey transparency of the recommendations. This raises the issue of
whether the community should start developing and adopting validated survey instruments. We provide the extracted
questions in the supplemental material, but a detailed analysis of this aspect was out of the scope of this survey. It is,
nonetheless, an important aspect to keep in mind when interpreting the presented results.

We further identified that most findings are based on participants’ first impressions, as the number of studies in
which participants interact with the systems repeatedly, over a longer period, is low. Literature suggests that some
effects, such as trust, evolve and change over time [83, 183]. Due to the lack of long-term evaluation, it is mostly unknown
if and how the effects of explanations evolve for long-term users of recommender systems.

Lastly, we noticed only very few evaluations of the potential negative effects of adding explanations to recommender

systems, such as an overreliance of the user on the recommendations or information overload created through the

Manuscript submitted to ACM



The Impact of Explanation Characteristics on the Effects of Recommender Systems Explanations 27

explanations. Including potential weaknesses of explanations in the evaluation procedure could contribute to a better
understanding of the capabilities of explanations in recommender systems.
As a consequence, it seems as if the field could greatly profit from contextualized studies that investigate the

positive and negative effects over longer periods of time using well-defined measurement instruments.®

7.3 Impact of explanation characteristics on measured effects

The third research question explores how the explanation characteristics from Section 4 influence the effects described
in Section 6. While we cannot answer this question conclusively, as there are only a few measurements for each
characteristic-effect combination, our findings indicate that the impact of explanations’ characteristics might depend
on the baseline used in the comparison. We found different indications for characteristics that impact the effects when
the explanation was compared against a system without an explanation and to a baseline explanation. Interactive and
static hybrid explanations, e.g., might positively influence transparency compared to a recommender system without
explanations. When the baseline is another explanation, we did not find such an indication for transparency. Instead,
static visual explanations might positively impact persuasiveness. The results also indicate that the characteristics of
the baseline play a role in what results are found. We could not draw any general conclusions such as “adding a second
information type to the explanation leads to an improvement” from our results. We found, for example, indications
that adding another information type to a decision inference process explanation can lead to a worse result on the
evaluated effects compared to the simple explanation. When adding another information type to an item and its features
explanation, results indicate that it could improve trust and persuasiveness.

Overall, in the results presented in Section 6, the majority of combinations of explanation characteristics and effects
were found by some articles and not found by others. Sometimes, the same article found an effect in some instances,
and in others, no effect was found. The differences across articles could be caused by discrepancies in how the effect
was measured (see Section 5.4). The differences within the same article indicate that factors other than the explanation
can impact the measured effects. Investigating what these factors are and the extent to which they influence the results
would greatly improve the understanding that we currently have of the explanations’ effects on users. This clearly
indicates that the field could greatly profit from the standardization of experimental procedures to be able to
compare and combine the results of the various user studies.

In this survey, we only analyzed comparisons of two explanations when they are compared to a baseline explanation
that has a different modality or information type. A significant part of our corpus compares two explanations with the
same modality or information type. 83% of all modality comparisons and 62% of the information type comparisons are
between explanations with the same characteristic. Investigating the detailed differences of these pairs is left for future
work. Consequently, the field lacks a systematic understanding of the tradeoffs between the various explanation
types — a crucial endeavor requiring further study.

Another aspect that should be investigated in future work is the role of large language models (LLMs) in explanation
generation. In our corpus, nine papers used LLMs [7, 12, 77, 93, 105, 144, 167, 173, 198] to generate explanations, all
of which were textual. Using LLMs to generate explanations comes with challenges, though, that require thorough
evaluation and further research. Most importantly, LLMs tend to hallucinate information that users might not be able

to identify as false or not supported [201].

8Cf. [96, 152] for proposals to define standardized user-centric instruments in the recommender systems domain.
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7.4 Limitations

One of the main limitations of this work is that we are bound to what has been reported in the papers of our corpus. It
is more likely that statistically significant results are reported than results where the evaluated effect was not found,
which might impact the results shown in Section 6. However, our work highlights what is known in the research
community, so we think the reporting bias did not significantly influence our contribution.

When creating the corpus for a survey, a selection bias might limit the scope of the papers. We mitigated this by
querying library databases covering multiple disciplines and not selecting papers based on venue or number of citations.
While we only analyzed the papers published between 2017 and July 2025, this period showed the largest increase in
explainability research [194], demonstrating that the sample of papers we analyzed covers a significant time period.

Other limitations derive from decisions on what data to focus on for our analysis. We decided to evaluate the
explanation modalities separately from the content, as combining the modalities and content variables for each
explanation increases the sparsity of the results, leaving it unable to draw conclusions. As this survey aims to investigate
which explanation characteristics are likely to evoke a certain effect, we believe that these factors did not impact our

reported results and left a thorough exploration of the combination of modalities and content for future work.

8 Conclusions and Future Work

In this literature survey, we analyzed 180 articles in which recommender system explanations were evaluated in a
user study and extracted information about the explanations and the effects that were measured in the evaluation. We
first described the characteristics of the 665 explanations in terms of modality and content. Out of the five modalities,
55% of all explanations are text-based, and 77% are static. This signifies a lack of knowledge about non-text-based and
interactive explanations. Content-wise, the majority of explanations explain one individual recommendation (80%) and
44% of the explanations either contain information about how the recommendation matches a user’s preference, the
item features relevant to the recommendation, knowledge about the community, or knowledge about a user’s peers. We
then presented a taxonomy of the effects that were measured in the evaluations, which resulted in eight effect categories
that we grouped depending on whether they impact the user, their perception of the system, or both. When analyzing
how often each effect was found in the evaluations and how often it was evaluated but not found, we concluded that it
is not possible to make general statements about the effects of explanations in recommender systems without further
context. We investigated the explanation characteristics as context variables for the explanation effects with the goal of
seeing how their modalities and content impact the measured effects. While we could not identify significant impacts
of explanation characteristics due to data sparsity, we identified promising gaps for future research.

The main gaps that we identified in our survey that future work should focus on are: (1) standardized methods
to measure the explanation effects, (2) effects of explanations that are not local and focus on other aspects of the
recommender system than the output, and only when the first two points have progressed, (3) further investigate the
differences of explanations for which an effect was found and the explanations for which the same effect was not found,
and (4) generally adopting standardized procedures as much as possible. Addressing these four challenges will greatly
improve the research community’s understanding of the role that the explanation design plays when measuring the

effects of explanations in recommender systems.
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