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Abstract

Decision-makers run the risk of relying too much on machine
recommendations, which is associated with lower cognitive
engagement. Reflection has been shown to increase cogni-
tive engagement and improve critical thinking and therefore
decision-making. Questions are a means to stimulate reflec-
tion, but there is a research gap regarding the systematic
creation and use of relevant questions for machine-assisted
decision-making. We therefore present a taxonomy of ques-
tions aimed at promoting reflection and cognitive engagement
in order to stimulate a deliberate decision-making process.
Our taxonomy builds on the Socratic questioning method and
a question bank for explainable AI. As a starting point, we fo-
cus on clinical decision-making. Brief discussions with two
medical and three educational researchers provide feedback
on the relevance and expected benefits of our taxonomy. Our
work contributes to research on mitigating overreliance in
human-AI interactions and aims to support effective human
oversight as required by the European AI Act.

1 Introduction
Reflection, also referred to as reflective practice or reflec-
tive thought, is an important skill in professional practices
(Schön 1983). It is beneficial in, for example, management
(Cunliffe 2002), law (Casey 2014), and healthcare (Mann,
Gordon, and MacLeod 2009), and is part of many educa-
tional curricula (Boud and Walker 1998). As the American
philosopher John Dewey (1933, p.9) states, reflection is an

“Active, persistent, and careful consideration of any
belief or supposed form of knowledge in the light of
the grounds that support it and further conclusion to
which it tends”.

As reflection helps to scrutinise the validity of assump-
tions and information (Mezirow 1990), it has the potential
to improve reasoning, judgement, and problem-solving (Gh-
anizadeh 2017; Khoshgoftar and Barkhordari-Sharifabad
2023; Mamede and Schmidt 2023). Consequently, reflec-
tion has been shown to improve strategic decisions (Walger,
Roglio, and Abib 2016) and diagnostic accuracy (Mamede,
Schmidt, and Penaforte 2008; Hess et al. 2015; Prakash,
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Sladek, and Schuwirth 2019). In addition, reflection en-
ables decision-makers to recognise and articulate the rea-
sons for their decisions, allowing them to direct their actions
accordingly and take responsibility (forward-looking) and
accountability (backward-looking). Responsible decision-
making ideally leads to more desirable outcomes for all par-
ties involved. In view of this, it seems sensible to encourage
and support reflection during decision-making, especially as
many high-impact decisions nowadays are informed by ma-
chine recommendations or predictions.

Decision-support systems (DSS) provide recommenda-
tions that assist decision-makers in domains like law, fi-
nance and healthcare. Physicians, for example, can use clin-
ical DSSs to make a diagnosis or find a treatment option.
Studies show, however, that operators tend to rely too much
on these systems and accept incorrect recommendations
(Dratsch et al. 2023), which is known as overreliance (Passi
and Vorvoreanu 2022). In order to reduce harmful conse-
quences of overreliance, the European AI Act (European
Parliament 2024, §14) requires:

[...] that natural persons to whom human oversight is
assigned are enabled, as appropriate and proportion-
ate: [...] (b) to remain aware of the possible tendency
of automatically relying or over-relying on the output
produced by a high-risk AI system (automation bias),
in particular for high-risk AI systems used to provide
information or recommendations for decisions to be
taken by natural persons;

Various approaches therefore aim to mitigate overreliance
by increasing the decision-maker’s cognitive engagement
through different interactions, such as presenting evidence
for and against a decision (Miller 2023) or presenting expla-
nations in the form of questions (Danry et al. 2023). Others
argue that DSS should support deliberation and reflection
rather than make recommendations (Schmidt and Mamede
2023; Ma et al. 2024). Similarly, in previous work we have
introduced the idea of a reflection machine, which asks ques-
tions to the decision-maker (Cornelissen et al. 2022; Hase-
lager et al. 2023; Fischer 2025). However, it remains unclear
what kind of questions should be asked in order to effec-
tively stimulate cognitive engagement and reflection.

To address this gap, we provide a taxonomy of ques-
tions that helps to systematically formulate relevant ques-
tions that stimulate critical reflection on the decision at hand,
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including the machine recommendation and the data that led
to it. To identify relevant questions, the Socratic question-
ing method, named after the Greek philosopher Socrates,
proves to be a useful starting point as it involves system-
atically asking questions to explore complex ideas, uncover
assumptions, and gain a better understanding of the topic
under investigation (Paul 2019). As such, Socratic question-
ing has been shown to increase students’ critical thinking
(Dalim 2022; Ho, Chen, and Li 2023). Although the Socratic
method is slowly gaining traction in the field of human-
machine interaction (Lara 2021; Ang, Gollapalli, and Ng
2023; Liu et al. 2024), there is as yet no systematic ap-
proach for applying this questioning method to the context
of machine-assisted decision-making.

We therefore adapt a taxonomy of Socratic questions
based on concepts of critical thinking (Paul 2019) to iden-
tify aspects to which questions should relate, and transfer it
to the context of machine-assisted decision-making by syn-
thesising it with a question bank for the design of human-
centred explainable AI (Liao, Gruen, and Miller 2020; Liao
et al. 2021; Liao and Varshney 2022). We also draw in-
spiration, albeit only marginally, from a revised version of
Bloom’s taxonomy (Krathwohl 2002; Forehand 2010) to
identify cognitive processes to which questions can refer.

While we aim for a domain-independent taxonomy by
building on general concepts of critical thinking, we take
as a starting point clinical decision-making, where a physi-
cian uses a DSS to find a treatment option among several
possibilities with uncertain outcomes for patients. To assess
the transferability of our taxonomy, we apply it to the edu-
cational domain, where teachers use learning analytics dash-
boards to make decisions about students. We have discussed
our taxonomy with medical and educational researchers,
who have emphasised the relevance and expected benefits
of our taxonomy. Nevertheless, an empirical evaluation of
the effectiveness of certain questions in a specific decision-
making context remains for future work. The contributions
of this paper are as follows:

• With regard to mitigating overreliance (section 2.1) and
human-centred XAI (section 2.2), we add to the grow-
ing literature on approaches to increase cognitive engage-
ment, and, in particular, expand on existing proposals to
promote reflection (section 2.3).

• We discuss literature that shows that reflection increases
cognitive engagement and reasoning, and thus decision-
making (section 2.4), and that questions can stimulate re-
flection (section 2.5).

• We present a new taxonomy to help formulate relevant
questions that stimulate reflection in machine-assisted
decision-making (section 4). This taxonomy supports the
design and development of interventions that go beyond
machine recommendations and explanations. In addition,
our taxonomy can benefit stakeholders such as develop-
ers, auditors, or consumers who need to remain critical
in the development, evaluation, and use of DSS (section
6).

2 Background

In the following, we will discuss background work that led
us to the creation of our question taxonomy. In order to
sketch the problem of overreliance on machine recommen-
dations and explanations (section 2.1), we begin with a short
review of the relevant literature on human-machine inter-
action, particularly in relation to the human factor in ex-
plainable AI (section 2.2). From alternative interaction ap-
proaches, we derive that promoting cognitive engagement
is a promising method to reduce overreliance (section 2.3).
We identify the benefits of reflective thought for cognitive
engagement as it promotes critical thinking, reasoning, and
thus responsible decision-making (section 2.4). Finally, we
suggest that questions can be useful to stimulate reflection
and thus cognitive engagement, and introduce the Socratic
questioning method, which is widely used in education (sec-
tion 2.5). In short, to arrive at our taxonomy, we combine
relevant insights from empirical findings and literature on
human-machine interaction, education, and philosophy.

2.1 Overreliance on DSS and Explainable AI

Decision-support systems (DSS) provide recommendations
based on information by using (simple) mathematical mod-
els, or more advanced machine learning models, includ-
ing deep learning approaches. A meta-study of 106 exper-
imental studies on machine-assisted decision-making found
that decision-making accuracy generally decreases when
decision-makers use DSS (Vaccaro, Almaatouq, and Malone
2024). Decision-makers may tend to prefer machine recom-
mendations over their own judgement (Tschandl et al. 2020),
even when the recommendations are wrong (Jacobs et al.
2021). The acceptance of incorrect recommendations, re-
ferred to as overreliance, can be because of low vigilance or
lack of cognitive engagement (Passi and Vorvoreanu 2022).

A common approach to mitigating overreliance is ex-
plainable AI (XAI) (Vasconcelos et al. 2023; Longo et al.
2024), which can, for example, provide information about
which input was decisive for a particular output. It is as-
sumed that these explanations will help the operator to as-
sess the DSS recommendation and thus make an informed
decision as to whether or not to follow the recommendation.

The aforementioned meta-study, however, found that ex-
planations do not lead to significant synergy effects in
human-machine decision-making (Vaccaro, Almaatouq, and
Malone 2024). On the contrary, explanations may increase
the likelihood of operators accepting a machine recommen-
dation regardless of its correctness (Bansal et al. 2021; Bus-
sone, Stumpf, and O’Sullivan 2015; Ehsan et al. 2021),
thereby increasing overreliance (Vered et al. 2023). One rea-
son for this is that the focus on numerical explanations can
give a false sense of objectivity, leading operators, regardless
of their expertise, to overestimate the capabilities of a DSS
(Ehsan et al. 2024). Consequently, providing additional in-
formation in the form of explanations does not automatically
lead to more cognitive engagement of the decision-maker
and to more accurate decisions (Gajos and Mamykina 2022).
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2.2 A Question Bank for XAI
To provide more relevant and actionable explanations, a
question bank for explainable AI helps designers and de-
velopers select the appropriate XAI technique that supports
the operator’s information needs (Liao, Gruen, and Miller
2020; Liao et al. 2021; Liao and Varshney 2022). To this
end, the question bank clusters and maps prototypical user
questions to XAI techniques. Feature importance, for exam-
ple, can provide insights into why-questions, such as “Why
was this prediction given?”.

Answering the (technical) question of how a DSS arrived
at a particular output is however not always desired or help-
ful. As one participant working on clinical decision-support
systems mentioned in the study on the XAI question bank
(Liao, Gruen, and Miller 2020, p.6):

[explanations by system rationale] are essentially
‘this is how I do it, take it or leave it’. But doctors
don’t like this approach...Thinking that [AI is] giv-
ing treatment recommendations is the wrong place to
start, because doctors know how to do it. It’s every-
thing that happens around that decision they need help
with... more discussions about the output, rather than
how you get there.

Although the XAI question bank allows for the design of
more human-centred XAI, it is still very algorithmic- and
data-centred, as the authors themselves state and as we
will discuss below. Even if it is known how a DSS arrived
at an output or recommendation, operators might be more
interested in factors regarding the broader socio-technical
context outside of the model (Zednik 2019; Ehsan et al.
2021; Ghassemi, Oakden-Rayner, and Beam 2021; Ehsan
and Riedl 2024), which could relate to questions like, “What
is missing from the dataset?”, “Are there any other over-
looked alternative solutions?”, or “How to integrate this rec-
ommendation into the decision-process?”.

With our proposed taxonomy, we want to stimulate “more
discussions about the output” (study participant in Liao,
Gruen, and Miller 2020) by identifying and categorising rel-
evant questions. The XAI question bank will prove useful
as it contains questions of operators and maps them to XAI
techniques. As we will show, we utilise the mapping from
questions to XAI techniques and reverse the process to re-
purpose explanations to formulate possible questions, e.g.,
“Is it relevant to focus on factor x?”. As such, in line with ac-
tionability, we consider “explanations [informing questions]
as a means to help a data subject [and decision-maker] act
rather than merely understand” (Wachter, Mittelstadt, and
Russell 2017, p.843), where ‘act’ in this case is deliberate
decision-making through reflection.

2.3 Increasing Cognitive Engagement
To mitigate overreliance, scholars explore different inter-
actions with machine recommendations and explanations
in addition to XAI that attempt to cognitively engage the
decision-maker in the decision-making process. We will
briefly mention four relevant approaches: 1) promoting cog-
nitive engagement through interventions, 2) supporting the
decision-maker to make their own decision, 3) formulating

explanations as questions, and 4) proposals to stimulate re-
flection.

First, cognitive interventions are based on the dual-
process model of reasoning, and aim to interrupt the
decision-maker’s habitual thinking (system 1) in order to en-
courage analytical thinking (system 2) (Lambe et al. 2016).
Cognitive interventions can take the form of checklists, in-
structions for analytical thinking, or reflection, for exam-
ple (Lambe et al. 2016; Prakash, Sladek, and Schuwirth
2019). In the context of human-machine interaction, one
study found that such interventions, i.e., presenting explana-
tions delayed, on-demand, or only after the operator made a
decision, can reduce, yet not eliminate, overreliance on DSS
(Buçinca, Malaya, and Gajos 2021).

Second, instead of presenting a recommendation and jus-
tifying it with an explanation that the decision-maker must
accept or reject, a so-called hypothesis-driven recommender
shows evidence for and against a decision (Miller 2023). In
this way, the system supports the decision-maker’s reason-
ing process and allows them to make an informed decision
themselves. A study found that while presenting evidence
for and against did little to improve diagnostic accuracy,
physicians valued the reflective aspect and had more con-
fidence in their final decisions (Cabitza et al. 2023).

Third, one study found that explanations formulated as
questions improve human judgement of the logical validity
of the information provided (Danry et al. 2023). Causal ex-
planations were presented both as statements and questions.
For example, the statement: “The patient has the flu because
of a headache”, is formulated as a question: “If the patient
has a headache, does it follow that they have the flu?”. Sim-
ilar to the hypothesis-driven recommender, questions help
the decision-maker to think for themselves (Ryan and Deci
2000), which leads to more cognitive engagement (Gajos
and Mamykina 2022).

Fourth, it has been suggested that DSS should take on
roles other than that of a recommender, such as a devil’s
advocate raising objections and challenging the decision-
maker (Chiang et al. 2024; Ma et al. 2024; Sarkar 2024).
Insights from decision-making in human groups show that
a devil’s advocate has positive effects on decision perfor-
mance (Schwenk 1984; Schweiger, Sandberg, and Rechner
1989). Similarly, others argue that DSS should support de-
liberation and facilitate reflection (Cornelissen et al. 2022;
Haselager et al. 2023; Schmidt and Mamede 2023; Zhang,
Yang, and Li 2023; Ma et al. 2025).

In view of the above, we understand questions as cog-
nitive interventions (1), which facilitate own reasoning and
decision-making (2&3). With our taxonomy, we therefore
want to both build on and expand these four approaches by
offering more potential questions compared to (3) and sup-
porting the design of suggested interactions that promote re-
flection (4).

2.4 Reflection and Responsible Decision-Making
Amongst various forms of increasing cognitive engage-
ment, such as checklists or feedback, stimulating reflection
proved to be the most effective (Lambe et al. 2016; Prakash,
Sladek, and Schuwirth 2019). While reflection can occur be-

942



fore, during or after an action (Rogers 2001), we focus on
reflection during decision-making, i.e., reflection-in-action
(Schön 1983). As mentioned earlier, reflection can promote
reasoning, critical thinking and problem-solving, and thus
improve decision-making.

In areas where decisions have far-reaching consequences,
such as law or healthcare, decision-makers have great pro-
fessional responsibility. Physicians, for example, are com-
mitted to the well-being of patients. This professional re-
sponsibility includes an epistemological responsibility that
requires decision-makers to gather and evaluate relevant in-
formation, and to know the reasons for a particular course
of action (van Baalen and Boon 2015). Being able to pro-
vide reasons for (past) actions allows for backward-looking
responsibility or accountability. More importantly, knowing
the reasons enables one to determine and direct future ac-
tions to achieve a desired state, and thus to take forward-
looking responsibility (Loughran 1996).

Reflection-in-action can therefore increase epistemologi-
cal and thus professional responsibility, both in a backward-
looking and, more importantly, in a forward-looking sense.
Ideally, this forward-looking responsibility leads to fairer
and more desirable decision outcomes for all parties in-
volved (Ueda et al. 2024). Reflection-in-action could, for
example, prevent a physician from jumping to conclusions
after seeing seemingly similar patient cases throughout
the day, which could lead to tunnel vision (Mamede and
Schmidt 2023). Reflection makes it possible to distinguish
between relevant and irrelevant information, and, to quote
Dewey (1933, p.17) again, “converts action that is merely
appetitive, blind and impulsive into intelligent action”.

2.5 Types of Questions
A common technique to facilitate reflection is to ask ques-
tions (Osmond and Darlington 2005). Questions encour-
age independent thinking, which can increase confidence
in one’s own decision-making, i.e., decision self-efficacy.
This in turn can affect the motivation and well-being of the
decision-maker (Ryan and Deci 2000). Findings from edu-
cational research suggest that motivation functions as an an-
tecedent to cognitive engagement and also increases it (Blu-
menfeld, Kempler, and Krajcik 2006; Rotgans and Schmidt
2011; Singh et al. 2022). Questions thus seem to promote
reflection, which can increase decision self-efficacy and mo-
tivation, which in turn can increase cognitive engagement.

Given the breadth of possible questions, we want to point
out two works from the field of education that categorise
questions in different ways and which we also use for our
purposes, namely a taxonomy of Socratic questions (Paul
2019), and Bloom’s taxonomy for educational objectives
(Anderson and Krathwohl 2001; Krathwohl 2002).

First, Socratic questioning is widely used in education to
develop and promote critical thinking skills (Torabizadeh,
Homayuni, and Moattari 2018; Makhene 2019; Dalim 2022;
Ho, Chen, and Li 2023). It consists of systematically asking
questions that help to clarify concepts, improve understand-
ing, and uncover gaps in knowledge (Paul 2019). Accord-
ingly, Socratic questioning helps to discover one’s thoughts,
to analyse and evaluate assumptions, information and infer-

ences, and to arrive at judgements through own reasoning.
To support teachers in the classroom, a taxonomy of So-
cratic questions has been developed, defining eight types of
questions that probe different parts of thinking, such as as-
sumptions, reasons, or implications (Paul 2019).

Second, Bloom’s taxonomy categorises educational learn-
ing objectives hierarchically into six levels of cognitive pro-
cesses, which are: remembering, understanding, applying,
analysing, evaluating, and creating. The last three levels,
analysing, evaluating, and creating, are also components of
critical thinking (Paul 2019). This categorisation will be
helpful when formulating questions that address different
cognitive processes.

In the context of human-machine interaction, the Socratic
questioning method is slowly gaining traction. Based on the
taxonomy of Socratic questions, a dataset of 110k ques-
tions that could be used in counselling and coaching is pro-
posed, including a generation method of prompt-tuning a
language model (Ang, Gollapalli, and Ng 2023). The result-
ing questions fall into one of the six categories defined by
Paul (2019): 1) clarification (“What do you mean by...?”), 2)
probing assumptions (“Why do you assume...?”), 3) probing
reasons (“How do you know that...?”), 4) probing implica-
tions (“If..., what is likely to happen?”), 5) probing alterna-
tives (“What else should we consider?”), and 6) others that
do not conform to the Socratic categories (Ang, Gollapalli,
and Ng 2023). In addition, a virtual assistant that fosters
moral enhancement through Socratic questions is proposed
(Lara and Deckers 2020), as well as chatbots based on lan-
guage models that utilise the Socratic method for thought-
provoking tutoring (Favero et al. 2024; Liu et al. 2024).

However, there is currently no systematic approach to the
use of (Socratic) questions to promote critical reflection in
decision-making, particularly in conjunction with decision-
support systems. Given the link between critical reflection
and reasoning and the associated positive effect on decision-
making, we see potential for the use of questions to pro-
mote decision self-efficacy and cognitive engagement. We
therefore aim to address this gap by adapting the taxonomy
of Socratic questions (Paul 2010, 2019) to the context of
machine-assisted decision-making. In doing so, we also aim
for a higher level of granularity as compared to Ang, Golla-
palli, and Ng (2023), who utilise parts of the Socratic ques-
tions taxonomy in unchanged form to generate counselling
and coaching questions.

3 Methodology
Our taxonomy is based on the taxonomy of Socratic ques-
tions (Paul 2019), the XAI question bank (Liao and Varsh-
ney 2022), and a revision of Bloom’s taxonomy (Anderson
and Krathwohl 2001) discussed in the previous section. To
construct our taxonomy we proceeded in two steps: 1) iden-
tifying elements that questions can relate to, and 2) identify-
ing information for formulating and enriching questions. In
order to identify elements (1), we synthesised the taxonomy
of Socratic questions with the XAI question bank through a
procedure similar to affinity diagramming. In order to help
formulate and enrich questions (2), we reversed the map-
ping of the XAI question bank to repurpose information de-
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rived from explanations. In addition, we used the cognitive
processes identified in Bloom’s taxonomy to determine the
scope of questions.

3.1 Procedure
Phase 1: Identifying Elements for Reflection First, we
identified relevant aspects of machine-assisted decision-
making to which potential questions should relate, i.e., what
to reflect on. In a deductive (top-down) approach, the cate-
gories from the taxonomy of Socratic questions served as a
starting point. As Elder and Paul (2010) note:

“Whenever we think we think for a purpose within
a point of view based on assumptions leading to im-
plications and consequences. We use data, facts and
experiences to make inferences and judgements based
on concepts and theories to answer a question or solve
a problem.”

Based on this structure of thinking, the authors categorise
questions into elements of thought or reasoning as follows:

• Purpose: Questions about the agenda, goal or objective.
• Question at Issue: Questions about the problem or issue

that gave rise to the question.
• Information: Questions about background information,

such as data, facts, observations or experiences.
• Interpretation and Inferences: Questions about how

meaning was derived and conclusions drawn.
• Concepts: Questions about underlying theories, defini-

tions, or models that define a thought.
• Assumptions: Questions about taken for granted presup-

positions of a thought.
• Implications and Consequences: Questions about im-

plications.
• Point of View: Questions about the frame of reference or

perspective of a thought.

While these elements of thought, including the provided
example questions, are helpful in general, they cannot be
directly applied to the domain of decision-making (with
DSSs). This is because the taxonomy of Socratic Questions
is primarily intended for teachers and students in the class-
room.

We thus took the elements of thought as a starting point
for our taxonomy and mapped them to the context of
machine-assisted decision-making. For this mapping and
to identify relevant aspects of machine-assisted decision-
making, we used the XAI question bank. The question bank
contains more than 50 common questions that operators
have towards a DSS, categorised as follows (Liao and Varsh-
ney 2022):

• How (global model-wide): Questions about the general
logic of the model.

• Why (a given prediction): Questions about the reasons
for a prediction.

• Why Not (a different prediction): Questions about the
difference to an expected outcome.

Figure 1: Our elements for reflection in machine-assisted
decision-making in the middle column (see section 4) are
based on the taxonomy for Socratic questions (Paul 2019),
in the left column, and the XAI question bank (Liao and
Varshney 2022), in the right column.

• How to be That (a different prediction): Questions about
how to change an instance to get a different outcome.

• How to still be This (the current prediction): Questions
about possible changes to still get the same outcome.

• What if: Questions about changed outcome based on
changed input.

• Performance: Questions about the performance of the
DSS.

• Data: Questions about training data.
• Output: Questions about how to apply or use the DSS

output.

Overall, questions from the XAI question bank relate to the
logic of the model, its performance, the reasons for a predic-
tion, possible changes, the data, and the output.

This leaves us with the categorisation of questions based
on thought structure on the one hand, and the components
of machine-assisted decision-making represented by clus-
ters of common questions in the context of explainable AI
on the other (Figure 1). The element Information, for exam-
ple, can be mapped, as is also mentioned in the definition,
to Data the DSS is trained on, as well as (input) data of a
specific case. Through affinity diagramming we arrived at
the following 10 elements, which are shown in the middle
column of Figure 1: case information, relevance of data,
dataset, causal structure of recommendation, alternatives
to recommendation, assumptions of decision-maker, stake-
holder preferences, consequences of decision, change inter-
vention, and model behaviour.

Phase 2: Formulating Questions After identifying what
to question, the next step was to specify how to formulate
and enrich specific questions. For this, we again used the
XAI question bank, in particular the mapping of common
questions to XAI techniques. Instead of starting with ques-
tions from operators in order to arrive at suitable explana-
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tions, however, we reversed the process. We moved from ex-
planations to questions, in order to extract information using
XAI techniques, which then flows into possible questions.
On the one hand, this means that (some) explanations can
be (re-)formulated as questions, e.g., “Does outcome Y fol-
low from information x?” (Danry et al. 2023). On the other
hand, questions can relate to information extracted from ex-
planations, e.g., “Is information x a relevant factor?”.

Finally, to capture the scope of questions, we used, albeit
only marginally, a revised version of Bloom’s taxonomy. In
Bloom’s taxonomy, questions are categorised into levels of
cognitive processes to support the formulation of learning
objectives. Three of these categories or cognitive abilities
are components of critical thinking (Paul 2019), namely,
analysing, evaluating, and creating, where (Anderson and
Krathwohl 2001):
• Analysing means to break down information into parts

and determining how these parts are connected, and iden-
tifying which parts are relevant or irrelevant. Verbs that
relate to this cognitive process are: compare, criticize,
differentiate, discriminate, deconstruct, inspect. For ex-
ample, “What evidence is there for Y ?”.

• Evaluating means to judge information and its appropri-
ateness, and to detect inconsistencies. Verbs that relate to
this cognitive process are: assess, support, defend, vali-
date, evaluate. For example, “How to justify Y ?”

• Creating means compiling information in a new way, or
considering alternative hypotheses. Verbs that relate to
this cognitive process are: create, develop, formulate. For
example, “What could be done to minimise Y ?”

Based on this cognitive distinction, we suggest that ques-
tions should address these higher-level cognitive processes
in order to effectively stimulate critical reflection.

3.2 Expert Feedback
While one author created the initial taxonomy, we discussed
the categories with their overlaps and boundaries among the
authors throughout the process. Besides, we created the tax-
onomy in an iterative way. Once we had a first version, we
sent 10 initial categories including some sample questions
to one orthopaedic surgeon and one senior researcher in or-
thopaedics, who both work at different hospitals and are part
of an ongoing collaboration. To get some early feedback, we
asked them if they saw any missing question types. They
confirmed the completeness of the derived question types
and mentioned that it seems we “covered all the aspects” and
that they “don’t see any obvious questions missing”. We then
refined the categories, without adding or removing any, ex-
panded details, added descriptions, and added sample ques-
tions to a separate table. We presented the final taxonomy
again to the same surgeon and researcher (section 5).

4 Taxonomy of Questions
Our taxonomy consists of 10 question types or elements for
reflection (Table 1). In order to demonstrate how to apply
our taxonomy, we provide some sample questions from the
medical and educational domain. A description of the indi-
vidual question type follows, focussing on the medical field,

where a physician uses a DSS to make a decision about a
patient’s treatment.

Q1. Questions can relate to the case information provided,
which represents information in the form of data. Previous
operations on the spine, for example, might be indicated by
integers. This value, however, does not indicate how long
ago the operation was performed and at which location of
the spine it was carried out, both of which can influence
the effectiveness of further operations. Questions can help
the decision-maker to inspect and contextualise the data pro-
vided to give it semantic depth. To ensure data quality, ques-
tions can also relate to the reliability of the data provided to
rule out inconsistencies, such as measurement errors, and to
ensure that no relevant data is missing. As such, Q1 helps the
decision-maker get a more holistic picture of the case (van
Baalen and Boon 2015).

Q2. Questions can relate to the relevance of data. In
doing so, questions can encourage the decision-maker to
contextualise the information, e.g., symptom, in a specific
case, which can lead to validating the machine recommen-
dation by other means, e.g., by conducting additional tests.
So while XAI techniques, such as feature importance, can
show which features have contributed to an outcome, do-
main knowledge is necessary to evaluate whether these data
points are important in a particular case. It is possible to use
the information extracted with XAI to generate an evalua-
tive question, like “How relevant is data x?”. The question of
the relevance of the most important data point(s) also raises
the question of whether there are other factors that could be
overlooked in the decision. As different XAI techniques can
result in different rankings of the contributing effects of the
individual features (Saarela and Jauhiainen 2021), it is im-
portant for decision-makers not to take the information ob-
tained through XAI at face value. The discrepancies between
two opposing feature ranks from two different XAI methods
could also lead to a question like “Is x or z more relevant?”.

Q3. Questions can relate to the dataset on which the
model was built. Cardiovascular disease, for example, has
different symptoms in men and women, yet most of the data
for training DSSs stem from male patients, which is why
DSSs often misdiagnose women (Li et al. 2023). Certain
populations or phenomena are often overrepresented in data,
which leads to a skewed data distribution (Ueda et al. 2024).
Accordingly, a reflective question could be raised if there
are large differences between the case information and the
dataset. Besides, data is often only a partial representation of
the phenomena under investigation (Broussard 2019; Binns
et al. 2018), as it is impossible to quantify every aspect of the
complexity of social life (Birhane 2021). Questions can help
to consider limitations of a dataset and take into account in-
formation that is not yet included and is (now) known to con-
tribute to the outcome. So compared to Q2, which is more
concerned with the question of what information is relevant
for a single recommendation (local), Q3 asks whether the
dataset contains relevant information (global).

Q4. Questions can relate to the (apparent) causal structure
between provided case information and resulted machine
recommendation. Again, based on feature contribution it is
possible to ask whether and how the machine recommenda-
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ID Element for
Reflection
(What?)

Description Useful Information (How?)

Q1 Case
Information
(Information)

Questions that help further assess, inspect, and
contextualise data points to ensure its quality,
reliability, and completeness.

Input Data (e.g., tabular patient data),
Datasheets (Gebru et al. 2021)

Q2 Relevance of
Data
(Information,
Interpretation &
Inference)

Questions that help evaluate whether the data
adequately supports the hypothesis / recommendation.

Feature Contribution (e.g., SHAP
(Lundberg and Lee 2017), LIME
(Ribeiro, Singh, and Guestrin 2016))

Q3 Dataset
(Concepts)

Questions that help analyse and assess the data and to
ensure it adequately represents the phenomenon (by
highlighting limitations or characteristics of the
dataset).

Training Data, Datasheets (Gebru et al.
2021), FactSheets (Arnold et al. 2019)

Q4 Causal Structure
of Recommenda-
tion
(Interpretation &
Inference)

Questions that help evaluate whether the outcome
follows from data to ensure that the causal structure of
the model / recommendation is sound.

Feature Contribution (Lundberg and Lee
2017; Ribeiro, Singh, and Guestrin 2016),
Counterfactuals (Karimi, Schölkopf, and
Valera 2021; Poyiadzi et al. 2020)

Q5* Alternatives to
Recommenda-
tion
(Question,
Purpose)

Questions that help to consider other possibilities
ensuring that the larger solution space is considered.

Contextual information (e.g., differential
diagnosis or patient preferences (Q7)),
Partial Dependence Plot, Counterfactuals

Q6 Assumptions and
Expectations of
Decision-Maker
(Assumptions)

Questions that elicit taken-for-granted assumptions to
ensure that the decision-maker is aware of their reasons
and possible cognitive biases.

General questions, Cognitive biases,
Confidence of decision-maker

Q7* Stakeholder
Preferences
(Point of View)

Questions that help the decision-maker enquire and
take into account the preferences or needs of the people
concerned (e.g., patient), in order to ensure a better or
broader understanding of the problem at hand.

General questions, Preference elicitation,
Values

Q8* Consequences of
Decision
(Implications)

Questions that help elicit anticipation and
forward-looking responsibility to ensure that
(unintended) consequences and trade-offs are
considered and mitigated.

Limitations of Model, FactSheets (Arnold
et al. 2019), Model Cards (Mitchell et al.
2019)

Q9* Change
Intervention
(Purpose)

Questions that support the exploration of feasible
(smaller) interventions to make a desired outcome more
likely.

Feature Perturbation, Counterfactuals

Q10 Model
Behaviour
(Assumptions,
Purpose,
Concepts)

Questions that help to assess and evaluate the
assumptions, rules and thresholds built into the model.
In particular, areas of decision limits, i.e. until when
does the result remain the same and when does it
change.

Decision Boundaries, Feature
Perturbation, Counterfactuals, Model
Cards (Mitchell et al. 2019), Global
Feature Importance (Lundberg et al.
2020)

Table 1: The taxonomy we propose helps to systematically formulate questions that stimulate critical reflection in machine-
assisted decision-making. From a taxonomy of Socratic questions we take the elements of thought (Paul 2019), i.e., the What,
indicated in italic, and adapt them to the context of machine-assisted decision-making. To identify information for enriching
questions, i.e., the How, we use the XAI question bank (Liao, Gruen, and Miller 2020; Liao et al. 2021; Liao and Varshney 2022)
and reverse the mapping between questions and explanations. Identifiers (IDs) marked with an asterisk (*) indicate questions
that address the level of creating, according to Bloom’s taxonomy (Krathwohl 2002).
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tion follows from data point x, for instance “Does diagno-
sis Y follow from symptom x?”. So although this question
type merely reformulates a causal explanation (Danry et al.
2023), the aim is to help the decision-maker to scrutinise the
information.

Q5. Questions can help identify and consider alternatives
to the recommendation. This calls into question the appro-
priateness of a recommendation. It might be possible to treat
the same condition in different ways, where the feasibility of
each option depends on various constraints like available re-
sources or the patient’s preferences (Q7). For example, one
purpose might be full recovery, for which a DSS might rec-
ommend surgery that involves a long hospital stay; another
purpose might be to promote the patient’s well-being, who
might prefer to spend as little time as possible in hospi-
tal, so that the more appropriate treatment might be a non-
surgical intervention. At the same time, as different disease
have common symptoms, the physician wants to ensure that
another possible diagnosis is not overlooked, e.g., through a
differential diagnosis (Mamede and Schmidt 2023).

Q6. Questions can relate to the assumptions of the
decision-maker. On the one hand, these questions can pre-
vent the decision-maker from jumping to conclusions by
helping to uncover tacit knowledge, taken for granted as-
sumptions, and cognitive biases and re-evaluate them case
by case. On the other hand, questions can help to increase
the confidence and self-efficacy of decision-makers as they
allow them to make their own decision.

Q7. Questions can relate to stakeholder preferences. If
the decision-maker is not the decision-subject, as is the case
with physicians and patients, it is important to consider the
different perspectives. Ideally, enquiring about the prefer-
ences of stakeholders is part of the decision-maker’s routine
practice, yet these questions can function as a form of safe-
guard. If the decision-maker is the decision-subject, ques-
tions can help elicit preferences and values of the decision-
maker themselves.

Q8. Questions can help anticipate (unintended) conse-
quences of a decision. While the decision-maker has ideally
weighed up the implications, these questions can promote
forward-looking responsibility of the decision-maker. Fur-
thermore, with insights from the dataset (Q3) attention could
be drawn to certain limitations of a DSS. Compared to Q3,
Q8 focuses on assessing the impact of a recommendation,
weighing trade-offs, and supporting the decision-maker in
considering appropriate mitigation strategies.

Q9. Questions can relate to change interventions in order
to further investigate the feasibility of desired alternatives.
For such questions, hypothetical scenarios can be created
by feature perturbation and counterfactual explanations. Un-
like counterfactual explanations, which provide information
about what the outcome would have been if the data had
been like this, these questions are about whether it is pos-
sible to change certain data points to make a particular out-
come more likely. For example, a question might help the
physician to consider prior and smaller interventions such
as smoking cessation, which could increase the expected ef-
fectiveness of a desired treatment such as surgery. Although
these questions ideally lead to more actionable insights, they

might imply unfeasible or unattainable changes and actions,
e.g., changing the age of a patient. These hypothetical sce-
narios can nevertheless provide insights into inbuilt associa-
tions and decision boundaries of the DSS.

Q10. Questions can relate to the model behaviour. These
questions help to clarify the assumptions built into the DSS,
which may be based on the data set (Q3) or other assump-
tions made during model development. As such, these ques-
tions can also provide the decision-maker with a better un-
derstanding of the workings and (apparent) causal structure
built into the model (Q4). For example, if a DSS makes
a decision based on age with a threshold of 50 years, the
decision-maker may want to re-evaluate the decision, if the
patient is close to that threshold, such as 48 years old.

5 Evaluation
To formatively evaluate our question taxonomy, we pre-
sented a first version with sample questions and the final
version in two phases to the same orthopaedic surgeon and
orthopaedic researcher. In individual online meetings of 30
minutes each, which were not recorded or transcribed, we
asked them whether the taxonomy and the derived questions
could help practitioners, whether the considerations asso-
ciated with these questions already correspond to common
practice, whether certain questions might be more relevant
than others, and whether they could provide example ques-
tions or example cases.

Overall, both recognised the relevance of our taxonomy
and the use of questions. They were confident that questions
could help to re-evaluate initial assumptions of the physi-
cian, and counteract habitual priming, e.g., seeing similar
yet different patient cases throughout the day. Importantly,
as the surgeon noted, this priming also happens through the
information presented by a DSS, which questions could help
to mitigate. Moreover, they mentioned that the questions de-
rived from the taxonomy could help to treat different patients
more objectively by reducing discrepancies between cases,
such as different patients describing their pain differently,
i.e., pain catastrophising. As one remarked, given that many
question types from the taxonomy are derived from data, it is
difficult to ask about data points that are not contained in the
dataset (Q3).1 To derive relevant questions, they suggested
to talk to experts and ask for their reasoning process, as the
usefulness of specific questions, as they noted, depend on
the specific use case. Accordingly, they also pointed out that
questions should help and not irritate.

5.1 Transferability of Our Taxonomy
To assess the applicability of our taxonomy in another do-
main, we discussed the finalised version with two post-
doctoral researchers in the field of education and technol-
ogy, and one doctoral researcher who is also a primary
school teacher. These individual and informal conversations,
each lasting about 30 minutes, were neither recorded nor
transcribed. The aim of these conversations was to clarify

1In this case, general questions like “Were all relevant informa-
tion considered?” or “Did you consider factor x which is known to
influence the outcome, but is not part of the data set” could help.
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whether the taxonomy is relevant for the educational do-
main, and to familiarise ourselves with some exemplary use
cases and questions.

The three researchers shared two examples of so-called
learning analytics dashboards (LAD), which educators can
use to plan lessons, define learning objectives, track the
learning progress of students, create exercises accordingly,
and grade students.2 These LADs also recommend exercises
and learning objectives based on student performance that
teachers can use. In view of this, one researcher commented,
“Teachers feel the need to be more critical, but do not know
how” as they wonder whether they use the LAD correctly.
Accordingly, the researchers noted that questions could con-
tribute to the interpretation of the student’s progress shown
in the LAD, and help consider factors that go beyond data
points, as these systems “do not know everything”. All three
researchers therefore confirmed the expected relevance and
applicability of our taxonomy for stimulating teachers’ crit-
ical reflection in making decisions about students and their
futures using recommendations of LADs.

After the three feedback sessions, we created sample
questions for the educational domain. We sent these to the
three researchers and two of them added some questions and
comments that helped us refine our derived questions. We
then presented the sample questions, including our taxon-
omy, in a lab session attended by 12 people, from doctoral
researchers to full professors. The research group, which ex-
plores the impacts of technologies on learning and teach-
ing practices, recognised the usefulness of our taxonomy. As
one participant commented, the sample questions we created
are very close to the questions teachers already ask them-
selves. Nevertheless, the same researcher continued, our tax-
onomy could be informative to see which questions are cov-
ered and which are left out. In addition, another researcher
noted that it is very promising that our taxonomy aligns
with the questions that teachers ask in relation to algorithmic
learning goal recommendations. Furthermore, one attendee
noted that students doing the exercises in a LAD could also
benefit from questions for critical reflection, such as consid-
ering the benefit of doing an exercise that might go against
(short-term) preferences.

In comparison to the medical sample questions, the word-
ing of the educational sample questions differs. The struc-
ture and elements of critical reflection however remain the
same for both. We therefore maintain that our taxonomy is
transferable and can be applied to other decision-making do-
mains without adaptation as it builds on general concepts of
critical thinking.

5.2 Effectiveness of Questions
Another type of evaluation, beyond the scope of this paper, is
to assess the effectiveness of the questions created based on
the taxonomy in decision-making, and the extent to which
they promote critical reflection and cognitive engagement of
the decision-maker. Existing studies, primarily from the ed-
ucational domain, point to the positive effects of Socratic
questioning strategies on moral reasoning in nursing (Tora-

2https://snappet.org/ and https://www.gynzy.com/en.

bizadeh, Homayuni, and Moattari 2018) and critical thinking
skills during (healthcare) education of students (Ishtiaq et al.
2024; Jameel, Gul, and Ishtiaq 2025; Yang, Newby, and Bill
2005; Makhene 2019; Ho, Chen, and Li 2023). These studies
demonstrate the validity and robustness of the Socratic ques-
tioning approach on which our proposed taxonomy is based,
which makes the prospects for our taxonomy promising.

Nevertheless, assessing the effect of questions on
decision-making remains an open challenge. Current eval-
uation methods for decision-making and overreliance on
DSS typically only focus on the outcome of a decision,
i.e., decision accuracy (Guo et al. 2024; Klingbeil, Grützner,
and Schreck 2024). To measure reflection and cognitive en-
gagement, however, it is important to consider the entire
decision-making process, including the reasoning process,
whether alternatives were considered, the decision-maker’s
confidence in the final decision, and satisfaction with the
outcome. Existing methods for measuring cognitive engage-
ment are associated with considerable effort and techni-
cal barriers, such as electroencephalography (EEG) (Hassib
et al. 2017; Berka et al. 2007), or the measurement of pupil
dilation (Van Der Wel and Van Steenbergen 2018). Conse-
quently, an accessible evaluation framework would need to
be developed in future work, e.g., a self-report scale that
takes the entire decision-making process into account. For
this, inspiration can be drawn from existing scales for factors
associated with cognitive engagement, such as self-efficacy,
motivation, and confidence (Lee et al. 2025; Hart, Spiva, and
Mareno 2014; Greene 2015), as well as from methods in
the educational domain for assessing student’s cognitive en-
gagement with technology (Vongkulluksn et al. 2022).

6 Discussion
We have presented a taxonomy of question types to support
the systematic creation of questions that stimulate critical
reflection in machine-assisted decision-making. As Figure 1
shows, the questions identified in the XAI question bank
for human-centred XAI are very model- and data-centric.
As a result, our taxonomy is more data-oriented. Neverthe-
less, our taxonomy can help to take into account human fac-
tors such as assumptions or cognitive biases of the decision-
maker and stakeholder preferences as well as consequences
of a decision to overcome the current algorithmic focus of
XAI (section 2.2). In doing so, questions can stimulate dis-
cussion about the machine recommendation and its integra-
tion into the broader decision-making process.

6.1 Different Stakeholders
Our taxonomy is primarily targeted at decision-makers who
operate DSS to make informed decisions. Accordingly, the
aim of our taxonomy is not to formulate questions for the
decision-maker to assess the performance of the DSS as this
would unfairly shift the responsibility from developers and
regulators to operators. The deployed models must be eval-
uated and tested beforehand, which requires a shift from in-
dividual human oversight to institutional oversight (Green
2022). Considering this, other stakeholders could also bene-
fit from critical reflection and thus our taxonomy. Develop-
ers constructing a model, for example, might ask themselves
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what assumptions they are making and whether the dataset
used is suitable for solving a given problem. Auditors as-
sessing compliance could benefit from our taxonomy when
defining objectives for an audit of the model or dataset (Raji
et al. 2020; Birhane et al. 2024). Moreover, the taxonomy
could be used as a form of supporting AI literacy to help
people remain more critical of machine-generated informa-
tion, especially in view of misinformation (Zavolokina et al.
2024). Patients could be supported in identifying (treatment)
preferences through reflection, thereby asking relevant ques-
tions to their healthcare providers (operating DSS), or be-
ing critical while interacting with a medical chatbot them-
selves. Students could be taught to question the relevance of
retrieved information and could be helped to remain cogni-
tively engaged in their technology-aided learning. Our pro-
posed taxonomy could therefore benefit various stakeholders
involved in the design, development, testing, and use of DSS
or machine learning systems.

6.2 Creation of Questions
To facilitate the formulation of questions, we suggested that
questions should address the levels of critical thinking ac-
cording to Bloom’s taxonomy, i.e., evaluating, analysing,
and creating. As such, it might be that questions cannot
be answered directly and instead lead to further questions
(Paul 2019). To motivate further inquiry and engagement of
the decision-maker, a brief explanation of why a question
should be entertained could be given, as mentioned by the
orthopaedic surgeon we spoke to.

It must be considered that questions can be leading and
possibly steer the decision-maker towards an undesirable de-
cision. Hence, we advise against the use of large language
models, as the generated questions could be irrelevant and
unreliable (Weidinger et al. 2022). Instead, researchers or
designers ideally work together with experts to create useful
questions. When creating the sample questions for the edu-
cational domain we realised that it is difficult to do so with-
out having much knowledge about the respective use case,
access to data, or the functionality of the DSS or learning
analytics dashboard (LAD). Nevertheless, uncovering these
blind spots might enable further inquiry into how the system
works, and open up a dialogue between developers or ser-
vice providers and domain experts or affected organisations,
such as hospitals or schools.

Furthermore, certain questions might fall into multiple
categories of our taxonomy, as different question types can
overlap or build on other categories. The causal structure of
a recommendation (Q4), for example, can entail questions
about the data (Q1&Q3). We believe, however, that this is
not a problem as it shows how different elements are con-
nected to each other and it could rather help to formulate
questions more precisely so that they can be delineated.

6.3 Presentation of Questions
To present the questions to decision-makers, one of the ed-
ucational researchers we spoke to suggested that a poster of
our taxonomy with sample questions could be displayed in
the staff room to sensitise teachers to the different elements
of the machine-assisted decision-making process. Alongside

an analogue form and building on the above-mentioned pro-
posals of DSS supporting deliberation and reflection (sec-
tion 2.3), our taxonomy could inform the design of a tech-
nical implementation. As such, we introduced and envision
a reflection machine (RM) that functions as an additional
system or component of a DSS (Haselager et al. 2023; Cor-
nelissen et al. 2022; Fischer 2025). Based on input data, the
recommendations, the functioning of the DSS derived from
XAI, and the use of our taxonomy relevant questions can be
created and presented to the decision-maker accordingly.

Supporting the decision-making process with questions
might be an unfamiliar interaction. The design of the inter-
face and the integration into existing workflows therefore
influence the acceptance and perceived usefulness of a spe-
cific prototype (Lund 2001), and thus the effectiveness of
questions on cognitive engagement.

6.4 Cognitive Load
While future work needs to evaluate the effectiveness of
questions, questions could interrupt the workflow and in-
crease the cognitive load of the decision-maker. In the afore-
mentioned study, in which explanations were presented at
different times as a form of cognitive intervention, par-
ticipants reported increased cognitive load, which is why
they favoured these interventions less (Buçinca, Malaya, and
Gajos 2021). Ultimately, however, the cognitive burden is
unavoidable and inherent to critical reflection, as Dewey
(1933, p.17) notes:

[...] yet thinking need not be reflective. For the per-
son may not be sufficiently critical about the ideas
that occur to him. He may jump at a conclusion with-
out weighing the grounds on which it rests; he may
forego or unduly shorten the act of hunting, inquir-
ing; he may take the first ‘answer’ or solution, that
comes to him because of mental sloth, torpor, impa-
tience to get something settled. One can think reflec-
tively only when one is willing to endure suspense
and to undergo the trouble of searching.

Nevertheless, the right balance between effort and effective-
ness must be found. Questions must be well integrated into
decision-making processes in order to enable the operator
to constructively take the posed question into account. The
competences, decision-making style, and need for cognition
of the decision-maker play a role here.

7 Conclusion
Our taxonomy of 10 question types shifts the emphasis
from machine recommendations and explanations to ques-
tions and human reflection. Careful selection and presenta-
tion of questions has the potential to increase cognitive en-
gagement, mitigate overreliance on DSS and thus support
the effective human oversight required by the European AI
Act.

A Appendices
For the tables with the sample questions, we refer to:
https://arxiv.org/abs/2504.12830.
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