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A B S T R A C T

Algorithms increasingly inform consequential decisions, yet their workings are often opaque. Interactive 
explanation interfaces are often assumed to enhance comprehension, but prior comparisons to static baselines 
frequently confound user agency with unequal informational content. We test whether greater agency over 
explanation-generation parameters improves understanding when informational parity is ensured. In a between- 
subjects laboratory study (N = 64), non-experts worked with counterfactual explanations of a binary classifier 
using one of three interface configurations: a fixed condition with no parameter control, a system-randomized 
condition in which parameter settings varied automatically across generations, or a user-controlled condition 
in which participants adjusted feature weights and exclusions. All conditions provided equivalent informational 
content and allowed repeated re-generation of counterfactual sets; only the locus of control over generation 
parameters differed. Behavioral logs captured exploratory breadth, in-depth exploration, exclusion rate, and 
interaction time per data point. Outcome measures included objective understanding, self-reported under
standing and confidence, explanation satisfaction, and cognitive workload. Parameter control increased 
exploratory breadth relative to the fixed condition. The system-randomized condition yielded the greatest in- 
depth exploration and the longest interaction time per data point, whereas the user-controlled condition pro
duced higher exclusion rates. Despite these behavioral differences, objective understanding and explanation 
satisfaction did not differ between conditions; self-reported understanding was highest in the fixed condition. 
Mental demand and frustration were highest in the user-controlled condition. Overall, varying the locus of 
control over generation parameters primarily changed how and how much participants explored counterfactual 
explanations without improving objective understanding or satisfaction under informational parity, while 
increasing subjective workload when control was user-driven.

1. Introduction

AI-based and algorithmic systems increasingly support human 
decision-making across a wide range of domains (for an overview, see 
Islam et al., 2022; Ullah et al., 2025). This growing prevalence has led to 
calls from research, industry, and policymakers that users have a right to 
transparency and accountability in decisions made with or by auto
mated algorithmic systems. Article 22 of the European Union General 
Data Protection Regulation (GDPR) mandates that data subjects receive 

meaningful information about the logic involved in automated 
decision-making systems (EU, 2016). The field of explainable artificial 
intelligence (XAI) aims to render opaque AI behavior more transparent 
through various algorithmic methods (for an overview, see Dwivedi 
et al., 2023). Miller et al. (2017) caution that “the inmates are running 
the asylum,” highlighting that XAI approaches are often developed by 
data science experts for other data science experts, lacking the syner
getic integration of cognitive and social sciences necessary to enhance 
intelligibility for non-expert users.

* Corresponding author. Institute of Human and Industrial Engineering (ifab), Department of Mechanical Engineering, Karlsruhe Institute of Technology, Engler- 
Bunte-Ring 4, 76131, Karlsruhe, Germany.

E-mail address: lena.koelmel@kit.edu (L. Kölmel). 

Contents lists available at ScienceDirect

Computers in Human Behavior Reports

journal homepage: www.sciencedirect.com/journal/computers-in-human-behavior-reports

https://doi.org/10.1016/j.chbr.2026.101050
Received 25 November 2025; Received in revised form 26 March 2026; Accepted 28 March 2026  

Computers in Human Behavior Reports 22 (2026) 101050 

Available online 1 April 2026 
2451-9588/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0009-0003-0530-2307
https://orcid.org/0009-0003-0530-2307
mailto:lena.koelmel@kit.edu
www.sciencedirect.com/science/journal/24519588
https://www.sciencedirect.com/journal/computers-in-human-behavior-reports
https://doi.org/10.1016/j.chbr.2026.101050
https://doi.org/10.1016/j.chbr.2026.101050
http://creativecommons.org/licenses/by/4.0/


Recent research on human-centered explanations has advocated for 
the design of interactive AI explanations to overcome the intelligibility 
limitations of XAI methods and to enhance, in particular, end-user 
acceptance of AI-based systems (Arya et al., 2019; Langer et al., 2021; 
Raees et al., 2024). Interactive explanations enable AI behavior and 
decisions to be communicated in ways that resemble social, 
dialogue-based explanatory processes between humans, wherein an 
explainer provides targeted information to an explainee, accompanied 
by opportunities to ask clarifying follow-up questions (Miller et al., 
2017; Weld & Bansal, 2019). Prior work suggests that humans expect 
and prefer explanations of complex systems to be delivered in this 
manner (Yi et al., 2007).

Empirical studies report mixed effects of interactive explanations on 
different aspects of human-AI-interaction like for example, perceived 
usefulness, team performance, and understanding, or cognitive load and 
overreliance (Bertrand et al., 2023). Most prior work either evaluates a 
single interactive interface without a control condition (Cheng et al., 
2022; Das Antar et al., 2024; Hernandez-Bocanegra & Ziegler, 2021) or 
compares a static interface to an interactive one (Bove et al., 2022; Liu 
et al., 2021). However, in many of these studies, an informational 
inequality exists between the static and interactive conditions: through 
interactive manipulation of explanations, users may acquire more 
knowledge about the algorithm, decision rules, and underlying machine 
learning model. Consequently, the reported positive effects on objective 
understanding and mental model formation may partly result from the 
additional information available in the interactive condition. To our 
knowledge, no empirical study has systematically compared different 
modes of interactivity while simultaneously controlling for informa
tional equality between conditions. This study addresses that gap by 
comparing different interface configurations under informational 
equality, while making a critical distinction between two interaction 
mechanisms. Building on Bertrand et al.’s (2023) taxonomy, we 
conceptualize interactivity primarily as agency over “mutate” actions, i. 
e., reconfiguring counterfactual generation parameters through feature 
weighting and/or feature exclusion, whereas iterative exploration via 
repeated re-generation of counterfactual sets is treated as a shared 
exploration affordance. Accordingly, iterative re-generation was avail
able in all conditions to ensure informational equality; conditions 
differed only in who controlled the mutate actions: parameters were 
held constant in a fixed condition, a system-randomized condition, and a 
user-controlled condition.

We focus on counterfactual explanations as the XAI method under 
investigation. This method explains the prediction of a black-box ma
chine learning model by providing a counterfactual example, defined as 
the minimal changes that must be applied to a single data instance to 
obtain a different (often more favorable) prediction. Counterfactuals 
follow a what-if logic, illustrating why the model did not produce a 
certain prediction (Guidotti, 2024). Much like a teacher justifying a 
mid-level grade by specifying what would have been required for a 
higher grade, this contrastive reasoning is intuitively understandable, 
offers explanatory value, and provides a causal dimension that distin
guishes counterfactuals from other XAI methods (Adadi & Berrada, 
2018; Warren et al., 2022). Counterfactuals are therefore particularly 
suitable for examining the effect of interactive explanations on the for
mation of adequate mental models and explanation satisfaction in 
non-expert users. We focus on non-expert users because prior research 
shows that they generally struggle most with understanding how 
AI-based systems work and how model input defines model output 
(Cheng et al., 2019; Tullio et al., 2007).

This paper makes three primary contributions to the literature on 
human–AI interaction and XAI. First, we provide, to our knowledge, the 
first empirical comparison of explanation interfaces that vary in inter
activity as user agency over “mutate” actions (feature weighting and 
exclusion), while holding iterative exploration via repeated re- 
generation constant across conditions. This extends prior work by clar
ifying whether increased interactivity and user control over generation 

parameters are inherently beneficial or whether they risk cognitive 
overload, particularly for non-expert users. Second, we isolate the 
mechanism underlying observed benefits of parameter-reconfigurable 
explanation interfaces. By ensuring informational equality across the 
two non-static interfaces (system-randomized versus user-controlled 
parameterization), we disentangle whether positive effects arise from 
active user control over mutate actions or from informational advan
tages that can accompany richer interfaces. Third, we advance research 
on counterfactual explanations by directly comparing a fixed-parameter 
baseline, a system-randomized-parameter interface, and a user- 
controlled-parameter interface with respect to perceived user- 
friendliness and understanding, testing whether - and under which 
form of parameter control - counterfactual explanations offer measur
able advantages over a static baseline.

2. Related work and research questions

2.1. Interactive XAI

There is currently no unified definition of interactivity in the context 
of human-(X)AI-interaction. Given the field's interdisciplinary orienta
tion, arriving at a single definition that integrates all disciplinary per
spectives remains challenging. Moreover, different disciplines often rely 
on different terminology. Across the research landscape, the terms 
adaptive (Turchi et al., 2024), personalized (Silva et al., 2024), and 
customized (Esposito et al., 2025) frequently appear in the context of 
XAI and can be subsumed under the umbrella term interactivity. Early 
work conceptualized interactivity as communication between humans 
and a computer or complex system (Dix & Ellis, 1998; Foley et al., 1996). 
More recent work defines interactivity as the control and action between 
a human and an artifact or system (Janlert & Stolterman, 2017). Both 
understandings readily apply to the XAI context: compared with static 
explanations, interactive explanations respond to Miller et al.’s (2017)
call for an interactive explanation process by enabling users' direct in
fluence on the explanatory process.

It is also essential to delineate the phase of the system lifecycle to 
which interactivity pertains. Interactive machine learning (iML), origi
nating with Fails and Olsen (2003), involves the interactive inclusion of 
users, typically data scientists or other experts, during the training 
phase. This approach commonly aims to improve model performance 
when data is scarce or of insufficient structure or quality. Through a 
train–feedback–correct loop, users take the role of co-trainers and 
remain in the loop of the development process (Gómez-Carmona et al., 
2024). By contrast, interactive AI can span the entire lifecycle of a sys
tem. In interactive designs, the focus is on continuous, reciprocal 
collaboration and on improving human–AI teaming (Raees et al., 2024). 
Depending on the implementation, interactive XAI is closely related to 
iML but targets end users and other typically non-expert stakeholders. Its 
aim is to enable users to customize the computation or the presentation 
of explanations (or both), thereby increasing model transparency and, in 
turn, trust, willingness to use, and users’ mental models of the system 
(Bertrand et al., 2023). The present study focuses on interactive XAI. 
However, because the experimental task is designed such that partici
pants attend exclusively to the explanations and the underlying machine 
learning model (see Section 3.1 for details) without the integration of a 
decision-making scenario, the distinction from iML is blurred.

Psychological and educational research offer several theoretical ar
guments for the benefits of interactivity. From a constructivist 
perspective, “learning by doing” is central to knowledge acquisition 
(Roussou, 2004; Skulmowski, 2024), as people learn by simulating and 
testing hypotheses about personally meaningful real-world relation
ships. In accordance with this, Evans and Gibbons (2007) found that 
interactive multimedia interfaces promote deeper learning than static 
ones by actively engaging learners. In the context of XAI, Cabrera et al. 
(2023) analyzed the cognitive sensemaking processes of data scientists 
and how they develop rich mental models of AI behavior. Their 
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framework describes a continuous and iterative cycle of data scientists 
identifying new instances, revising hypotheses, and updating their 
mental models, which also advocates the necessity of interactivity for AI 
related sensemaking.

Empirical results do not always align with these theoretical as
sumptions. Overall, based on the existing literature, it remains difficult 
to draw empirically well-supported, unambiguous conclusions about the 
mechanisms by which interactivity affects different aspects of human–AI 
interaction. The few experimental studies available are heterogeneous in 
their research focus, the XAI methods examined, and the operationali
zation of interactivity, limiting both comparability and generalizability 
(Bertrand et al., 2023). For example, Cheng et al. (2019) compared static 
with interactive explanations in a student-application scenario and re
ported significant effects of interactivity on both subjective and objec
tive understanding, although interactivity was accompanied by 
increased processing time. In their study, explanations could be modi
fied with sliders that assigned weights to local featur
e-importance–based visual explanations. By contrast, Bove et al. (2022)
did not find improvements in objective understanding due to an inter
active interface, although participants reported higher satisfaction with 
the interactive explanation design; here, interactivity was limited to a 
sorted ranking and display of relevant features in an insurance scenario. 
A similar pattern emerged in a study that examined the effects of 
different XAI methods, presented in both static and interactive formats, 
on human–AI team performance: with interactive explanations, partic
ipants did not outperform the standalone AI, yet they rated the AI 
assistance as more helpful for some models (Liu et al., 2021). In a 
gamified setting, Holzinger et al. (2019) could observe positive effects 
on human-AI team performance, by letting participants directly control 
an ant-colony algorithm. These mixed results highlight that the effec
tiveness of interactivity is highly context-dependent and further 
research is needed.

2.2. Interactive XAI and cognitive workload

There has been growing concern in the human-computer-interaction 
(HCI) community that overly complex XAI techniques and their mode of 
presentation increase cognitive workload (Hudon et al., 2021; Koh et al., 
2025; Liao et al., 2020). Especially for non-expert users with no prior 
exposure to XAI methods, the presentation of statistical metrics, plots, 
and tables often appears inaccessible and overwhelming (Liao et al., 
2020; Xie et al., 2020). This is not merely a usability issue, as high 
cognitive workload has been associated with negative effects of expla
nations, such as overreliance (Wang & Yin, 2021; Zhang et al., 2020). 
Interactive explanations introduce an additional dimension of 
complexity that can further overwhelm users. Based primarily on 
qualitative data, Panigrahi et al. (2025) report that some interactivity 
mechanisms were, at times, overwhelming. Inexperienced users may 
struggle to correctly understand the available interaction options in 
addition to the explanations themselves and, consequently, to use them 
productively. Moreover, a portion of available cognitive resources must 
be invested in understanding how the interactivity mechanisms func
tion, thereby diverting cognitive engagement from the task itself. This 
could result in less rich mental models about the AI system with an 
emphasis on the formation of functional mental models (‘how to use’) 
rather than structural mental models (‘how and why it works’) 
(Johnson-Laird, 1983). Constraining interaction may help reduce users' 
cognitive workload while still outperforming static interfaces. For 
example, Dietvorst et al. (2018) found that users' preference for modi
fiable algorithms was indicative of a desire for some control over the 
algorithm's workings rather than for greater control. Consistent with 
this, a literature review grounded in a design science research approach 
recommends increasing user agency, for example, through unrestricted 
interactivity, while simultaneously decreasing complexity and cognitive 
effort (Speckmann et al., 2025). Similarly, Kulesza et al. (2015)
formulate design principles demanding sound and complete but also not 

overwhelming interactive explanations.

2.3. Counterfactual explanations in interactive XAI

There are various existing methods to generate counterfactual ex
planations. These methods differ with regard to how they define the 
minimal changes between the referenced instance and the generated 
counterfactuals (Guidotti, 2024). Prior work has focused on integrating 
constraints into these definitions of minimal distance to generate 
counterfactuals that are feasible (Poyiadzi et al., 2020), plural and 
diverse (Bove et al., 2023; Mothilal et al., 2020), plausible (Kenny & 
Keane, 2021; Warren et al., 2022), or that account for users’ cognitive 
processes (Celar & Byrne, 2023; Jeyasothy et al., 2022). Although recent 
work emphasizes that user studies testing counterfactual-based XAI 
methods remain sparse, as many papers primarily focus on method 
development and optimization (Shang et al., 2022; Verma et al., 2024), 
it has been demonstrated that counterfactuals elicit causal reasoning in 
users (Byrne, 2019). This makes them potentially useful for fostering the 
development of rich mental models about AI systems. A recent review on 
explainable user interfaces (XUIs), defined as the sum of outputs from an 
XAI system with which the user can directly interact (Chromik & Butz, 
2021), found that counterfactuals are the second most frequently used 
XAI method in this research domain (Cappuccio et al., 2025). Similar to 
research on XAI methods, most XUIs have not been evaluated in 
controlled user studies, though some prior work links interactive ex
planations and counterfactuals. For example, Hohman et al. (2019)
developed an interactive user interface for providing explanations to 
data scientists and reported that these expert users most frequently 
employed counterfactuals for comparing and exploring model pre
dictions. ViCE (Gomez et al., 2020) and AdViCE (Gomez et al., 2021) are 
two prototype implementations for visual interactive counterfactuals, 
whose functionality was demonstrated in case studies rather than 
controlled user studies. An interface based on interactive counterfac
tuals, designed to support understanding of large language model 
behavior, was rated as both useful and enjoyable to use by experts and 
non-experts alike (Cheng et al., 2024). Similarly, Myers et al. (2020)
presented an interactive counterfactual visualization for AI non-experts 
to explore the decisions of a semantic neural network in the context of 
loan applications, aiming to reveal potential bias. An expert panel 
comprising AI, HCI, and social science scholars evaluated the applica
tion as useful in reducing cognitive biases. Bove et al. (2023) reported 
positive effects on both objective and subjective understanding, as well 
as explanation satisfaction, when participants explored plural rather 
than single counterfactuals in a loan application scenario. Suffian et al. 
(2025) found that counterfactuals with interactive user feedback out
performed counterfactuals without feedback in objective understanding, 
satisfaction, and trust.

2.4. Research questions and hypotheses

This paper investigates how different modes of parameter control in 
a counterfactual explanation interface affect non-expert users. We 
distinguish iterative exploration through re-generating counterfactual 
sets from user agency over “mutate” actions, namely feature weighting 
and feature exclusion. First, we examine whether exploration behavior, 
specifically the depth and breadth of exploration, differs across condi
tions. Second, we analyze effects on the formation of a rich and adequate 
mental model and on explanation satisfaction. In contrast to prior work, 
we compare a fixed-parameter baseline with two non-fixed configura
tions that differ in the locus of control over mutate actions, namely 
system-randomized versus user-controlled parameterization. The option 
to re-generate counterfactual sets was available in all conditions to 
ensure informational equality. We expect system-randomized parame
terization to be less overwhelming for non-expert users without prior 
experience in interpreting counterfactuals, as it reduces the operational 
burden of actively configuring interaction settings. Productive use of a 
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user-controlled interface may presuppose that users hold hypotheses, for 
example about relationships among features in the data model or about 
the algorithm's performance limits, that they can test by adjusting 
generation parameters. We therefore test whether a less demanding, 
system-randomized interface better supports non-expert users than an 
interface requiring active user control over mutate actions, under 
informational equality. More precisely, the study is guided by the 
following research questions and hypotheses: 

• RQ1: To what extent does the mode of parameter control in the 
explanation interface (fixed, system-randomized, user-controlled) 
affect non-experts’ mental model adequacy and explanation satis
faction when interacting with counterfactual explanations?

- H1.1: Users' objective understanding is highest in the system- 
randomized condition.

- H1.2: Users' self-reported understanding is highest in the system- 
randomized condition.

- H1.3: Users are most confident in their understanding of the algo
rithm in the system-randomized condition.

- H1.4: Users' satisfaction with the counterfactual explanations is 
highest in the system-randomized condition.

• RQ2: How is cognitive workload during counterfactual exploration 
affected by the mode of parameter control (fixed, system- 
randomized, user-controlled)?

- H2: Users have the highest cognitive workload in the user-controlled 
condition.

• RQ3: How does exploration behavior differ across interface config
urations with different modes of parameter control (fixed, system- 
randomized, user-controlled)?

We address this research question through exploratory analyses of 
behavioral log data. Behavioral log data were used to derive parameters 
capturing multiple facets of exploratory behavior. Because these pa
rameters are specific to the experimental application used in this study, 
and because there is limited prior empirical work describing exploration 
behavior at this level of granularity, we refrain from formulating specific 
hypotheses.

3. Method

3.1. Task description: an abstract and binary classification scenario

During the study, participants interacted with a browser-based 
experimental application that offered basic functionalities such as 
selecting data points and generating counterfactual explanations. The 
participants’ task was to identify dependencies between features in the 
underlying data set by analyzing ten available data points and the cor
responding explanations. Each data point consisted of six features pre
sented in an abstract format, labeled alphabetically from A to F. No 
accompanying scenario was provided to contextualize or semantically 
enrich the meaning of the features. Presentation was limited to these 
alphabetical labels, and the dataset was artificially generated (see Sec
tion 3.4).

The general setup of the task aligns with scenarios commonly used in 
human-(X)AI-interaction research. Many studies employ real-world de
cision-making contexts such as human resources, finance, insurance, 
medicine, or law (Islam et al., 2022; Kalasampath et al., 2025). Espe
cially when working with layperson samples, more accessible domains 
such as music preferences (Martijn et al., 2022) or food choices (Buçinca 
et al., 2021) are used, as they require no specific domain knowledge and 
there is less bias due to assumptions about real world dependencies. 
Scenarios that simulate decision support systems in professional do
mains are particularly valued for their high external validity, allowing 
results to be generalized to real-world contexts with comparable 
complexity. However, world knowledge-based assumptions about de
pendencies between features can obscure the isolated effects of AI 

explanations and interaction modes on human-AI-interaction. When an 
algorithm aligns with common pre-existing beliefs, it becomes difficult 
to determine whether participants genuinely understand the underlying 
model or whether the algorithm's behavior merely conforms to their 
expectations. Conversely, when the algorithm deviates from those be
liefs, it may induce biased perceptions of feature-outcome relationships 
and lead to negative evaluations of the AI system. Cheng et al. (2019)
addressed this challenge by introducing ‘unnamed attributes’ to assess 
objective understanding of algorithmic reasoning, independent of 
domain knowledge. Building on this idea, we deliberately employed an 
abstract scenario to minimize prior assumptions and isolate compre
hension of the model logic.

3.2. Data set

The application was based on a synthetically generated dataset 
consisting of six features, labeled A through F. Feature F represents the 
binary classification outcome, while features A to E serve as potential 
predictors. The predictor features span distinct numerical ranges: A 
[0–100], B [0–20], C [0–50], D [0–30], and E [0–90]. To minimize 
cognitive load and memory demands associated with the abstract, label- 
only representation, the number of features was deliberately limited. 
The dependencies between features are defined such that A, B, and C 
influence the outcome F. In contrast, D and E are interdependent but do 
not affect the outcome. The dataset is constructed by randomly sampling 
from a uniform distribution for features A, B, C, and D. Subsequently, 
features E and F are computed by combining the previously sampled 
values using additive and subtractive operations, with additional 
Gaussian noise. In total, 10,000 data points were generated using this 
procedure.

3.3. Interactive application

The application used in this study was implemented in RIXA (Becker 
et al., 2023), a modular platform designed primarily for explainable 
artificial intelligence1. RIXA integrates a natural language chat interface 
with a visual dashboard and supports the integration of custom XAI tools 
through a plugin system. While the chat functionality was not utilized in 
the present study, RIXA was selected due to its built-in support for 
XAI-relevant components. A customized implementation of DiCE 
(Mothilal et al., 2020) was integrated as a plugin to generate counter
factual explanations. For the underlying model, a random forest classi
fier implemented via scikit-learn (Pedregosa et al., 2011) was employed. 
The user interface of the application (illustrated in Fig. 1) comprises 
three main functionalities: 

• Data Point Selection. Ten pre-selected data points were available 
via a drop-down menu. These were selected from different regions of 
the feature space to ensure a diverse set of counterfactual explana
tions and facilitate participants' understanding of feature de
pendencies. All data points share the same predicted class (zero) and 
remain constant across all experimental conditions and participants. 
Once selected, a data point is presented in a single-row table with 
features labeled A to F as columns.

• Counterfactual Generation. Upon clicking the corresponding but
ton, ten counterfactuals are generated and displayed beneath the 
selected data point. Unchanged features are marked with a dash. 
Participants may request counterfactuals repeatedly, but only ten are 
shown at any given time.

• Customization of Counterfactuals. Sliders are provided for fea
tures A to E to specify the parameterization of counterfactual gen
eration via feature weighting and feature exclusion. By default, all 

1 The source code of the application used in this study is available on GitHub: 
https://github.com/counterfactual_user_study.
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slider values are centered at zero and the interface provides a reset 
function that restores this default configuration. Higher slider values 
increase the corresponding feature weight, reducing the likelihood 
that the feature is altered in generated counterfactuals. Lower slider 
values decrease the weight, making the feature more likely to vary. 
The slider range spans from − 5 to +5, and setting a slider to − 5 
excludes the feature from counterfactual generation. If the parameter 
configuration is too restrictive to allow valid counterfactuals, an 
error message is shown. The availability of parameter control and 
reset functionality varied by experimental condition and is described 
in Section 3.4.

3.4. Experimental conditions

We implemented three experimental conditions that differed in the 
locus of control over mutate actions, namely feature weighting and 
feature exclusion. In all conditions, participants could select from the 
predefined data points and request counterfactual sets repeatedly; con
ditions differed only in whether generation parameters were fixed, 
assigned by the system, or controlled by participants. 

• Fixed condition. In this condition, participants had no access to 
parameter control. All feature weights were fixed at 0 and feature 
exclusion was not available. The slider panel and the reset func
tionality were disabled. Participants could freely select data points 
and request an unlimited number of counterfactual sets, which were 
generated under the same fixed parameterization.

• System-randomized condition. In this condition, participants 
could freely select data points and request an unlimited number of 
counterfactual sets. However, parameter control was not available. 
Upon each generation request, slider values were assigned 

automatically by the system and could not be adjusted manually; the 
slider panel was displayed but locked. The randomization was 
defined such that, for each feature, there was a 15% probability of 
exclusion (slider value set to − 5), and all other values were sampled 
at random within the range − 5 to +5.

• User-controlled condition. In this condition, participants had full 
access to parameter control. In addition to selecting data points and 
requesting counterfactual sets, they could adjust feature weights via 
sliders and exclude features by setting a slider value to − 5. Partici
pants could also reset all parameters to the default (0) configuration 
at any time.

3.5. Calculation of counterfactuals

We implemented an extended counterfactual generation procedure 
based on DiCE (Mothilal et al., 2020) that supports feature weighting 
and feature exclusion during the search. To keep the study focused, we 
deliberately disabled DiCE options that are orthogonal to our research 
question (e.g., explicit diversity terms, plausibility constraints). The 
objective is to produce a set of counterfactuals that (i) achieve a desired 
model prediction and (ii) stay as close as possible to the original 
instance.

3.5.1. Core mechanism
We employ an evolutionary search: 

• Population-based search: A population of candidate counterfac
tuals is maintained across iterations.

• Mutation and mating: Candidates are perturbed by (i) random 
changes within valid ranges (mutation) and (ii) exchanging feature 
values between candidates (crossover).

Fig. 1. Counterfactual explanation user interface used in the study. The interface comprises five main components: (a) a drop-down menu for selecting data points 
(red), (b) a button to generate counterfactuals (purple), (c) sliders to adjust parameters for counterfactual generation (orange), (d) a “reset weights” button that 
restores weights to their neutral default settings (green), and (e) a table displaying the feature values of the selected data point (top row, gray background) alongside 
ten generated counterfactuals (subsequent rows). In the fixed condition, the slider panel (orange) and the reset button (green) are disabled. In the system-randomized 
condition, the slider panel is locked (read only); parameter settings are assigned automatically for each generated counterfactual set and cannot be adjusted 
manually. In the user-controlled condition, slider values can be adjusted prior to generation and reset to the default configuration. (For interpretation of the ref
erences to colour in this figure legend, the reader is referred to the Web version of this article.)
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• Selection: Candidates are scored by a loss function; the best are 
retained for the next generation.

3.5.2. Loss function
The algorithm optimizes for two primary components: 

• Target outcome loss: This component ensures the counterfactual 
achieves the desired prediction outcome. It is a binary penalty that 
evaluates to 0 when the prediction is changed and 100 otherwise. 
Either the candidate meets the target criterion or incurs a high 
penalty.

• L1 distance loss: Minimizes the Manhattan distance between the 
counterfactual and the original instance. This ensures the counter
factual represents minimal changes:

L1 =
∑

i
wi

xi − xoriginal
i

spani 

Where: 

- wi represents feature weights as defined by the interface configura
tion (fixed condition, system-randomized condition, user-controlled 
condition).

- Features are normalized by their ranges (spani).
- The total loss is the sum of these components.

3.5.3. Interface-level weight transformation
Weights between [0, 1] increase the importance (as the loss de

creases), while values above 1 decrease the importance of a feature. The 
impact of the weights is exponential. To reduce mental load in the 
interface, slider values are transformed using a polynomial into a linear 
scale between − 5 and 5, where 0 corresponds to an actual weight of 1, -5 
excludes a feature, and +5 corresponds to a weight close to 0.

3.5.4. Termination
The search terminates when (i) the desired number of counterfac

tuals has been found, (ii) the improvement in the loss over several 
consecutive iterations falls below a predefined tolerance, or (iii) the 
maximum number of iterations is reached. If the search terminates 
before a sufficient number of counterfactuals has been generated, an 
error message indicating overly restrictive parameter settings is dis
played in the interface.

3.5.5. Counterfactual selection
The counterfactuals presented in the interface are those with the 

lowest total loss after the algorithm terminates. This means the interface 
presents instances that (1) successfully change the prediction to the 
desired outcome and (2) require minimal changes to the original 
instance (measured by L1 distance).

3.6. Materials

Various methods and evaluation criteria have been proposed to 
assess the adequacy and effectiveness of AI explanations from a human- 
centered perspective (for an overview see Hoffman et al., 2023; Miller, 
2019). There is broad consensus that both objective understanding and 
subjective satisfaction must be considered to obtain a holistic picture of 
human–AI-interaction (see also Naveed et al., 2024; Silva et al., 2023). 
In line with this, we evaluate the effectiveness of the proposed 
explainable user interfaces using both types of measures.

3.6.1. Mental model and confidence
Our approach to measuring objective understanding follows work by 

Cheng et al. (2019) and is grounded in the conceptualization by Weld 
and Bansal (2019), who define human understanding of an algorithm as 
the ability to identify which features drive its decisions and to anticipate 

how changes in input would influence the output. Based on this 
framework, we developed three types of questions to assess participants’ 
objective understanding of the counterfactual explanations. 

• Feature Dependencies: In line with the primary goal of the exper
imental task, identifying dependencies between features in the 
dataset, participants were asked to indicate which features directly 
influence the outcome variable F.

• Decision Prediction: To assess participants' holistic understanding 
of the data model and the counterfactual explanations, participants 
were presented with new, previously unseen data points and asked to 
predict the binary classification outcome. Each question offered two 
response options. Three items of this type were included in the final 
questionnaire.

• Alternative Prediction: To evaluate participants' ability to antici
pate which changes would reverse the classification outcome, par
ticipants were shown a new data point and asked which feature 
change would most likely lead to the opposite classification. Each 
item offered three response options. Two items of this type were 
included in the questionnaire.

• Objective Understanding: We compute a mean across these three 
indicators to operationalize overall objective understanding. Internal 
consistency was acceptable, α = .71.

To ensure a comprehensive operationalization, the objective mea
sures were supplemented with the following self-report-based variables. 

• Confidence: To capture participants' level of certainty, they also 
rated their confidence in their answer regarding the feature de
pendencies using a 7-point Likert scale.

• Self-reported understanding: We additionally measured the self- 
reported understanding of participants with a single item (“I under
stand how the application's algorithm works”), using a 7-point Likert 
agreement scale.

3.6.2. Explanation satisfaction
To assess participants’ satisfaction with the counterfactual explana

tions, we adapted the Explanation Satisfaction Scale (Hoffman et al., 
2023). The original scale comprises eight items; two items were 
excluded due to their limited applicability to the abstract scenario used 
in the present study. Participants rated their agreement with each 
statement on a 7-point Likert scale. Internal consistency for the overall 
questionnaire was acceptable, α = .77.

3.6.3. Cognitive workload
To assess cognitive workload during interaction with the application, 

the Mental Demand and Frustration subscales of the German translation of 
the NASA Task Load Index (NASA-TLX; Hart, 2006) were used.

3.6.4. Exploratory behavior
Based on the behavioral data obtained from participants’ interaction 

with the application, four parameters were extracted. The parameters 
represent frequency-based indices, including data point selection, 
counterfactual generation, and the occurrence of feature exclusion 
during generation. Conceptually, we subsume these measures under the 
umbrella term exploratory behavior. 

• Exploration score: Frequency-based aggregate representing the 
overall extent of exploratory activity by combining the number of 
selected data points and the number of generated counterfactuals 
into a single sum score. It reflects the total amount of exploratory 
activity, independent of the specific interface condition, and thus 
provides a common baseline for comparing exploratory behavior 
across all experimental groups.

• Relational exploration score: As a complementary measure, this 
score reflects the ratio of generated counterfactuals to selected data 
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points (lower values indicate more counterfactuals sets generated 
per data point). It captures the degree to which participants engaged 
in in-depth exploration by generating multiple explanations per data 
point.

• Exclusion rate: Proportion of feature-settings excluded during 
counterfactual generation (slider value = − 5), normalized by the 
number of exclusion opportunities. Specifically, for each participant 
we computed the number of excluded feature-settings divided by the 
total number of feature-settings presented across all generation re
quests (CounterfactualCounter × 5 features A–E). In the user- 
controlled condition, the rate reflects participants' parameter 
choices. In the system-randomized condition, the rate reflects 
system-assigned parameterization (expected rate 0.15 by design, 
with sampling variability). Exclusion was not available in the fixed 
condition.

• Interaction time per data point: The time spent interacting per 
data point, measured in seconds.

3.7. Procedure

The study was conducted as an in-person laboratory experiment. 
Upon arrival, participants reviewed an informed consent form and 
detailed written instructions, followed by a structured introduction to 
the experimental task. An online tutorial explained the task, summa
rized the computational principles underlying counterfactual explana
tions, and introduced the functionality of the experimental application. 
Information about parameter control options for counterfactual gener
ation varied by assigned experimental condition (fixed, system- 
randomized, user-controlled), while all other tutorial content was held 
constant across conditions. Participants were randomly assigned to one 
of the three experimental conditions before starting the tutorial. To 
ensure adequate understanding, participants then completed four 
single-choice comprehension questions; those who answered any item 
incorrectly were excluded from the analytic sample prior to hypothesis 
testing. After successfully completing the tutorial, participants engaged 
in a 30-min interaction phase during which they could freely explore the 
application and the preselected data points. Finally, they completed an 
online questionnaire assessing the outcome measures and demographic 
information.

3.8. Participants

We recruited students via local advertisements on campus and on
line. To ensure a comparable level of familiarity with AI related topics, 
we defined a technical or engineering major as an inclusion criterion. Six 
participants were excluded because they did not pass the attention 
check, which consisted of three or four, depending on the experimental 
condition, single-choice questions about the definition of counterfac
tuals and the functional features of the application. Participation was 
remunerated with 12 € for an estimated experiment duration of 1 h. The 
final sample consisted of 64 participants aged 19 to 40 (M = 23.2, SD =
3.57). Approximately two-thirds were male (n = 41), and about half (n 
= 30) were currently studying computer science at the local university 
in Karlsruhe, Germany. Participants reported intermediate prior 
knowledge of AI (n = 29 indicated some prior knowledge, and n = 16 
reported profound prior knowledge), but little prior knowledge of XAI 
(n = 40 indicated no prior knowledge, and n = 21 reported little prior 
knowledge). No significant differences in any aspect of prior knowledge 
were observed across the three experimental conditions based on the 
results of a one-way ANOVA (F(2, 61) = 0.28, p = .755 for prior 
knowledge about AI and F(2, 61) = 0.06, p = .941 for prior knowledge 
about XAI). Five participants were familiar with the term counterfactual 
explanations prior to the study. This was not an exclusion criterion, as a 
tutorial preceded the interaction phase to align participants' knowledge 
levels. The Ethics Committee of the Karlsruhe Institute of Technology 
(KIT) issued a certificate of non-objection for this study.

3.9. Statistical analyses

One-way analyses of variance (ANOVA) were conducted to examine 
group differences among the three experimental conditions (fixed, 
system-randomized, user-controlled). Post hoc comparisons were per
formed using Tukey's honestly significant difference (HSD) test. For 
measures that were only available in the system-randomized and user- 
controlled conditions (e.g., exclusion), we conducted planned pairwise 
comparisons using independent-samples t-tests; when assumptions were 
violated, Mann–Whitney U tests were used. The alpha level was set at 
0.05. All analyses were conducted using SPSS Statistics for Windows, 
Version 27.0 (IBM Corp, 2020).

4. Results

We present results starting with exploratory behavior (RQ3). To 
align the presentation with the locus-of-control framing, we highlight 
differences between the two non-user-controlled interfaces (fixed and 
system-randomized) and the user-controlled interface within each re
sults section. Descriptive statistics are reported in Table 1.

4.1. Exploratory behavior

To address RQ3, we first examined whether exploratory behavior 
differed as a function of condition (fixed, system-randomized, user- 
controlled). To compare overall exploratory activity across all three 
conditions, we used the exploration score as a common baseline (Section 
3.6.4). We found a significant effect of condition on exploratory 
behavior, F(2, 61) = 8.15, p < .001, η2 = 0.21. Post hoc comparisons 
indicated that participants in the user-controlled condition engaged in 
more exploratory activity (M = 124.14, SD = 52.75) than those in the 
fixed condition (M = 62.55, SD = 27.64).

We additionally analyzed whether in-depth exploration differed 
between conditions using the relational exploration score, calculated as 
the ratio of the number of selected data points to the number of gener
ated counterfactual sets, such that lower values indicate that partici
pants generated more counterfactual sets per data point. This analysis 
also revealed a significant effect of condition, F(2, 61) = 7.95, p < .001, 
η2 = 0.34. Descriptively, relational exploration was lowest in the system- 

Table 1 
Descriptive statistics by condition.

Measure fixed system- 
randomized

user-controlled

M SD M SD M SD

Explanation 
satisfaction

4.60 1.13 4.79 0.95 4.88 1.07

Exploratory behavior
Exploration score 62.55 27.64 98.62 64.27 124.14 52.75
Relational 
exploration score

1.00 0.30 0.37 0.35 0.64 0.46

Exclusion rate* ​ ​ 0.14 0.02 0.33 0.29
Interaction time per 
data point

64.71 35.33 114.09 79.42 51.79 21.53

Mental Model
Feature dependencies 3.86 0.71 3.95 0.87 3.52 1.03
Decision prediction 1.41 0.80 1.38 0.87 1.57 0.68
Alternative 
prediction

2.45 0.67 2.33 0.86 2.33 0.80

Objective 
understanding

7.73 1.36 7.67 1.60 7.43 1.66

Self-reported 
understanding

4.27 1.78 3.52 1.44 3.05 1.50

Confidence 4.55 1.95 4.19 1.40 4.00 1.41
Cognitive Workload

Frustration 9.27 3.04 7.90 2.74 12.76 3.03
Mental Demand 10.09 2.24 12.43 3.60 14.61 3.56

Note. *Exclusion rate not applicable in fixed condition.
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randomized condition (M = 0.37, SD = 0.35), followed by the user- 
controlled condition (M = 0.64, SD = 0.46), whereas the fixed condi
tion was close to one (M = 1.00, SD = 0.30), indicating approximately 
one generated set per selected data point.

For feature exclusion, we compared exclusion rates between the 
system-randomized and user-controlled conditions (exclusion not 
available in the fixed condition). A Mann–Whitney U test indicated 
higher exclusion rates in the user-controlled condition (M = 0.33, SD =
0.29) than in the system-randomized condition (M = 0.14, SD = 0.02; 
expected rate 0.15 by design), U = 136.00, z = − 2.13, p = .034, r = 0.33.

Finally, interaction time per data point differed significantly across 
conditions, F(2, 61) = 8.60, p < .001, η2 = 0.22. Participants in the 
system-randomized condition spent the most time analyzing each data 
point (M = 114.09, SD = 79.42), compared to the fixed condition (M =
64.71, SD = 35.33) and the user-controlled condition (M = 51.79, SD =
21.53). Fig. 2 illustrates group differences in exploratory behavior.

4.2. Mental model

To test the effect of interface type on participants' objective under
standing of the data model, a composite score was calculated based on 
participants' performance across the three dimensions of objective un
derstanding (feature dependencies, decision prediction, and alternative 
prediction). The analysis revealed no significant effect of interface type 
on participants' objective understanding, F(2, 61) = 0.23, p > .05. 
Separate analyses of the three dimensions of objective understanding 
also yielded no significant results (feature dependencies: F(2, 61) =
1.41, p > .05; decision prediction: F(2, 61) = 0.37, p > .05; alternative 
prediction: F(2, 61) = 0.18, p > .05; see Fig. 3). Overall, average per
formance on the objective understanding measure was high, with scores 
showing little variability. Based on the composite score across all un
derstanding dimensions, the mean performance across the three condi
tions ranged between seven and eight out of possible ten points. There 
were also no significant differences in confidence ratings between the 
experimental conditions, F(2, 61) = 0.64, p > .05. Across all three 
groups, participants reported being slightly more confident than average 
in their ability to correctly identify the features that had a relevant in
fluence on the model's prediction. Descriptively, confidence was highest 
in the fixed condition (M = 4.55, SD = 1.95). For self-reported under
standing a significant effect of interface type was found, F(2, 61) = 3.33, 
p < .05, η2 = 0.10. It was highest in the fixed condition (M = 4.27, SD =

1.78) and significantly differed from the user-controlled condition (M =
3.05, SD = 1.47).

4.3. Satisfaction

Satisfaction with the counterfactual explanations did not differ 
significantly between the three conditions, according to a one-way 
ANOVA, F(2, 61) = 0.40, p > .05. Overall, satisfaction was relatively 
high across all conditions (for exact values, see Table 1; for group dif
ferences see Fig. 4).

4.4. Cognitive workload

We conducted two separate one-way ANOVAs to examine the effect 
of interface type on both frustration and mental demand, as measured by 
the corresponding NASA-TLX subscales. Participants reported signifi
cantly different levels of frustration across the three conditions, F(2, 61) 
= 15.25, p < .01, η2 = 0.33. In the user-controlled condition, partici
pants experienced the highest frustration (M = 12.76, SD = 3.03), which 
was significantly greater than in the fixed condition (M = 9.27, SD =
3.04) and system-randomized condition (M = 7.90, SD = 2.74; see 
Fig. 4). Likewise, interface type produced significantly different levels of 
mental demand, F(2, 61) = 10.89, p < .01, η2 = 0.26. Mean mental 
demand was significantly lower in the fixed condition (M = 10.09, SD =
2.24) than in the system-randomized condition (M = 12.42, SD = 3.60) 
and the user-controlled condition (M = 14.62, SD = 3.55).

5. Discussion

In this study, we investigated how different modes of parameter 
control in a counterfactual explanation interface affected human–XAI 
interaction. Across all conditions, participants could iteratively explore 
the same set of data points by repeatedly re-generating counterfactual 
sets; conditions differed only in the locus of control over mutate actions, 
namely feature weighting and feature exclusion. Specifically, generation 
parameters were fixed in the fixed condition, assigned automatically in 
the system-randomized condition, and controlled via sliders in the user- 
controlled condition. We interpret the findings against the backdrop of 
prior empirical evidence and discuss priorities for future investigation.

Fig. 2. Mean exploratory behavior measures as a function of experimental condition (fixed, system-randomized, user-controlled). Error bars represent ±1 standard 
error of the mean. Exclusion rate was not applicable in the fixed condition.
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5.1. User-controlled parameterization increases exploratory breadth, but 
at the cost of higher subjective cognitive workload

Across conditions, we observed systematic differences in exploratory 
behavior. Overall exploratory activity, operationalized via an explora
tion score combining data-point selection and counterfactual genera
tion, was highest in the user-controlled condition. In addition, when 
participants had direct control over mutate actions, exclusion rates were 
higher than in the system-randomized condition. We interpret this 
pattern as a complexity-management strategy. Excluding features re
duces the space of potential explanations that users must consider when 
forming and testing hypotheses about feature–outcome relationships. 
This interpretation aligns with our workload findings. Participants re
ported the highest frustration and mental demand in the user-controlled 
condition, suggesting that active parameter control can impose a sub
stantial operational burden. Prior work similarly suggests that interac
tive counterfactual interfaces can become demanding when users must 
coordinate multiple parameter adjustments while trying to attribute 

changes in counterfactual sets to specific actions (Panigrahi et al., 2025). 
The elevated frustration documented here likely reflects the dual need to 
allocate resources to learning how the parameter controls operate while 
simultaneously analyzing the resulting counterfactuals to infer proper
ties of the underlying model, motivating users to reduce complexity 
through exclusion.

5.2. System-randomized parameterization promotes in-depth exploration 
and longer engagement per data point

In-depth exploration, operationalized via the relational exploration 
score as the ratio of selected data points to generated counterfactual sets, 
was highest in the system-randomized condition, indicating that par
ticipants generated more counterfactual sets per data point. One inter
pretation is that participants attempted to infer a rationale behind the 
system-randomized parameterization by generating successive coun
terfactual sets and comparing resulting patterns. Consistent with this 
account, interaction time per data point was also highest in the system- 

Fig. 3. Participants' objective understanding, self-reported understanding and confidence in their understanding by conditions. Error bars represent ±1 standard 
error of the mean.

Fig. 4. Participants' explanations satisfaction, frustration and mental demand by conditions. Error bars represent ±1 standard error of the mean.
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randomized condition. This suggests sustained engagement with the 
explanations rather than brief trial-and-error. Prior work has linked 
richer interaction opportunities to longer interaction times (Buçinca 
et al., 2020; Cheng et al., 2019; Ross et al., 2021). In the present task, 
which emphasized model understanding rather than time-critical de
cisions, time spent per data point can be interpreted as an objective 
indicator of engagement and processing demands, although it does not 
necessarily map one-to-one onto subjective workload. Notably, the 
system-randomized condition increased time on task despite lower re
ported frustration than the user-controlled condition, indicating that 
time and subjective workload capture partly distinct aspects of the 
interaction experience. This interpretation is consistent with arguments 
that longer engagement often co-varies with processing demands 
(Bertrand et al., 2023).

5.3. Parameter control did not improve mental-model formation or 
satisfaction in an under-complex abstract setting

Differences in exploratory behavior did not translate into higher 
explanation satisfaction or better mental models. Neither system- 
randomized parameter variation nor user-controlled parameterization 
improved objective understanding relative to the fixed condition. This 
aligns with mixed findings in the literature. While some studies report 
gains from interactive explanations (Cheng et al., 2019), others find no 
such benefits (Bove et al., 2022; Liu et al., 2021). In our data, expla
nation satisfaction and objective understanding were high across all 
conditions, which is notable given the elevated workload in the 
user-controlled condition. Confidence ratings did not track objective 
performance; descriptively, confidence peaked in the fixed condition 
and self-reported model understanding was highest in the fixed condi
tion. We argue that the abstract scenario, with relatively few features 
compared to many applied decision-support contexts, reduced semantic 
complexity and may have limited the potential marginal benefit of 
parameter control for learning the model. The resulting pattern, less 
agency and more confidence, is consistent with an illusion of explana
tory depth, a cognitive bias in which people overestimate their under
standing of how complex causal systems work (Rozenblit & Keil, 2002). 
In the context of AI explanations, Chromik and Butz (2021) showed that 
laypeople in particular exhibit an illusion of explanatory depth, and that 
this effect can be exacerbated when less information about the system is 
presented, which aligns with the present descriptive pattern.

5.4. Limitations and future work

As with any study, several limitations warrant consideration. We 
examined an abstract scenario using a synthetic dataset. This choice 
allowed us to analyze feature dependencies without confounding world 
knowledge, but it also meant that the dependencies encoded in the 
machine-learning model and the task context were under-complex 
relative to many real-world settings. As a result, comparability to prior 
work is limited, and transfer to workplace-oriented AI support systems is 
constrained. Future studies should implement comparable designs in 
ecologically valid domains and evaluate fixed, system-randomized, and 
user-controlled parameterization in AI-supported decision making. Such 
work could also incorporate additional objective, behavior-proximal 
measures to quantify benefits attributable to parameter control and to 
distinguish beneficial engagement from unproductive effort.

A second limitation is the exclusively quantitative design. While 
combining subjective and objective indicators has become standard in 
human–AI interaction (Silva et al., 2024), mixed-methods approaches 
remain scarce. Designs that integrate standardized quantitative mea
sures with qualitative process tracing (e.g., think-aloud, interview 
probes) can yield richer insights into exploration strategies and 
mental-model formation, thereby supporting a more holistic interpre
tation and contextualization of results. In the present study, integrating 
qualitative measures could have provided deeper insight into 

exploration strategies and might have allowed us to refine analyses by 
distinguishing relevant subtypes of exploration.

More broadly, our findings show that exploration behavior varies as 
a function of the locus of control over generation parameters. Although 
anticipated benefits in understanding and satisfaction did not materi
alize, we argue for systematically comparing fixed, system-randomized, 
and user-controlled parameterization in future work while maintaining 
informational parity. Without carefully matched interfaces and clearly 
defined control mechanisms, it becomes difficult to attribute observed 
effects to parameter control per se rather than to general differences in 
interface richness. Because the effectiveness of parameter control is 
likely influenced by contextual factors such as domain, task complexity, 
and user expectations, principled interaction design remains essential 
(Aljuneidi et al., 2025; Bertrand et al., 2023).

Generalizability is also constrained by the specific counterfactual 
paradigm and interaction modality studied here. Our interface oper
ationalized parameter control over a DiCE-based generator in a visual 
dashboard. Other counterfactual mechanisms may expose different 
control levers and may respond differently to user agency, for example 
when counterfactuals are constrained for plausibility (Kenny et al., 
2021; Smyth & Keane, 2022) and actionability (Poyiadzi et al., 2020), 
generated under alternative optimization objectives (Dandl et al., 2020), 
or produced by different model families (Lucic et al., 2022). Moreover, 
interactivity can be realized through different modalities, including 
dialogue-based explanation interfaces that support iterative questioning 
and clarification rather than explicit parameter manipulation (Akula 
et al., 2022; Sokol & Flach, 2018). Such interfaces may reduce opera
tional burden and may scaffold hypothesis testing differently than 
slider-based controls. Finally, our study focused on a single-model pre
diction context. In aggregated-intelligence settings, decisions may be 
produced by multiple interacting models or agents, which can increase 
causal complexity and make user understanding more challenging. In 
these scenarios, interactive visual models that support decomposition of 
contributions, comparison across agents, and progressive disclosure may 
become particularly valuable. Future work should therefore replicate 
our design across counterfactual paradigms, interaction modalities, and 
multi-agent decision contexts to identify when and for whom user 
agency yields benefits beyond informational parity.

5.5. Conclusion

This study examined whether different modes of parameter control 
in counterfactual explanation interfaces, namely fixed parameters, 
system-randomized parameters, and user-controlled parameters, yield 
measurable benefits beyond a fixed baseline under informational parity. 
User-controlled parameterization reliably amplified exploratory breadth 
and was associated with higher exclusion rates, suggesting that users 
leveraged control to manage complexity. At the same time, user- 
controlled parameterization coincided with higher subjective work
load and frustration. System-randomized parameterization promoted in- 
depth exploration and longer engagement per data point, but neither 
system-randomized nor user-controlled parameterization produced 
gains in objective understanding or explanation satisfaction relative to 
the fixed condition. Together, the results suggest that more control is not 
a sufficient condition for more insight.

A plausible interpretation is that, absent additional informational 
scaffolding, parameter control primarily changes how much users 
explore rather than what they learn from that exploration. Users appear 
to leverage control to simplify the task rather than to refine mental 
models of the underlying classifier. This aligns with the view that 
interaction design must manage limited cognitive resources. If an 
interface increases parameter complexity without commensurate guid
ance, users’ effort may be spent on operating the tool instead of 
extracting model-relevant regularities.

A practical implication is to treat parameter control as a means to 
deliver targeted, low-friction insight rather than an end in itself. 
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Explanation interfaces can be more effective when controls are guided 
and purposeful, supporting users’ inferences about the model rather 
than merely expanding the space of possible manipulations. In practice, 
this can involve integrating brief micro-explanations that make the 
epistemic value of actions transparent (e.g., adjusting weight X helps test 
hypothesis Y), using progressive disclosure with sensible defaults to 
bound parameter complexity, and offering example-driven what-if 
prompts that steer attention toward informative regions of the feature 
space. Such design choices may preserve the motivational benefits of 
agency while helping to keep workload in check.
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Baum, K. (2021). What do we want from explainable artificial intelligence (XAI)? A 
stakeholder perspective on XAI and a conceptual model guiding interdisciplinary 
XAI research. Artificial Intelligence, 296, Article 103473. https://doi.org/10.1016/j. 
artint.2021.103473

Liao, Q. V., Gruen, D., & Miller, S. (2020). Questioning the AI: Informing design practices 
for explainable AI user experiences. In In proceedings of the 2020 CHI conference on 
human factors in computing systems (CHI ’20) (pp. 1–15). ACM. https://doi.org/ 
10.1145/3313831.3376590. 

Liu, H., Lai, V., & Tan, C. (2021). Understanding the effect of out-of-distribution 
examples and interactive explanations on human–AI decision making. Proceedings of 
the ACM on Human-Computer Interaction, 5(CSCW2), 1–45. https://doi.org/10.1145/ 
3479552

Lucic, A., Oosterhuis, H., Haned, H., & Rijke, M. de (2022). FOCUS: Flexible optimizable 
counterfactual explanations for tree ensembles. Proceedings of the AAAI Conference on 
Artificial Intelligence, 36(5), 5313–5322. https://doi.org/10.1609/aaai.v36i5.20468

Martijn, M., Conati, C., & Verbert, K. (2022). “Knowing me, knowing you”: Personalized 
explanations for a music recommender system. User Modeling and User-Adapted 
Interaction, 32(1–2), 215–252. https://doi.org/10.1007/s11257-021-09304-9

Miller, T. (2019). Explanation in artificial intelligence: Insights from the social sciences. 
Artificial Intelligence, 267, 1–38. https://doi.org/10.1016/j.artint.2018.07.007

Miller, T., Howe, P., & Sonenberg, L. (2017). Explainable AI: Beware of inmates running 
the asylum, or: How I learnt to stop worrying and love the social and behavioural 
sciences. arXiv preprint arXiv:1712.00547. https://arxiv.org/abs/1712.00547.

Mothilal, R. K., Sharma, A., & Tan, C. (2020). Explaining machine learning classifiers 
through diverse counterfactual explanations. In In proceedings of the 2020 conference 
on fairness, accountability, and transparency (FAccT ’20) (pp. 607–617). ACM. https:// 
doi.org/10.1145/3351095.3372850. 

Myers, C. M., Freed, E., Laris Pardo, F., & Furqan, A. (2020). Revealing neural network 
bias to non-experts through interactive counterfactual examples. arXiv preprint 
arXiv:2001.02271 https://arxiv.org/abs/2001.02271.

Naveed, S., Stevens, G., & Robin-Kern, D. (2024). An overview of the empirical 
evaluation of explainable AI (XAI): A comprehensive guideline for user-centered 
evaluation in XAI. Applied Sciences, 14(23), Article 11288. https://doi.org/10.3390/ 
app142311288

Panigrahi, I., Kim, S. S. Y., Liaqat, A., Jinturkar, R., Russakovsky, O., Fong, R., & 
Abtahi, P. (2025). Interactivity × explainability: Toward understanding how 
interactivity can improve computer vision explanations. In Extended abstracts of the 
2025 CHI conference on human factors in computing systems (CHI EA ’25)ACM. https:// 
doi.org/10.1145/3706599.3719730, 1–9.

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., … 
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