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The field of Human-Centred Explainable AI (HCXAI) has been rapidly expanding. In turn, there has been an
increase in the number of papers suggesting design principles for HCXAI. However, it is unclear the extent
to which design requirements overlap between papers, and in turn what the field overall considers to be
HCXAI design requirements. To overcome this, this study analysed the state of the field via a scoping review
of papers suggesting HCXAI design requirements, and a Content Analysis of the extracted principles. A total
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1 Introduction
Tools using AI have become increasingly complex and able to perform a wider range of tasks.
Consequently, there has been a growing interest in designing AI tools that will be understood by
the people who will interact with them. At the same time, there has been an increased demand for
transparency from such tools, both in terms of the human–AI interactions that occur and the outputs
given by the AI (e.g., [17]). This has led to a focus on creating Human-Centred Explainable AI
(HCXAI), which does not have a set definition, but generally refers to considering factors that
influence human decision-making and communication during the design and development process
[25]. HCXAI has been studied in a variety of applications, such as healthcare [25], fraud detection
[14] and data privacy disclosure [10], where general HCXAI design principles are commonly derived
to summarise findings. These design principles aim to help future designers and researchers build
AI systems, by providing transferable guidance that could be applied to similar applications.

The growing interest in HCXAI has resulted in a substantial rise in papers proposing design
principles for the field. However, many papers present principles derived from empirical studies
(e.g., [16, 20, 23, 36, 41]), and discuss them in isolation, without comparison with existing principles
in the literature. This opens up the possibility that, instead of advancing the field of HCXAI by
providing new insights, suggested principles may have already been noted and presented previously.
It therefore remains unclear to what extent the proposed HCXAI design principles overlap, or what
principles the field as a whole is currently suggesting. In turn, this makes it difficult to understand
what the field is currently prioritising within HCXAI, and identify potential gaps for future research.

To overcome these issues, several meta-reviews have been conducted to summarise the HCXAI
design principles currently proposed, such as [13, 49] and [14]. However, as the field continues
to expand rapidly, there is a need for an updated scoping review to identify any new design
principles, areas of research priority and potential gaps for future research. Further, existing meta-
reviews typically take the form of scoping or systematic literature reviews, followed by a narrative
summary that concludes with a condensed list of design principles. However, these studies often
lack clarity regarding how the authors analysed the papers or combined the data to conclude the
condensed principles. Accompanying a scoping review with other qualitative research methods
that treat design principles as data, such as Content Analysis [29], can overcome these limitations.
This approach increases the transparency of data analysis and enables a more comprehensive
exploration of the state of the HCXAI field, its evolving design principles and its current priorities.

Therefore, in this study, we performed a scoping review of current HCXAI design principles and
analysed them via a Content Analysis, to answer the following research questions:

(1) What HCXAI design principles currently exist and what methods are used to identify them?
(2) What insights about the field of HCXAI can be gained from these design principles?

2 Background
With the advance of AI, especially deep learning, AI systems are able to perform increasingly
complex tasks that previously needed to be handled by humans. This evolution has ushered in a
new era of human–AI collaboration, where critical decisions can now be partly supported by AI.
Communicating AI decisions and reasoning to humans is therefore important to ensure informed
and safe decisions are made. However, without understanding how humans make decisions during
a task, and how they communicate their actions to other humans involved in the task, it is difficult
to design human–AI interactions that enable effective explanations for the given context.

As outlined in [25], the way in which AI explanations are designed and presented should
be user-centred, by taking into account the factors which influence human decision-making and
communication.This user-centred focus underpins the concept of HCXAI—an approach to designing
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human–AI interactions involving explanations of outputs/behaviours, whilst also considering
elements of the wider system. In doing so, the explanations an AI system presents to a user can be
more meaningful and relevant, both to the context and tasks being performed.

As it is important for AI explanations to be human-centred, there has been a growing interest in
understanding how this can be achieved. An increasing body of knowledge of important factors to
consider when designing interactions with AI systems has emerged aimed at producing meaningful
and relevant explanations (i.e., HCXAI) [39]. For example, several studies have suggested HCXAI
design principles either by conducting empirical studies with users directly (e.g., [2, 7, 28]) or
from conducting literature reviews synthesising such studies (e.g., [13, 14, 46]). The focus of these
literature reviews and the principles they suggest varies. For example, some provide general
guidance for developing AI systems with human-centred explanations, such as [21] who conducted
a systematic review of Explainable AI (XAI) from an end user’s perspective, and related these to
the five elements of HCXAI identified by Laato et al. [31]—trust, transparency, understandability,
usability and fairness. The findings formed guidelines for designing AI systems with human-centred
explanations, applicable to a variety of domains, such as digital services and education rather than
focused solely on ‘mission-critical systems.’ Similarly, Muelle et al. [39] provided insights based on
‘human-centered research on explanation in AI systems’ summarised as 14 design principles for
AI developers to refer to during development. Other papers apply findings from other research
domains such as psychology to understand how they may benefit the development of AI systems.
For example, Bertrand et al. [6] discuss how cognitive biases may influence decision-making with
XAI systems, whilst Wang et al. [49] similarly highlight how understanding human cognition can
help to develop XAI systems that support human reasoning.

Overall, findings in the literature are commonly summarised as a list of design principles for
developers and researchers interested in HCXAI to use in future work. However, with a high
volume of papers suggesting HCXAI design principles, especially for decision-support systems
in healthcare (e.g., [11, 34, 41, 42]), it becomes challenging to effectively synthesise the research.
Suggested principles show varying levels of overlap to previous papers, making it difficult to
consolidate the findings. Gu et al. [20], for example, identify the traceability of explanations as an
important feature of HCXAI, which was similarly concluded by Sokol and Flach [47]. Similarly,
He et al. [22] identify the need to provide tailored explanations for the particular user and their
circumstance, as does Miller [38]. However, the extent to which papers relate their design principles
to previously existing work is variable; He et al. [22], for example, references Miller [38], whilst
Gu et al. [20] does not reference Sokol and Flach [47]. Therefore, it is unclear the extent to which
previous work in the field is incorporated into newer publications, and as such makes it difficult to
assess how cohesive the suggested HCXAI design principles are overall. This ambiguity further
complicates efforts to determine whether the field is generating genuinely new insights or largely
reiterating existing principles without additional nuance.

To address this, meta-reviews have been conducted to synthesise studies and identify the current
key HCXAI design principles. For example, Chromik and Butz [13] conducted a scoping review of
91 papers on human–XAI interactions, which summarised the results as 4 design principles for
interactive Explainable User Interfaces (XUI). Similarly, Laato et al. [31] reviewed 25 papers on
how to explain AI systems to end users, and suggested 16 design recommendations. From these
meta-reviews, it is possible to observe the common areas of interest within the field of HCXAI, and
the current types of design principles being proposed. Whilst these meta-reviews have provided
useful summaries of HCXAI, e.g. [13] conducted in 2021 and [31] conducted in 2022, the field has
continued to expand rapidly in recent years. Therefore, there is a need for an updated review to
synthesise new design requirements and assess the current state of the field.
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Furthermore, the current approach to conducting meta-reviews typically takes the form of a
narrative summary, followed by a list of design principles. It is not always clear how the authors
summarised the papers into the list of principles, or what methodology was used to analyse them.
For example, Chromik and Butz [13] provide an in-depth explanation for how papers were found,
but provide little information on how papers were then analysed once collected. Similarly, Laato
et al. [31] explain the steps taken to find papers systematically, as well as how principles were
extracted and analysed via axial coding, but the resulting themes and recommendations are linked
only to the source papers, without showing how the specific principles within the papers helped
to derive them. In both cases, it is therefore unclear how the analyses of the selected texts were
conducted; for example, how did the authors analyse the selected texts? How many times were
the selected texts analysed (i.e., how many passes of the data were performed, and by whom)?
And how do the principles contained within the selected texts relate to the design principles the
authors conclude with? Without access to the original principles used as the dataset, it is difficult
to see how each principle maps to the recommendations given, reducing the transparency and
traceability of the work undertaken. Both are important for result dissemination, as transparency
in methodology aids the reader in how to interpret the conclusions of a meta-review, as they can
then trace how individual papers/insights map to the final meta-review summary.

For these reasons, scoping reviews can be complemented with qualitative research methods to
chart data with further transparency [4]. One such charting method is Content Analysis, which
provides a way to combine large amounts of qualitative data into groups/codes that summarise
what types of information and concepts exist within the dataset [29]. By treating HCXAI design
principles as data, it is possible to highlight the common areas of interest within the field, which
can reveal what the field has prioritised for study, and by extension, areas that have received less
attention. From here, what is currently considered to be HCXAI design principles can be learnt, as
well as areas of potential future research. Therefore, this study conducted a scoping review with
Content Analysis to synthesise recent work in the field, with a secondary emphasis on transparent
and traceable methodological reporting. The results provide a consolidated overview of the current
state of HCXAI.

3 Method
The analysis in this study took place in two steps: a scoping review of the literature to extract
HCXAI design principles, followed by a Content Analysis to summarise the principles.

3.1 Paper Collection
A scoping review was conducted to collect papers on general design principles for HCXAI, as these
are useful for identifying knowledge gaps in the literature [40]. In a scoping review, it is possible
to broadly map the relevant literature of a field by applying qualitative analysis to the collected
papers [4]. As we are interested in going beyond a narrative description of the existing literature, a
Content Analysis was selected for paper analysis [29]. For reporting the methodology and results,
we followed the PRISMA extension guidance for scoping reviews [48]. The steps taken to identify
papers eligible for inclusion are shown in Figure 1.

To find the initial papers, the ACM Digital Library and Google Scholar were searched. Eligible
papers were those dating anytime before November 2023 and written in English. For the ACM
Digital Library, the following search term was used: [[All: “human centred”] OR [All: “human
centric”] OR [All: “user centred”] OR [All: “user centric”]] AND [[All: “explainable AI”] OR [All:
“XAI”]] AND [[All: “design requirements”] OR [All: “design principles”]]. For Google Scholar, the
following search term was used: [“Human” or “User”] and [“Centred” or “Centered” or “Centric”]
and [“Explainable” or “Explanation”] and [“AI” or “XAI”] and [“Design”] and [“Principles” or
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Fig. 1. An overview of the paper screening process.

“Requirements”]. Two search strings were used due to differences in how search strings are written
between websites, however care was taken to keep them as similar as possible. From this search,
papers specifically discussing the intersection of human/user-centred design and explainable AI
(i.e., HCXAI-focused papers) were collected to be included in the review.

The screening process was conducted by the first author, after deliberation with the co-authors to
create the inclusion/exclusion criteria. The initial search resulted in 369 papers from ACM and 223
from Google Scholar. After removing conference proceeding summary documents, citations, books
and duplicates, this list was reduced to 240 and 208, respectively. Duplicates across the sources
were then removed, leaving 414 papers. The titles of the papers were then screened to find those
specific to HCXAI. Papers that focused on the introduction of AI techniques (such as reinforcement
learning) were removed, leaving 308 papers. Papers discussing the implications/benefits of creating
HCXAI were then removed (such as the benefits for fairness), leaving 292 papers. Papers that
discussed XAI but without a human-centred focus, or vice versa, were then removed, leaving 220
papers. The final 220 papers were then read by the first author to assess if they provided HCXAI
design principles, either in the prose of the discussion or as a set of bulletpoints/tables. Removing
papers that did not provide such principles left 62 papers, of which 35 were specific to HCXAI
rather than solely to XAI or human-centred design. At this step, papers were distinguished based
on whether they explicitly defined their principles as relating to HCXAI, rather than ‘user-centred
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4:6 N. Hughes et al.

design’ or ‘explainable AI’ in isolation. A full list of the papers selected for analysis can be found in
the Supplementary Materials.

3.2 Paper Analysis
Alongside the number of principles derived, the following variables were extracted to provide a
description of the papers used for analysis: how the principles were created (i.e., from an empirical
study or literature review), what domain they relate to (e.g., healthcare), the expected users consid-
ered (e.g., non-domain experts) and whether the principles were designed to be domain-specific or
generalisable across other domains/applications.

A total of 246 individual HCXAI design principles were extracted from the included papers
by the first author. This was done by reading each paper for highlights of results; many papers
provided bulletpoint lists or tables of key findings and design principles, however some
papers instead contained summary paragraphs in the discussion. In the latter case, summary
sentences were extracted and treated the same as those originally from bulletpoints. Some papers
provided a broad range of design principles where only some were explicitly stated to relate to
human-centred explanations. For example, Long et al. [36] reported 17 design principles ranging
from technology design (e.g., modularity) to research design (e.g., informed consent), where only
one principle was related to explainability. In these cases, only the principles specific to HCXAI
were extracted. Furthermore, sometimes principles contained more than one principle; for example,
the principle, ‘[…] explanation should be timely and adapted to the expertise of the stakeholder
concerned’ from [19] contains the two concepts of ‘timely’ and ‘adapted’. To improve clarity and
simplify the analysis, such multi-component principles were split into individual principles. This
process yielded a total of 330 principles.

To analyse the 330 principles found in the literature, an inductive Content Analysis [29] was
performed by the first author. Overall, the content analysis included four major steps, with iterations
at each step. Specifically, the initial pass involved grouping the principles into loose categories
based on what aspect of HCXAI they were referring to. For example, a number of principles made
reference to a need to understand the context of where the AI system is to be deployed, and so the
code, ‘Consider the Wider Context’ was created. Doing so generated 28 codes. The coding scheme
and their assigned principles were then discussed with the second author to reach consensus. This
led to a refinement in the codes to ensure they best reflected the data, which were implemented in
a second pass of the data by the first author.

As a part of this process, many categories were found to contain a high volume of principles,
and were therefore split into smaller codes to improve their individual definitions, resulting in 43
codes. This allowed for a granular analysis; however, it made it difficult to understand the entire
dataset cohesively. To strike a balance between specificity of codes and interpretability overall,
the codes were then analysed and grouped into a coding scheme consisting of hierarchical groups:
codes, meta-codes and areas of focus. Meta-codes grouped similar codes together: for example,
the codes, ‘Is Explanation Needed’ and ‘Goal of Explanation’ both refer to the reasons why a
designer would create an AI system with explanation capabilities. Consequently, these both fall
under the meta-code, ‘Explain Reason for Providing Explanation’. Areas of focus reflect what aspect
of HCXAI the meta-codes referred to, and were found by identifying similarities, patterns and
relationships between meta-codes. This resulted in four areas of focus: the Human-Centred in
HCXAI (54 principles), Design Aspects of HCXAI (51), the XAI in HCXAI (137), and Characteristics
of HCXAI (88), as shown in Figure 2.

A third pass was then conducted with feedback from all co-authors to ensure the hierarchical
groups were applied consistently, which resulted in 43 codes sorted into 10 meta-codes and 4 areas
of focus. However, as all previous analyses were completed with co-author involvement, it was
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Fig. 2. A histogram of the total code counts for the areas of focus.

important to assess the reliability of the generated codes via the use of an independent second
coder. Therefore, at the end an external second coder with expertise in qualitative data analysis for
Human–Computer Interaction was included. The coder was blind from the previous analysis, and
was given the 330 principles and the codebook, which contained a list and a description of each of the
43 codes.Theywere instructed to assign one code per principle, and results were compared to the first
author’s coding. To assess inter-rater reliability, Cohen’s Kappa was calculated [15]. The threshold
for the Kappa statistic was set as above 0.61, as this places it within the ‘substantial’ agreement
category [32]. The calculated Kappa was found to be 0.66. On reflection, many disagreements related
to the fact that the second coder was experienced with Human–Computer Interaction broadly
rather than explainability algorithms—as such, there were misalignments for codes such as what
constituted a type of feature importance. Other disagreements were related to similarities between
categories, such as ‘Why This Explanation’ vs. ‘General System Explanation’. The external coding
process provided a useful reflection on the implicit assumptions made by the authors based on
their familiarity with the topic. Disagreements were addressed by updating the wording of the
code definitions to be clearer. A full list of the extracted design principles and the codes they fall
under can be found in the Supplementary Materials.

4 Results
An overview of the papers collected for analysis is presented in Table 1. This shows the number of
principles derived, how the principles were created, what domain they relate to, the expected types
of users considered and whether the principles are designed to be generic or domain-specific.

As can be seen, many papers originated from the domain of healthcare (15 papers), though some
papers did not tie their findings to any specific application. Many papers also considered users
who were expert clinicians (12 papers), or non-domain experts, who were not familiar with AI
(15 papers). Principles were typically created from empirical insights gathered via user studies (19
papers), or as part of literature reviews from previous work (13 papers). Finally, the majority of
papers specified that whilst their design principles may originate from a specific study/domain,
they could be treated as general and apply to other settings (23 papers).

The codes assigned to each principle are shown in Table 2, along with their respective meta-codes
and area of focus. Figure 2 shows the count of codes across the areas of focus. Figures 3–6 show the
count of principles within each area of focus and are presented within their relevant sub-sections.
Each area of focus, along with its meta-codes and codes, is now discussed, with specific principles
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Table 1. An Overview of the Collected 35 Papers, Including Information about the Principles Collected

Paper Domain Expected Users Number of
Principles

Principle
Creation

Intended
Application

Eardley et al. [16] Healthcare Non-experts 15 User study Generic
Böckle et al. [7] Cycling monitor app Non-experts 3 Other’s guidelines (Google) Generic
Lee et al. [34] Healthcare Experts (clinical) 5 User study Specific
Bove et al. [8] Insurance Non-experts 5 Authors Generic
Long et al. [36] Public art Non-experts 3 User study Specific
Oberste et al. [42] Healthcare Experts (clinical) 4 User study Specific
Kim et al. [27] Healthcare Experts (clinical) and non-experts 7 Literature and user study Generic
Sokol and Flach [47] Generic Not specified 42 Literature review Generic
Kim et al. [28] Weather Experts (forecasters) 3 User study Specific
Naiseh et al. [41] Healthcare Experts (clinical) 5 User study Generic
Benjamin et al. [5] Education Experts (historians) 2 User study Generic
Palladino [43] Ethics Non-experts 1 Literature review Generic
Förster et al. [18] Generic Not specified 8 Other’s guidelines (ISO) Generic
Georgieva et al. [19] Ethics Not specified 9 Other’s guidelines (HLEG) Generic
Lekadir et al. [35] Healthcare Experts (clinical) 13 Literature review Specific
Bunde et al. [11] Healthcare Experts (clinical) 1 User study Generic
Schoonderwoerd et al. [46] Healthcare Experts (clinical) 19 User study Generic
Burgess et al. [12] Healthcare Experts (clinical) 7 User study Specific
He et al. [22] Healthcare Experts (clinical) 8 User study Specific
Jin et al. [26] Generic Non-experts 17 User study Generic
Chromik and Butz [13] Generic Not specified 4 Literature review Generic
Gu et al. [20] Healthcare Experts (clinical) 10 User study Specific
Bove et al. [9] Insurance Non-experts 3 Authors Generic
Larasati et al. [33] Healthcare Non-experts 14 User study Specific
Anderson et al. [3] Generic Non-experts 4 Other’s guidelines ([30]) Generic
Brunotte et al. [10] Data privacy Non-experts 9 User study Specific
Ahmad et al. [1] Generic Not specified 11 Literature and user study Generic
Herm et al. [23] Healthcare Non-experts 4 User study Generic
Wang et al. [49] Healthcare Experts (clinical) 15 Literature review Generic
Herrmanny and Torkamaan [24] Healthcare Experts (clinical) 28 Literature review Specific
Cirquiera et al. [14] Insurance Non-experts 18 Literature and user study Specific
Alzubaidi et al. [2] HR Not specified 7 Literature review Generic
Ridley [44] Recommender systems Non-experts 11 Literature review Generic
Long and Magerko [37] Education Non-experts 8 Literature review Generic
Schmid and Wrede [45] Generic Not specified 7 Literature review Generic

quoted from papers to provide examples of the categories. When reporting the following codes,
there are sometimes overlap when principles are referring to the explanations provided within an
AI system, the AI system overall, or a mixture of both. For clarity, throughout this section when a
code refers only to the system broadly, we use the phrasing, ‘an HCXAI system should…’. When the
code is specific to explanations, we use the phrasing, ‘explanations provided by HCXAI systems
should…’. When the code is applicable to both system and explanation, we use the phrasing, ‘an
HCXAI system and its explanations should…’.

4.1 The Human-Centred in HCXAI
This area of focus refers to principles that considered the human elements that influence the design
of HCXAI, and consists of 54 principles (16% of all principles), as shown in Figure 3. It consists
of three meta-codes: Consider Human Cognition (23 principles; 7%), Consider Human Bias (18
principles; 5%), and Understand the Context (13 principles; 4%).

Consider Human Cognition refers to a need to understand human cognitive processes in order to
design an HCXAI system and its explanations that can complement them, and has four codes. The
first, User Knowledge, has six principles, and states that explanations provided by HCXAI systems
should consider and complement what knowledge and expertise the user has (e.g., ‘explanations
should be tailored to the specific domain expertise’, Paper [27]). This may refer to their domain
expertise, their knowledge of ML systems or general background knowledge. Considering what
knowledge a user has makes it easier to design comprehensible explanations (e.g., ‘discussing the
level and type of background knowledge required to comprehend an explanation is crucial’, Paper
[47]). Knowledge varies between users, so it is important to consider who the intended user is
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Table 2. The Codes Identified in the Content Analysis, Sorted into Meta-Codes and Areas of Focus

Area of Focus Count Meta-Code Count Code Count
The Human-Centred in HCXAI 54 Consider Human Cognition 23 User Knowledge 6

Encourage Learning 6
The human elements that influence
the design of HCXAI User Engagement 6

Mental Model 5
Consider Human Bias 18 Types of Bias 8

Novelty/Abnormality 6
Cognitive Load 4

Understand the Context 13 Consider the User 5
Consider the Wider Context 5
Consider the Task 3

Design Aspects of HCXAI 51 Explain Reason for Providing Explanation 18 Is Explanation Needed 9
Goal of Explanation 6

The process of designing AI systems
whilst keeping the user as the central focus Tradeoffs 3

Consider Design Process Elements 33 Involve Users and Stakeholders 11
Presentation 8
Evaluation 7
Involve Multidisciplinary Experts 5
Iterative Design 2

The XAI in HCXAI 137 Consider the Content of Explanation 69 Information Used in Explanation 19
Feature Importance 12

Details of the algorithms that generate
explanations for AI systems Case Similarity/Dissimilarity 12

Types of Explanation 11
Use Case Specific Information 8
Contextual Information 7

Consider System Justification Shown to User 32 Why System Exists 11
General System Explanation 8
Explain System Strengths/Weaknesses 7
Explain Capabilities Statement 6

Consider Explanation Justification Shown to User 21 Certainty/Confidence 8
User Scepticism 8
Why This Explanation 5

Combine Explanations 15 Combine Explanations 10
Examples of Combined Explanation 5

Characteristics of HCXAI 88 Characteristics of HCXAI 88 Adaptable 15
Appropriately Simple 13

The elements specific to HCXAI
rather than HC or XAI Traceable 10

Interactive 8
Time Sensitive 8
Accurate 8
Consistent 7
Controllable 7
Conversational 7
Understandable 5

(e.g., ‘the intended audience of an explainable method may vary from a domain expert, through a
requirement of a general knowledge about a problem, all the way to a lay audience’, Paper [47]).

The second code, Encourage Learning, has six principles, and states users should learn how the
HCXAI system and its explanations function via using it (e.g., ‘support training and learning’, Paper
[41]). Learning can be supported by using a variety of explanation methods (e.g., ‘require a wide
range of explanation to support user’s own learning’, Paper [26]) that are interactive (e.g., ‘consider
including […] interactive demonstrations in order to aid in learners’ understanding of AI’, Paper
[37]). Doing so can prevent cognitive overload (e.g., ‘to prevent cognitive overload, consider […]
introducing scaffolding that fades as the user learns more about the system’s operations’, Paper
[37]) and helps to increase trust (e.g., ‘the introduction of the AI tool is a core opportunity for trust
building’, Paper [12]).

The third code, User Engagement, has six principles, and states an HCXAI system and its expla-
nations should encourage the user to interact with it (e.g., ‘the user should be encouraged to […]
get involved in the generation process’, Paper [24]). Motivating users to engage with explanations
helps them understand how they can interact with them, which is important as it fosters human
agency over decisions being made—‘the HCXAI principle of “active self-explanation” shifts the
balance of power and agency toward the user. By giving the user more information and context,
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Fig. 3. Histogram of the code counts for the human-centred of HCXAI area of focus, coloured by meta-code.

they are empowered to make their own assessments and explanations rather than only receiving
an algorithmic explanation’, Paper [44].

The final code,Mental Model, has five principles, and states an HCXAI system and its explanations
need to consider what information a user has and how they apply it to the current context (e.g.,
‘explanations should align with clinicians’ cognitive processes to maximize efficiency’, Paper [27]).
Doing so makes it easier to know what information an explanation will need to provide (e.g., ‘an
explainability system has to “know” what the user knows and expects to determine the content of
the explanation’, Paper [47]).
Consider Human Bias refers to a need to understand the limitations in human cognition when

designing explanations provided by HCXAI systems, and has three codes. The first, Types of Bias,
has eight principles, and states the need to identify any cognitive biases that may be present when
a user interacts with an explanation (e.g., ‘it is important to identify any resulting bias from the use
of explainability methods’, Paper [35]). Examples of cognitive biases to be aware of were given as
principles, such as confirmation bias (e.g., ‘avoid confirmation and early closure’, Paper [49]), as
well as ways to avoid them (e.g., ‘most explanations are not of a causal nature. If this is the case,
this property needs to be explicitly communicated to the users so that they can avoid drawing
incorrect conclusions’, Paper [47]).

The second code, Novelty/Abnormality, has six principles, and states explanations provided by
an HCXAI system that are different/not typical need to be clearly communicated to the user (e.g.,
‘explanations should contain surprising or abnormal characteristics (that have low probability of
happening, e.g. a rare feature value) to point the user’s attention in an interesting direction’, Paper
[47]). This prevents users from becoming complacent when interacting with similar explanations
over time (e.g., ‘design for challenging habitual actions’, Paper [41]), however the explanation itself
should be consistent to make novelty easier to notice (e.g., ‘explanations should be familiar to the
users’, Paper [2]).

The final code, Cognitive Load, has four principles, and states explanations provided by an HCXAI
system should not provide too much information at once to the user (e.g., ‘do not overwhelm the
user’, Paper [3]). This can be done by providing short explanations (e.g., ‘explanations should be […]
succinct enough to avoid overwhelming the explainee with unnecessary information’, Paper [47]).
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Understand the Context refers to a need to understand where the HCXAI system will be deployed,
and has three codes. The first, Consider the User, has five principles, and states the need to under-
stand who will use the AI system (e.g., ‘the need for understanding user’, Paper [18]). This includes
what type of user will be involved, and what they are expected to do (e.g., ‘the importance of con-
text (regarding user objectives, decision consequences, timing, modality, and intended audience)’,
Paper [44]).

The second code, Consider the Wider Context, has five principles, and states a need to understand
what affects interactions between humans, the HCXAI system, and its explanations more broadly
(e.g., ‘Consider organizational or project context beyond performance. Other constraints typically
influence the choice of algorithm. They largely depend on environmental factors such as cost
(training and inference), time constraints, end user abilities, and laws’, Paper [23]). This includes
considering what information an explanation should include (e.g., ‘explanations should be tailored
to […] the specific contextual application of professionals’, Paper [27]), and what is likely to be
useful to users—‘account for what is possible and realistic […] for the clinical context’, Paper [12].

The final code, Consider the Task, has three principles, and states a need to understand what task
the HCXAI system will be involved in (e.g., ‘the need for understanding […] task’, Paper [18]).
This includes understanding the workflow the AI system is to be integrated into; ‘Pinpoint where
complex decisions need to take place in a clinical workfow versus tools that provide blanket data
that physicians already know’, Paper [12].

4.2 Design Aspects of HCXAI
This area of focus refers to the process of designing HCXAI by keeping the user as the central
focus, and consists of 51 principles (16% of all principles), as shown in Figure 4. It consists of
two meta-codes: Consider Design Process Elements (33 principles; 10%) and Explain Reason for
Providing Explanation (18 principles, 5%).
Consider Design Process Elements refers to principles that outline how to develop an HCXAI

system and its explanations, and has five codes. The first code, Involve Users and Stakeholders, has
11 principles, and states a need to include those that will interact with the tool during the design
process (e.g., ‘user involvement in design and development’, Paper [18]). This may be the end-user,
but it is important to consider other key stakeholders as well (e.g., ‘comprehensively consider
multiple stakeholders with different interests in the AI system’, Paper [22]), and if these differing
perspectives conflict—‘measure whether a design solution that meets the explanation needs of one
stakeholder will harm the interests of other stakeholders’, Paper [22].

The second code, Presentation, has eight principles, and refers to the layout and interface design of
the explanations provided by an HCXAI system (e.g., ‘consider mode(s) of explanation presentation’,
Paper [16]). Features that may affect processing of information (e.g., ‘design for accessibility’, Paper
[16]) as well as how information is communicated, are considered here—‘design for inclusiveness
[…] it is important to consider measurement units, language, images, and visuals’, Paper [16].
The language used by HCXAI should also be considered (e.g., ‘consider complementing implicit
explanations with rationales in natural language’, Paper [13]).

The third code, Evaluation, has seven principles, and states a need to test an HCXAI system
design with users (e.g., ‘rigorous empirical evaluation’, Paper [45]). Doing so helps to increase
the robustness and safety of the system (e.g., ‘performance in various testing cases to show AI’s
robustness on safety’, Paper [26]).

The fourth code, Involve Multidisciplinary Experts, has five principles, and states a need to include
experts from a variety of fields during development (e.g., ‘a multidisciplinary team with diverse
skills and perspectives is required’, Paper [18]). This includes those that helped to build the system
(e.g., ‘involve the technical expert team members in review of the design development’, Paper [16]),
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Fig. 4. Histogram of the code counts for the design aspects of HCXAI area of focus, coloured by meta-code.

but their input must be considered alongside user feedback—‘balance the feedback given by the
users and experts’, Paper [16].

The final code, Iterative Design, has two principles, and states a need to perform multiple design
stages to ensure the HCXAI system is designed correctly for the context (e.g., ‘the need for an
iterative process’, Paper [18]).

Explain Reason for Providing Explanation states the importance of explicitly stating why anHCXAI
system is being built, and has three codes. The first, Is Explanation Needed, has nine principles, and
states a need to identify if an HCXAI system requires an explanation for a specific task (e.g., ‘does an
explainee need to understand the inner workings of a predictive model?’, Paper [47]). Depending on
the context an explanation may not in fact be needed (e.g., ‘explanations are not always necessary’,
Paper [44]), and the extent of explanation needed is also likely to be context-dependent—‘consider
the degree of explanation that end users need’, Paper [23].

The second code, Goal of Explanation, has six principles, and refers to the need to identify what
the explanation provided by the HCXAI system is trying to achieve (e.g., ‘explanation content
depends on specific explanation goals’, Paper [26]). This involves understanding why explanations
exist within human communication (e.g., ‘the need for an explanation is not about “why” or “how”
but rather for a set of confidence or performance metrics’, Paper [44]).

The final code, Tradeoffs, has three principles, and states a need to outline what is feasible for
an explanation provided by an HCXAI system to deliver given the context (e.g., ‘trade-offs might
have to be made between enhancing a system’s explainability (which may reduce its accuracy) or
increasing its accuracy (at the cost of explainability)’, Paper [19]). This may also involve considering
user cognition to understand what should and should not be traded off (e.g., ‘balancing the tradeoff
between coherence with the explainee’s mental model, novelty and overall plausibility’, Paper [47]).

4.3 The XAI in HCXAI
This area of focus refers to the algorithms generating the explanation for AI systems, and consists of
137 principles (42% of all principles), as shown in Figure 5. It consists of four meta-codes: Consider
the Content of Explanation (69 principles; 21%), Consider System Justification Shown to User (32
principles; 10%), Consider Explanation Justification Shown to User (21 principles; 6%), and Combine
Explanations (15 principles; 5%).
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Fig. 5. Histogram of the code counts for the XAI of HCXAI area of focus, coloured by meta-code.

Consider the Content of Explanation refers to what information an HCXAI system needs access
to and what explanations it should show to users, and has six codes. The first, Information Used
in Explanation, has 19 principles, and describes what types of information within the explana-
tions provided by an HCXAI system should include (e.g., ‘the information that is used to make
the classification’, Paper [46]). This includes reference information (e.g., ‘providing any kind of
reference or value for orientation’, Paper [24]), the inputs of the explanation (e.g., ‘the data user
inputted to the system’, Paper [33]) and the output (e.g., ‘system result, e.g., pre-diagnosis, analysis,
recommendation’, Paper [33]).

The second code, Feature Importance, has 12 principles, and refers specifically to explanations
provided by HCXAI systems using feature importance techniques (e.g., ‘the XAI model should
easily explain which features or variables influenced the model’s predictions’, Paper [2]). The
relationships between features should also be explained (e.g., ‘enables experts to observe […] the
relationships between features in the dataset’, Paper [14]), as well as how these features would
change between classifications—‘from what value of feature X the classification would have been
different,’ Paper [46].

The third code, Case Similarity/Dissimilarity, has 12 principles, and refers specifically to ex-
planations provided by HCXAI systems using case similarity (e.g., ‘how this case relates to a
specific similar case’, Paper [46]) and dissimilarity (Paper [14]). This could involve highlighting the
similarities between cases (Paper [49]) or showing the range of cases that are included in the same
classification (e.g., ‘the most different cases with the same classification’, Paper [46]).

The fourth code, Types of Explanation, has 11 principles, and describes the types of explanations
provided by HCXAI systems that can currently be provided (e.g., ‘the power of contrastive examples
and approaches’, Paper [44]). Examples given include the use of counterfactual explanations (e.g.,
‘facilitate sensitivity analysis with What If explanations to test stability of primary hypothesis’,
Paper [49]), ‘what if’ explanations (e.g., ‘facilitate sensitivity analysis with What If explanations
to test stability of primary hypothesis’, Paper [49]), and graphics—‘consider including graphical
visualizations’, Paper [37].

The fifth code, Use Case Specific Information, has eight principles, and describes information that
is specific to the use case of the study it was collected from (e.g., ‘general disease information, e.g.,
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name, symptoms, caused’, Paper [33]). Many of these are specific to clinical contexts (e.g., ‘compare
disease with prototypes of the condition’, Paper [49]). These are likely only relevant to the context
being studied, and so are unlikely to generalise to all explanations provided by HCXAI systems.

The final code, Contextual Information, has seven principles, and refers to the need for expla-
nations provided by HCXAI systems to include information that is relevant to the context (e.g.,
‘provide information related to the context of the current operation’, Paper [22]). This also includes
considering how to pair explanations provided by the XAI system with the current context (e.g.,
‘supplement explanation methods with contextual cues’, Paper [5]).

Consider System Justification Shown to User refers to a user’s desire to query the HCXAI system’s
purpose, and has four codes. The first, Why System Exists, has 11 principles, and refers to a need
to explain to users the HCXAI system’s purpose (e.g., ‘the rationale for deploying it, should be
available’, Paper [19]). This includes how the design was chosen (e.g., ‘design choices of the system
[…] should be available’, Paper [19]), and where it is expected to be used (‘every explainability
approach should be accompanied by a list of its intended applications’, Paper [47]), to help users
understand its purpose—‘explain why the platform is useful to your end users’, Paper [16].

The second code, General System Explanation, has eight principles, and refers to a need to explain
what the HCXAI system does overall (e.g., ‘general system information, e.g., data, system accuracy’,
Paper [33]). This includes how user data are used (e.g., ‘explain to the user how their information is
used’, Paper [1]).

The third code, Explain System Strengths/Weaknesses, has seven principles, and refers to a need to
explain what the HCXAI system performs well at (e.g., ‘strengths of the model must be explained’,
Paper [2]) and its limitations (e.g., ‘explain limitations of the AI’, Paper [1]). This can be done by
explaining what the model output is based on (e.g., ‘the user will better understand the limitations
of an explanation if it is accompanied by all the necessary conditions for it to hold’, Paper [47]).

The final code, Explain Capabilities Statement, has six principles, and refers to a need to explain
what the HCXAI system is capable of achieving (e.g., ‘explain system functionalities’, Paper [1]).
This is similar to Explain System Strengths/Weaknesses, but refers specifically to explaining what the
AI system should be used for given its design. It includes explaining the underlying algorithm (e.g.,
‘system algorithm or the technical process to gets its results’, Paper [33]) in order to increase trans-
parency—‘give transparency on the ML system’s scope and basic operations to provide guidance
on how to interpret explanations’, Paper [8].

Consider Explanation Justification Shown to User refers to a user’s desire to question the specific
explanation provided by the HCXAI system for its decision, and has three codes. The first code,
Certainty/Confidence, has eight principles, and refers to a need for the system to provide a metric
for how certain it is of its recommendation (e.g., ‘indicate decision certainty level’, Paper [26]). This
can be achieved via many metrics (e.g., ‘indicating the extent of the system’s uncertainty through
parameters, such as error, accuracy, precision, confidence etc.’, Paper [24]).

The second code, User Scepticism, has eight principles, and refers to enabling the user to question
and interrogate an explanation provided by the HCXAI system (e.g., ‘the user should be encouraged
to question […] the system result’, Paper [24]). This can be done to check the correctness of the
result (e.g., ‘for the user to check the input (is it correct or not)’, Paper [33]) or because the user is
unsure of the result—‘need explanations for verification’, Paper [26].

The final code, Why This Explanation, has five principles, and refers to a need to explain how a
specific explanation provided by the HCXAI systemwas achieved (e.g., ‘provide local explainability’,
Paper [20]). This may include why an explanation was given over another (e.g., ‘why it is this
classification, and not another one’, Paper [46]), or why it is a better explanation—‘Provide insight
into why a suggestion […] is superior to others (in contrast to how it was generated)’, Paper [24].
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Combine Explanations refers to a need for HCXAI systems to provide more than one type
of explanation, and has two codes. The first, Combine Explanations, has 10 principles, such as
‘consider offering multiple explanation methods and modalities to enable explainees to triangulate
insights’, Paper [13]. Alongside this, it is important to explain how the explanations are connected
(e.g., ‘present the logical relationship that connects these multiple criteria/features/sources of
information’, Paper [20]). The second, Examples of Combined Explanation, has five principles, and
describes specific examples of which explanations an HCXAI system can combine (e.g., ‘show
input attributions for multiple outcomes to allow contrastive reasoning’, Paper [49]), and what
reference information should be included—‘pair each local feature importance explanation with
global information provided by a domain expert. It should provide some brief justification about
how a feature might impact the prediction regardless of its value’, Paper [8].

4.4 Characteristics of HCXAI
This area of focus refers to characteristics that are specific to HCXAI rather than just XAI or
human elements, and consists of 88 principles (27% of all principles), as shown in Figure 6. They
are achieved by considering all aspects of HCXAI in combination. It contains 10 codes all under a
single meta-code.

The first code, Adaptable, has 15 principles, and states an HCXAI system and its explanations
should be flexible to the user (e.g., ‘make an adaptive system for […] collaborative decision making’,
Paper [34]). This includes adapting to a specific user’s needs (e.g., ‘users should be able to customise
the explanation that they get to suit their needs’, Paper [47]), which may vary between users (e.g.,
‘explanations depend on different stakeholders’, Paper [26]). Further, adapting the complexity of an
explanation to a user’s preference is important—‘the complexity of explanations should be tuned
to the recipient’, Paper [47].

The second code, Appropriately Simple, has 13 principles, and states explanations provided by an
HCXAI system should be at the correct level of complexity for the user and the context (e.g., ‘if the
system does not allow for explanation complexity to be adjusted by the user, it should be as simple
as possible by default (unless the explainee explicitly asks for a more complex one)’, Paper [47]).
Simple may refer to the language used (e.g., ‘simple and General Uncomplicated wording that is
acceptable for laypeople from various education background and level’, Paper [33]), the length/detail
of the explanation (e.g., ‘avoid overly detailed explanations’, Paper [22]), or the knowledge users
are expected to have to understand the explanation—‘explanations should be […] simple in terms
of audience knowledge’, Paper [2].

The third code, Traceable, has 10 principles, and states an HCXAI system and its explanations
should show how an explanation was generated (e.g., ‘if possible, every explanation should be
accompanied by an explainability trace indicating which training data points were influential for a
prediction and the role that the model and its parameters played’, Paper [47]). This allows users to
understand how a decision was reached in terms of evidence (e.g., ‘there should be explainability
[…] locally (what evidence leads to the computed result of each criterion)’, Paper [20]) as well as the
AI’s decision-making process—‘inference path to provide the reasoning process of the AI model’,
Paper [14].

The fourth code, Interactive, has eight principles, and states an HCXAI system and its explanations
should not be static but rather interactable by the user (e.g., ‘interaction for […] human-in-the-
loop decision making’, Paper [45]). This can take the form of providing feedback to the user
(e.g., ‘providing system feedback to the user also supports fluent interaction’, Paper [24]), as well
as providing further information when needed (e.g., ‘the user to request detailed information’,
Paper [33]).
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Fig. 6. Histogram of the code counts for the characteristics of HCXAI area of focus.

The fifth code, Accurate, has eight principles, and states explanations provided by an HCXAI
system should present accurate information given the context (e.g., ‘the content of the explanation
needs to be accurate’, Paper [16]). This also considers how complete an explanation is (e.g., ‘be
complete’, Paper [3]), and the accuracy of the interpretation of the AI predictive model—‘how
truthful an explanation is with respect to the underlying predictive model’, Paper [47].

The sixth code, Time Sensitive, has eight principles, and states an HCXAI system should consider
when its explanations are given (e.g., ‘explanation should be timely’, Paper [19]). This includes:
where in a user’s interaction/decision-making process the explanation should be presented (e.g.,
‘the XAI model should easily explain […] at what step the decision is made’, Paper [2]), the up-to-
dateness of the underlying data (e.g., ‘the content of the explanation […] needs to be up-to-date’,
Paper [16]), and the need to highlight any changes—‘any updates and changes to the platform need
to be included and made available’, Paper [16].

The seventh code, Controllable, has seven principles, and states an HCXAI system should be
controlled by the user and not undermine their agency (e.g., ‘give the clinician agency/control over
model output’, Paper [12]). The user should be able to control the explanation process (e.g., ‘the
user should be enabled […] to exert influence on the system’, Paper [24]) to allow for effective
oversight—‘to ensure efficient oversight and decision-making, humans should maintain control
over AI systems’, Paper [27].

The eighth code,Consistent, has seven principles, and states anHCXAI system and its explanations
should be presented in a recognisable and consistent way (e.g., ‘consistency of explanations’, Paper
[45]). This relates to the reliability of outputs (e.g., ‘users are interested in the local reliability of the
predictions’, Paper [28]) and the performance (e.g., ‘users require stated and observed performance’,
Paper [26]) in a variety of applications—‘require AI to maintain the same capability and perform
well for minority subgroups’, Paper [26].

The ninth code, Conversational, has seven principles, and states explanations provided by the
HCXAI system should take the form of a dialogue between the system and the user following
the conventions of human communication (e.g., ‘the explanation process should […] be “social”
(bidirectional communication is preferred to one-way information offloading)’, Paper [47]). This also
includes the ability for users to correct previous mistakes (e.g., ‘corrigibility for human-in-the-loop
decision making’, Paper [45]) and to ask for further clarification—‘consider offering hierarchical or
iterative functionalities that allow followups on initial explanations’, Paper [13].
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Table 3. An Overview of What Codes Were Formed from Which Domains Based on the 35 Papers Reviewed

Generic
(7 papers)

Ethics
(2 papers)

Privacy
(1 paper)

Health
(15 papers) Device Business

Code Smarthome
Health (1 paper)

Phone app
Cycling (1 paper)

Public Art
(1 paper)

Recommender
Systems (1 paper)

HR
(1 paper)

Insurance
(2 papers)

Education
(2 papers)

Weather
(1 paper)

Accurate Ø Ø Ø

Adaptable Ø Ø Ø Ø

Appropriate Simplicity Ø Ø Ø Ø Ø Ø Ø

Case Similarity/Dissimilarity Ø Ø Ø

Certainty/Confidence Ø Ø Ø Ø

Cognitive Load Ø Ø

Combine Explanations Ø Ø Ø Ø

Consider the Task Ø Ø

Consider the User Ø Ø Ø Ø Ø

Consider the Wider Context Ø Ø Ø

Consistent Ø Ø Ø

Controllable Ø Ø

Conversational Ø Ø

Design Evaluation Ø Ø

Encourage Learning Ø Ø Ø

Examples of Combined Explanation Ø Ø

Explain Capabilities Statement Ø Ø Ø

Explain System Strengths/Weaknesses Ø Ø Ø Ø

Feature Importance Ø Ø Ø Ø

General System Explanation Ø Ø Ø Ø

Goal of Explanation Ø Ø

Human Bias Ø Ø

Information Used in Explanation Ø Ø Ø Ø

Interactable Ø Ø Ø Ø

Involve Multidisciplinary Experts Ø Ø Ø

Involve users and stakeholders Ø Ø Ø

Is Explanation Needed Ø Ø Ø

Iterative Design Ø

Mental Model Ø Ø Ø

Novelty/Abnormality Ø Ø Ø

Presentation Ø Ø Ø Ø

Time Sensitive Ø Ø Ø Ø Ø

Traceable Ø Ø Ø Ø Ø Ø

Tradeoffs Ø Ø

Types of Explanation Ø Ø Ø Ø Ø

Understandable Ø Ø Ø

Use Case Specific Information Ø

User Engagement Ø Ø

User Knowledge Ø Ø

User Scepticism Ø Ø

Why System Exists Ø Ø Ø Ø Ø

Why This Explanation Ø Ø

The final code, Understandable, has five principles, and states an HCXAI system and its explana-
tions should be understandable to users who may not have in-depth knowledge of how ML systems
work (e.g., ‘decisions made by an AI system can be understood […] by human beings’, Paper [19]).
This includes how interface design may influence understandability (e.g., ‘considering how interface
design plays a role in understandability’, Paper [36]) as well as how users will understand what to
do when given an explanation—‘the user should be enabled to understand […] its implications’,
Paper [24].

4.5 Influence of Principle Specificity, Domain and Intended Users
Given that the above principles were formed from a varied set of papers in terms of their intended
domain and user, this section explores how the identified codes relate to these factors. Most papers
provided generic principles rather than specific to an intended application (23/35 papers). However,
all codes were formed from a combination of both generic and specific principles, except in nine
cases: Cognitive Load, Goal of Explanation, Is Explanation Needed, Iterative Design, Mental Model,
Novelty/Abnormality, Tradeoffs, Types of Explanation, and User Knowledge. In these cases, only
principles intended to be generic formed these codes. Therefore, whilst specific principles were
used in the dataset, none of them formed their own unique categories.

In terms of the domains studied, healthcare was the most common (15 out of 35 papers), followed
by no specified domain, here considered to be generic domain application (7/35 papers). An overview
of how the generated codes relate to the intended application domain is shown in Table 3.

Principles not specific to a domain (i.e., generic application) aided in generating all codes, apart
from four: Examples of Combined Explanation, Use Case Specific Information, Understandable, and
User Engagement. In terms of the former two this is understandable, as these were codes identified
specific information about the study within the paper, and so they would not be expected to appear
here. In terms of the latter two, Understandable applies to the domains of ethics, health, and public

ACM Transactions on Interactive Intelligent Systems, Vol. 16, No. 1, Article 4. Publication date: January 2026.



4:18 N. Hughes et al.

Table 4. An Overview of What Codes Were Formed from Which Intended Users Based
on the 35 Papers Reviewed

Experts Mixed
Non-Domain

Experts
(14 Papers)

Generic
(7 Papers)

Code Forecasters
(1 Paper)

Clinical
(11 Papers)

Historians
(1 Paper)

Experts (Clinical) and
Non-Domain Experts (1 Paper)

Accurate Ø Ø

Adaptable Ø Ø Ø Ø

Appropriate Simplicity Ø Ø Ø

Case Similarity/Dissimilarity Ø Ø Ø

Certainty/Confidence Ø Ø

Cognitive Load Ø Ø

Combine Explanations Ø Ø Ø Ø

Consider the Task Ø Ø

Consider the User Ø Ø Ø

Consider the Wider Context Ø Ø Ø Ø Ø

Consistent Ø Ø Ø Ø

Controllable Ø Ø Ø Ø

Conversational Ø Ø Ø

Design Evaluation Ø Ø Ø

Encourage Learning Ø Ø

Examples of Combined Explanation Ø Ø

Explain Capabilities Statement Ø Ø Ø Ø

Explain System Strengths/Weaknesses Ø Ø Ø

Feature Importance Ø Ø Ø

General System Explanation Ø Ø Ø

Goal of Explanation Ø

Human Bias Ø Ø

Information Used in Explanation Ø Ø Ø

Interactable Ø Ø Ø

Involve Multidisciplinary Experts Ø Ø Ø

Involve Users and Stakeholders Ø Ø Ø

Is Explanation Needed Ø Ø

Iterative Design Ø Ø

Mental Model Ø Ø Ø

Novelty/Abnormality Ø Ø

Presentation Ø Ø Ø

Time Sensitive Ø Ø

Traceable Ø Ø Ø

Tradeoffs Ø

Types of Explanation Ø Ø Ø

Understandable Ø Ø Ø

Use Case Specific Information Ø Ø

User Engagement Ø Ø

User Knowledge Ø Ø

User Scepticism Ø Ø

Why System Exists Ø Ø Ø

Why This Explanation Ø Ø

art, and User Engagement applies to the domains of health and recommender systems. Therefore,
the generated codes from this analysis apply across several domains, though an HCXAI being
Understandable and considering User Engagement have more specific applicability.

In terms of the intended users studied, many applied to both clinical experts (12/35) or non-
domain experts (15/35), whilst many papers also provided no information on the intended user in
terms of expertise (7/35). Here, this unspecified user type is considered to provide generic principles,
as principles created from these papers should apply regardless of the level of expertise of the user.
An overview of how the generated codes relate to the intended users is shown in Table 4.

By combining the three types of Expert User together (generic, clinical, and historians), only 10
codes did not form from this category: Accurate, Cognitive Load, Explain System Strengths/Weak-
nesses, Goal of Explanation, Is Explanation Needed, Iterative Design, Mental Model, Time Sensitive,
Tradeoffs, and User Knowledge. This is different to the Non-Domain Expert User category, which
did not form five codes: Consider the Task, Human Bias, Novelty/Abnormality, Tradeoffs, and User
Knowledge. This indicates high overlap between codes relevant to both Experts and Non-Domain
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Experts, as only Tradeoffs and User Knowledge did not form from either category. In contrast,
eight codes were not formed from the Generic User category: Certainty/Confidence, Encourage
Learning, Examples of Combined Explanation, Goal of Explanation, Use Case Specific Information,
User Engagement, User Scepticism, and Why This Explanation. Only Goal of Explanation overlaps
with Expert Users here, indicating there are only a few codes specific to a specific user group (7/42
codes). Therefore, the codes generated from this analysis can be readily applied to most user types.

5 Discussion
The aim of this study was to analyse what HCXAI design principles have been suggested to date, to
distil the literature into a summary set of design principles. Alongside this, what the field currently
means by the term ‘HCXAI’ is explored. This was done by performing a scoping review of the
extracted design principles. To this end, two research questions were answered.

5.1 RQ1: What HCXAI Design Principles Currently Exist and What Methods Are Used
to Identify Them?

A Content Analysis revealed 43 types of design principle, sorted into 10 groups in 4 areas of
focus. The areas of focus reflected the different components within HCXAI design principles: the
human-centred element, the design element, the XAI element, and the characteristics of HCXAI
which are enabled by combining the previous elements. The characteristics of HCXAI were found
to be an AI system that is adaptable, appropriately simple, traceable, interactive, time sensitive,
accurate, consistent, controllable, conversational, and understandable.

The high volume of codes suggests HCXAI design principles are highly varied and cover a
complex range of concepts. Consequently, they could not be easily summarised without the use of
meta-codes. By extension this suggests HCXAI is a complex concept to achieve, requiring multiple
areas of focus that need to be combined and work together. This complexity and its implications
for the field are further explored in the following sub-section.

In terms of the methods used, the majority of papers used user studies to elicit design principles
(19/35). Papers also commonly conducted literature reviews to collate previous design principles
(13/35). In rare cases, papers would combine both a user study and literature review (3/35), make use
of previous guidelines from other fields or papers (4/35), or be suggested by the authors themselves
(2/35). Overall, this suggests the creation of HCXAI design principles is still in the infant stages,
where new principles are derived from empirical studies rather than from an established and agreed
upon set. Implications for the field based on its infancy are explored in the following sub-section.

Overall, as explored in Section 4.5, the level of specificity, domain and intended user had little
effect on code generation, as most were formed evenly from all of these variables. This indicates,
whilst the papers sampled considered HCXAI in diverse ways, the codes generated from the analysis
reflect general HCXAI principles that apply across domains and user types. Given this, a summary
of the HCXAI principles currently available in the field are shown in Table 5, based on each code
generated from the analysis.

5.2 RQ2: What Insights about the Field of HCXAI Can Be Gained from These Design
Principles?

The second research question revealed three key insights: (1) a need for clarity on what design
principles are specific to HCXAI, as opposed to XAI, human factors, or user-centred design; (2) a
need for clarity over the definition of HCXAI itself; and (3) the identification of 10 key characteristics
of HCXAI.
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Table 5. Design Principles for HCXAI Summarised from the Content Analysis

Code Summary Principles—An HCXAI should…
Accurate Present a complete and accurate explanation of the AI predictive model
Adaptable Be flexible to the user, their specific needs, and their preferences for complexity
Appropriate Simplicity Be the correct level of complexity for the user and context in terms of language used, explanation length/detail, and expected user knowledge
Consider the Wider Context During development, understand what factors affect human–AI system interactions more broadly, to inform what information to include
Case Similarity/Dissimilarity Highlight the similarities between cases or show the range of cases included in the same classification
Certainty/Confidence Provide a metric for how certain it is of a provided explanation being correct
Cognitive Load Not provide too much information at once to the user, for example by providing short explanations
Combine Explanations Provide more than one type of explanation and explain how the explanations are connected
Consider the Task During development, understand what task the AI system is to be involved in, such as the workflow it will be integrated into
Consider the User During development, understand what types of users will use the AI system, and what they are expected to do with it
Consistent Present explanations in a recognisable and consistent way, so that the output/performance is reliable
Contextual Information Provide information that is relevant to the context
Controllable Be controlled by the user and not undermine their agency, to allow for effective oversight
Conversational Take the form of a dialogue between the AI system and user, following the conventions of human communication
Design Evaluation During development, test the design with users to increase the robustness and safety of the system
Encourage Learning Help users learn how the system works using various interactive explanation methods to prevent cognitive overload and help increase trust
Examples of Combined Explanation [Descriptive code rather than a principle]
Explain Capabilities Statement Explain what the system is capable of achieving, what the AI system should be used for, and its underlying algorithm to increase transparency
Explain System Strengths/Weaknesses Explain what the AI system performs well at and what are its limitations
Feature Importance Use feature importance techniques, explain relationships between features, and how features would change between classifications
General System Explanation Explain what the system does overall, including how user data are used
Goal of Explanation Identify what the explanation of the AI system is trying to achieve, using human communication as a starting point
Human Bias During development, identify the types of cognitive bias that may be present and ways to avoid them
Information Used in Explanation During development, consider the types of information to show to users, and what to include alongside this information
Interactable Be interactable by the user, such as by providing feedback or further information to the user when needed
Involve Multidisciplinary Experts During development, include experts from a variety of fields, such as those that helped build the system
Involve Users and Stakeholders During development, include the end user and other key stakeholders, and identify any conflicts between their perspectives
Is Explanation Needed During development, identify if an AI system is required for a specific task/context
Iterative Design During development, perform multiple design stages to ensure it is designed correctly for the context
Mental Model During development, consider what information a user has and how they apply it to the current context
Novelty/Abnormality Clearly communicate to the user results that are different/not typical via consistent explanations that make it easy to highlight novelty
Presentation During development, consider the layout and interface design and how these may affect information processing
Time Sensitive Be aware of when explanations are given in a user’s interaction/decision-making process, as well as the up-to-dateness of data
Traceable Show how an explanation was generated, so users can understand how a decision was reached
Tradeoffs During development, outline what is feasible for an AI system to deliver given the context
Types of Explanation [Descriptive code rather than a principle]
Understandable Be understandable to users who may not have in-depth knowledge of how ML systems work
Use Case Specific Information [Descriptive code rather than a principle]
User Engagement Engage the user to encourage interacting with it, to help foster human agency over decisions being made
User Knowledge Consider and complement what knowledge and expertise the user has and how this varies between users
User Scepticism Enable the user to question and interrogate a given explanation to check the correctness of the result or investigate any unsurety they have
Why System Exists Explain to users the AI’s purpose, including how the design was chosen and where it is expected to be used
Why This Explanation Explain how a specific explanation was achieved, such as why an explanation was given over another
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5.2.1 A Need for Clarity on What Design Principles Are Specific to HCXAI. Firstly, despite care
being taken to only include HCXAI design principles during paper screening, the analysis revealed
areas of focus that reflected each component of HCXAI separately (i.e., the human-centred focus
and XAI focus), alongside the characteristics specific to HCXAI. This suggests a high overlap
between design principles created to address the concepts of human-centred design, explainable
AI, and HCXAI, which blurs the boundaries of where HCXAI begins and its supporting fields end.

Furthermore, roughly a quarter of principles were specific to the characteristics of HCXAI
(26.7%), which represent the core of the design principles. This means most principles instead
discuss surrounding factors that affect HCXAI, such as the human-centred and XAI components,
further blurring the boundaries of HCXAI. It is possible the term ‘HCXAI’ is temporary in nature
as the field continues to mature the wider concepts around explainable AI. At this point, it may
become a redundant term, as it can be better understood from a different perspective. For example,
taking a systems approach would involve considering the wider context in which an AI system exists.
Doing so may help explain how to design interactions that occur between the different human and
AI elements in the system. Until then, future research may be required to clarify what is specific
about HCXAI, that is distinct from human-centred or XAI design principles.

However, the existence of areas of focus within HCXAI design principles also reveals where
current research has put the most emphasis. There has been a large focus on the XAI component of
HCXAI, as this area contained the highest number of principles. The smallest area was the design
component, followed by the human-centred component. This suggests whilst HCXAI principles
may have been intended to combine human-centred design concepts with XAI, there has been a
smaller research focus on how to design for this. This may affect the usefulness of HCXAI design
principles currently suggested by the field. Further, it indicates more research is required into the
design and human-centred components of HCXAI to further improve suggested design principles.
As discussed above, taking a systems approach to the design of AI systems means it is important to
consider all aspects of the context in which the AI system will exist. Doing so will lead to more
appropriate and well-integrated AI systems.

5.2.2 A Need for Clarity over the Definition of HCXAI Itself. Secondly, and building on the first
insight, there is some confusion over what the term HCXAI itself refers to, as seen by the varied
types of codes generated. For example, some principles consider how to design an AI system, whilst
others capture the interactions that happen between the human and the AI system. Other principles
are concerned with the presentation of explanations, or identifying which XAI techniques are most
appropriate. Despite the high variety of concepts between these codes, it was common to seemultiple
types of principle within the same paper. For example, Paper [49] discusses principles that reflect
both the Considering Human Cognition and Combine Explanations meta-codes, which fall into the
Human-Centred in HCXAI and XAI in HCXAI areas of focus respectively. Indeed, only 3 papers
discussed 1 meta-code [11, 36, 43], and only 10 were exclusively related to 2 meta-codes. On average,
each paper discussed principles relating to 4 of the 10 meta-codes, and 3 of the 4 areas of focus.

Given this, it can be seen that papers currently available in the field consider HCXAI from nu-
merous overlapping angles. Whilst the varied codes seen are related concepts for HCXAI, it implies
there are multiple reasons for why HCXAI design principles are created, and for what purpose.
It is consequently important to synthesise these different ideas into one combined definition, to
accurately capture the current focus of the field. Therefore, the definition of HCXAI is revisited
here. At the beginning of this article, the working definition of HCXAI was described as taking
into account factors that influence human decision-making and communication during the design
and development process of AI systems. Given the findings of the scoping review, a second insight
of this work is a reframing of the HCXAI definition:
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HCXAI refers to ‘a design process to support users’ understanding of an AI system by enabling
meaningful interactions with the AI that are appropriate for the given context. This is supported
by, but not limited to, XAI techniques and participatory engagement with key stakeholders
throughout the design process. Explanations are consequently not considered a static output, but
rather an emergent property of these interactions. As a result, the explanations within an AI system
should exhibit one or more of the following key design characteristics: be adaptable, appropriately
simple, traceable, interactive, time sensitive, accurate, consistent, controllable, conversational, and
understandable.’

Whilst it may not be possible—or desirable—for all AI systems to demonstrate all 10 of these
central variables in all contexts, this does not mean such AI systems would not be considered
human-centric in nature. Rather, considering these central variables when designing an AI system
increases the chances that the interactions with the AI will be appropriate for the given context,
which in turn will support user understanding.

Overall, this definition highlights that HCXAI is not another type of XAI technique with a focus
on user-centredness, but rather a design process. It therefore considers wider concepts alongside
what is being explained, such as how the AI system should be designed and what human elements
require consideration during development. In turn, this implies new XAI techniques may sometimes
be required to achieve the characteristics of HCXAI, whilst other times existing XAI techniques are
sufficient. Knowing when a new technique may be needed requires an understanding of the context
and aims of the AI system overall, as whilst some XAI techniques are naturally more human-centred
than others, this is also dependent on the context [23]. There is no current consensus that one XAI
technique is the most human-centred in all contexts and all applications, and so there can be no
one size fits all approach to designing HCXAI. Therefore, this definition of HCXAI highlights both
the context of the AI system and the chosen XAI technique must be considered simultaneously.

5.2.3 The Identification of 10 Key Characteristics of HCXAI. Finally, despite the confusion dis-
cussed above around what is specific to HCXAI, this study revealed it is still possible to identify
key characteristics of an AI system built using an HCXAI design approach. The ‘Characteristics of
HCXAI’ area of focus can be considered the core HCXAI design principles the field currently considers,
which are supported and further nuanced by the other areas of focus in terms of context and ways
to achieve these characteristics. In doing so, the entire concept of HCXAI is brought together. For
example, in order for a system to be Appropriately Simple, it is important to understand what
is meant by appropriate and simple, which relates to the Human aspect of HCXAI (such as the
Cognitive Load code). It is possible to understand this Human aspect by focusing on how to Design
the AI system with a user-centred approach, such as via the Is Explanation Needed code. Finally, for
a system to be Appropriately Simple, an AI system is required, which can be designed via the Types
of Explanation code. Therefore, the core characteristics of HCXAI are supported and achieved by
each of the three individual components of HCXAI.

5.3 Limitations and Future Work
There are a number of limitations to note for this study. Firstly, whilst a high volume of papers
were included in the initial search, there is always the possibility that papers and their principles
were missed. They may not have been indexed with the ACM Digital Library or Google Scholar,
and so could not have been included. Further, it is not possible to include all related search
terms. For example, ‘interpretable machine learning’ may have provided more relevant results for
consideration. Other examples include different terminology for design principles/requirements,
such as ‘guidelines’ and ‘implications for design’. Future research can use the findings of this study
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as a benchmark of what is currently known, so that new principles are more likely to add to existing
knowledge rather than overlap with already identified principles.

Secondly, due to the nature of qualitative analysis, the categories and codes described here are
based on researcher interpretation. Whilst an independent second coder was included to improve
reliability of the codes, their lack of experience in XAI is a limitation. Further, other researchers
assessing the same principles could, and likely would, find different categories to describe the data.
However, whilst this means there can never be an ‘objective’ summary of HCXAI design principles,
the benefits of performing a Content Analysis are its transparency and traceability. By providing
the raw data (i.e., the principles) and the categories created from them in the Supplementary
Materials, it is possible to observe exactly how the analysis took place, especially in terms of how
each individual principle feeds into the final HCXAI design principle categories. This is in contrast
to typical meta-reviews conducted in the field, where the summarising of literature is less well
defined, meaning readers must take the results at face value. We encourage other researchers to
analyse the principles found here to reveal new insights, and to inspire more nuanced discussions
around the topic of HCXAI.

Thirdly, it is important to note the difference between describing/summarising the current state
of the HCXAI field, vs. identifying what is required of HCXAI design principles moving forward.
By analysing design principles in research papers it was possible to achieve the former, however
this analysis alone cannot answer the latter. Whilst some areas which have received less attention
can be identified, such as a noted lack of focus on the human component of HCXAI, other areas that
could further improve HCXAI design principles cannot be known. Future research could therefore
use the design principles identified here as a starting point for inspiring new areas of focus.

There are a number of further future research directions that can be taken from the current
work. Firstly, whilst 10 key characteristics of HCXAI have been identified here, there is a need for
more guidance on which characteristics are needed and when, given the specific context of the AI
system being developed. For example, tradeoffs are likely between characteristics depending on the
context, such as in time-critical systems where providing explanations that are time sensitive may
be more important than explanations that are traceable. Secondly, future guidance is needed on how
to implement these characteristics, alongside ways to evaluate/operationalise the characteristics for
a given context. For example, whilst it is important that an AI system is appropriately simple, how
to design an explanation that is appropriately simple, and how to reliably evaluate this simplicity,
is harder to define. New methods for assessing the characteristics of HCXAI consequently may be
required, alongside methodologies for how to integrate and assess the characteristics of HCXAI
during the development process. This may also require the use of case studies to showcase the
utility in having such a methodology for implementing HCXAI.

6 Conclusions
The field of HCXAI has produced a wide variety of design principles for developers and researchers
to consider when building AI systems. By conducting a scoping review followed by a content
analysis, it was possible to transparently analyse and summarise 330 principles currently suggested
by the field. Ten characteristics of HCXAI were identified, supported by 43 codes from each
individual element that consitutes the concept of HCXAI. Future research can use the present study
as a benchmark of what the field currently considers to be the main design principles of HCXAI, as
well as identify new areas that are needed to improve these principles further.
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