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Explainable AI (XAI) systems are sociotechnical in nature; thus, they are subject to the sociotechnical
gap—divide between the technical affordances and the social needs. However, charting this gap is chal-
lenging. In the context of XAI, we argue that charting the gap improves our problem understanding, which
can reflexively provide actionable insights to improve explainability. Utilizing two case studies in distinct
domains, we empirically derive a framework that facilitates systematic charting of the sociotechnical gap by
connecting AI guidelines in the context of XAI and elucidating how to use them to address the gap. We apply
the framework to a third case in a new domain, showcasing its affordances. Finally, we discuss conceptual
implications of the framework, share practical considerations in its operationalization, and offer guidance
on transferring it to new contexts. By making conceptual and practical contributions to understanding the
sociotechnical gap in XAI, the framework expands the XAI design space.
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1 INTRODUCTION
Explainable Artificial Intelligence (XAI) systems are sociotechnical in nature because their technical
(AI) components are embedded in social environments [3, 43, 87]. As a research area, XAI aims
to provide human-understandable justifications for a system’s behavior [4, 48, 65]. Given their
sociotechnical nature and the increasing trend of being deployed in high-stakes domains like
healthcare [29, 76, 78, 96], finance [102, 117], criminal justice [68, 80, 126], we need to account for
both social and technical factors to mitigate biases and promote accountability in XAI [142].

All sociotechnical systems, XAI or otherwise, are subject to what Ackerman calls the sociotechni-
cal gap—“the divide between what we know we must support socially and what we can support
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technically” [3]. Ackerman posed the gap as a central challenge for sociotechnical systems, high-
lighting that without minding the gap, we cannot effectively design useful systems [3]. One of the
most intriguing and challenging aspect of the sociotechnical gap is the difficulty to fully bridge
permanently [3, 41, 116]. This is because the “social activity is fluid and nuanced” (which means
user needs are dynamic) while the “technical systems are rigid and brittle”, “not socially flexible”,
and “do not allow sufficient nuance”, especially “in their support of the social world” [3].
With these challenges in mind, addressing the gap might appear futile at first: why should

we bother addressing a gap that cannot be filled? However, therein lies a crucial point made by
Ackerman—the goal of introducing the gap is not to “solve” this fundamental problem but to deeply
understand it [3, 41]. Without understanding, we cannot address the gap. Without charting or
mapping the gap—how the gap looks and what is on either side of it—we cannot understand enough
to address it. The following analogy can be helpful: imagine two mountains with a canyon in the
middle. If we do not know the geography of the gap formed by the canyon (e.g., where the gap
is the largest or smallest), then it will be hard to find the best places to build a bridge. We need
mechanisms to chart or map out the gap. This is what this paper does in the context of XAI—
provide mechanisms to chart the technical and social dimensions of XAI systems so that we can
better understand and address their sociotechnical gaps. Charting the gap can promote greater
visibility of the design space and facilitate informed design decisions.

Charting the sociotechnical gap in XAI is challenging given AI is “a new and difficult design
material” [42, 42, 61], especially given the non-deterministic, stochastic, and opaque-boxed nature
of current systems [161, 162]. This implies that there is more volatility in mapping out the technical
affordances of (X)AI-powered systems (vs. non-AI systems). Thus, there is a translational challenge
in charting this gap in the context of XAI systems (as opposed to non-AI systems).

Inspired by Ackerman’s goal, this paper proposes a shift in focus from a “gap filling” philosophy
to a “gap understanding” one when addressing the sociotechnical gap in XAI. We argue that
engaging in the process of charting the gap can improve our problem understanding, which can
reflexively provide actionable insights to improve explainability. We operationalize our argument
both conceptually and practically. At a conceptual level, we situate the process of charting the
sociotechnical gap in XAI. By shifting the focus towards the utility of problem understanding, it
can potentially highlight intellectual blinds spots in XAI, which can expand the design space. At a
practical level, it can address the under-explored area of how we might go about mapping and using
it to address explainability challenges. We address the challenges around charting the sociotechnical
gap in XAI by using two real-world case studies in distinct domains to empirically derive an analytical
framework to systematically chart the gap. This framework not only integrates existing guidelines
in AI and HCI but also transfers the applications in the context of XAI, highlighting the interplay
between the social and technical elements. We also explore how to connect the technical and social
wings of the framework by utilizing emerging XAI concepts that take a sociotechnically-informed
perspective on explainability. We apply our developed framework to a third case study in a new
domain and showcase two main outcomes: (1) better understanding (charting) of the gap (how
the gap looks) by being able to identify the most promising and challenging regions of the gap;
(2) actionable insights to address the gap (what to do with the gap) that reflexively improved
informed user actionability and system explainability. In summary, our contributions are fourfold:

• We situate the charting of the sociotechnical gap in the context of Explainable AI, expanding
the design space

• Using two real-world case studies in different domains, we empirically derive a framework
to chart the gap and apply it to a third case study in a new domain

• Our framework connects diverse threads of guidelines in AI and HCI, translates them to the
context of XAI, elucidates how to use them to address the gap by connecting the social and
technical aspects of the infrastructure
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• We discuss the conceptual implications of the framework, share practical considerations in
its operationalization, and offer guidance on transferring it to new use case domains.

Our work aims to help stakeholders chart the contours of sociotechnical gaps in XAI systems.
The design philosophy of our framework is generative and iterative, not normative [33, 82, 107].
By “refocusing of design in terms of process rather than solutions” [137], it can help stakeholders
avoid certain techno-centric pitfalls like Solutionism (always seeking technical solutions) [114]
and Formalism (over-abstracting and seeking mathematical solutions) [63]. This paper is not an
exhaustive treatise of the sociotechnical gap in XAI; rather, it takes a foundational step towards
addressing it by operationalizing the charting of the gap.

2 BACKGROUND AND RELATEDWORK
2.1 Sociotechnical Gap in HCI, CSCW, and AI systems
Walker et al. defined sociotechnical systems as the ones that include the interrelatedness of “so-
cial” and “technical” aspects. They argued that “an inevitable consequence of mixing ‘socio’ with
‘technical’ is that the socio does not necessarily behave like the technical, people are not machines;
paradoxically, with growing complexity, even the ‘technical’ can start to exhibit non-linear behav-
ior [153]. Ackerman, in his celebrated work [3], argued that there is an inherent gap between the
social requirements of Computer-Supported Cooperative Work (CSCW) and its technical mecha-
nisms, and this socio-technical gap concerns the divide between what we know we must support
socially and what we can support technically. Over the years, evidence of the socio-technical gap
has surfaced in various aspects and examples of Human-Computer Interaction (HCI) and CSCW
technologies, such as computing affordances and data privacy [17, 55, 141].
AI-based computing systems are socially situated, and research recognizes the detrimental

effect of a techno-centric view on AI [127, 139, 149]. If both social and technical factors are
not considered in a balanced fashion, AI systems are hard to be integrated into individual and
organizational workflows [105, 129, 157]. Further, ignoring social factors could lead to potential
misuse, mistrust [25, 163, 164], and ethical risks and unintended consequences [111, 132, 147]. Prior
work has explicitly highlighted the abstractions and traps with building AI-based computing systems
in sociotechnical contexts [10, 63, 114, 137]. Notably, Selbst et al. discussed ways in which technical
designers can mitigate the traps and draw abstraction boundaries to include social actors rather
than purely technical ones [137]. Andrus et al. explored the many facets associated with developing
AI for public interests, and how the sociotechnics of such AI systems are closely inter-related with
three contemporary areas of Fair ML, AI Safety, and Human-in-the-Loop Autonomy [10].
Similarly, Alter published a conceptual paper to bridge the gap between thinking of systems

as tools and thinking of systems as sociotechnical systems with human participants [8]. Munson
et al. drew upon Ackerman’s sociotechnical gap in CSCW concepts to review contemporary
sociotechnical challenges of using social media to support health [116]. Malatji et al. examined the
socio-technical gaps within organizational information and cybersecurity practices [106].
Ackerman posed the sociotechnical gap as a central challenge in CSCW [3]. While there are

commendable efforts to grapple with the sociotechnical challenges in XAI [38, 43, 44, 87, 154],
addressing the gap remains understudied. To our knowledge, this is the first paper that explicitly
focuses on charting and addressing the sociotechnical gap within the context of explainable AI
systems. Drawing upon the rich literature in CSCW, the case studies in this paper focus on AI-
supported work that is not only cooperative but also bears collaborative aspects (e.g., cross-functional
teams). In attempting to chart the sociotechnical gap in XAI, this paper thus builds on and extends
the CSCW community’s long-standing tradition of designing and studying explainable computing
systems [52, 69, 83, 93, 101, 122, 135].
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2.2 Explainable AI and its Sociotechnical Aspects
Broadly, an AI system can be considered to be explainable (or XAI), if it aims to make its decisions
easy to understand and interpret by people [12, 27, 48, 62, 66, 95, 108, 123]. Explainability is often
viewed more broadly than model transparency [62, 95, 123]. Recent XAI work showed post-hoc
explanations [48, 95] and algorithmic auditability [62] can build trust in the AI systems. Taken
together, explainability is a human-factor, not just a model-inherent property [12, 13, 45, 108, 112].
Therefore, the importance of adopting user-centered approaches to XAI has been advocated in
recent research [47, 108, 139, 149]. Wang et al. reviewed decision-making theories and identified
many gaps in XAI output to support the complete cognitive processes of human reasoning [154].
The HCI and CSCW communities have a long-standing interest in making computing systems

explainable [9, 50, 60, 79, 94, 100, 155]. Abdul et al. studied HCI research on explainable systems
spanning across expert systems, recommenders, context-aware technologies, and ML systems. In a
series of works, Lim and colleagues have showcased the importance, opportunities, and challenges
of AI intelligibility in context-aware systems [90–92, 94]. Miller noted the need to push XAI towards
human-centered instead of algorithmic-centered approaches by calling out the gaps between XAI
algorithmic output and properties of explanations sought by individuals [108]. Further, Doshi-Velez
and Kim noted the need to involve intended stakeholders in the intended usage context [40].

Adopting human-centered approaches, recent works have studied explainable interfaces to help
model developers diagnose and improveMLmodels [74, 79]. Kaur et al. examined how data scientists
frequently misuse and over-trust interpretability tools [79]. Explainability features of AI systems
have been explored in various domains, including health [154, 159], and recruitment/hiring [30].
The value of multi-stakeholder involvement has also been noted in content moderation [84]
and active learning [61]. Complementarily, researchers have started investigating and evaluating
the effectiveness of XAI techniques [7, 23, 26, 39, 46, 160]. However, XAI’s disconnect with the
philosophical and psychological grounds of human explanations has been duly noted [110], as best
represented by Miller’s call for leveraging insights from the Social Sciences [108]. Interestingly,
while XAI is often claimed to be a critical step toward accountable AI, empirical studies have
found little evidence that explanations improve a user’s perceived accountability or control over AI
systems [121, 142]. Given explainability is a human factor and XAI systems are sociotechnical, our
work expands the design space of the sociotechnical needs of XAI systems.

2.3 Operationalizing User Needs in AI
As AI systems get more integrated into societies, they require the best practices to be operationalized
and implemented. Along these lines, Amershi et al. proposed 18 design guidelines applicable for
human-AI interactions [9]. There are several taxonomies of prototypical roles of XAI consumers [12,
71, 148], to provide valuable insights to tackle the challenges of selecting and translating between
AI algorithms. Further, researchers have studied user-centered approaches to design XAI UX [51,
87, 158]. Liao et al. studied design challenges around XAI and proposed a question-driven design
process to ground the user needs, choices of XAI techniques, design, and evaluation of XAI
UX [87]. Recently, Ehsan et al. expanded the notion of explainability in AI systems by introducing
and exploring the concept of Social Transparency, “a sociotechnically informed perspective that
incorporates the socio-organizational context into explaining AI-mediated decision-making.” [43].
The authors examined how socio-organizational information carried by the 4W—who did what,
when, andwhy—design features can augment AI explainability [43]. Towards addressing the societal
issues of algorithmic governance, Lee et al. presented a collective participatory framework that
enables people to build an algorithmic policy for their communities [86].

Prior work has also advocated or proposed means to operationalize AI systems to be more human-
centered and socio-organizationally situated [37]. Ehsan and Riedl adopted Critical Technical
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Practice [6] and Reflective Design [138] to propose the foundations of a reflective Human-Centered
XAI (HCXAI). Madaio et al. took a participatory approach to co-designing checklists to understand
organizational challenges are AI ethics [103]. and Zhu et al. proposed Value Sensitive Algorithm
Design (VSD) [170] by engaging stakeholders in the early stages of algorithm creation to avoid biases
in design choices or compromising stakeholder values [170]. Taking an “AI lifecycle” perspective,
Dhanorkar et al. underscore how the explainability needs of different types of explanation audiences
evolve over time [38]. Prior work has also leveraged design fiction and speculative scenarios to
understand user values and cultural perspectives for AI system design [31, 32, 115]. Šabanović
proposed a framework of Mutual-Shaping and Co-production [127]. Jones et al. proposed a design
process for intelligent sociotechnical systems with equal attention to analysis of social concepts in
the deployment context and representing such concepts in computational forms. On the side of
technical affordances, Sanneman and Shah designed a three-level framework for the development
and evaluation of an explainable AI system’s behavior [133].
In other works, Gebru et al. proposed datasheets for datasets, aimed at facilitating better com-

munication between dataset creators and dataset consumers, and encourage the prioritization of
transparency and accountability [59]. Sokol and Flach proposed explainability fact sheets to enable
researchers and practitioners to grasp the capabilities and limitations of a particular explainable AI
method [143]. On the side of models, Mitchell et al. proposed model cards to encourage transparent
model reporting around creation, curation, and evaluation [109]. On trust and AI ethics, Bellamy
et al., Hind et al. have explored operationalizing it in organization settings [20, 72, 81].
Our work builds upon and contributes to the above body of work to propose a framework that

can help identify, operationalize, and address the gaps in various social and technical components
in explainable AI systems and AI explainability. For this, we are not only informed by the above
perspectives but also integrate them to chart the sociotechnical gap in explainable AI systems and
bridge it at an infrastructural level.

3 CASE STUDIES ON REAL-WORLD APPLICATIONS OF XAI
We share two case studies from different domains: sales (Section 3.1) and mental health (Section 3.2).
These case studies represent real-world projects spanning two years of engagement by one or more
of the authors. For each case study, a background section provides necessary context, the problem,
descriptions of the interplay between the social and technical components (which lead to scoping
the gap), and steps we took to address the mapped out sociotechnical gap. While outlining the
interplay, we focus on relevant aspects which ultimately help construct a framework (Section 4)
that helps us map out the sociotechnical gaps in new use XAI use cases. Providing an exhaustive
list of technical attributes and social needs is neither productive, nor necessary, nor potentially
possible (the list might be uncountably large).
Instead of offering a top-down narration of providing the framework first, it may be helpful

to the reader to take a bottom-up "build-up" approach to build up the contextually relevant parts
first and allows us to link back to the concepts later. This approach is also representative of the
real-life events of how we arrived at the framework. We ground our data and motivation for the
building blocks of the framework through the first case study and use those lenses to describe
the second. The structuring can be potentially helpful to the reader for transferring the process
to other cases. We structure the interplay in a way that serves as building blocks for charting the
sociotechnical gap and the eventual development of the framework. We not only share the two
case studies to empirically derive the framework but also apply the framework through another
real-world case study in a different domain (cybersecurity) (Section 5). We offer an end-to-end,
conception-to-implementation, narrative of how charting the gap can help understand and address
it. We also discuss how the framework can be transferred to other domains in Section 6
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3.1 Case Study 1: Kuro, the AI-powered sales software
3.1.1 Background. SalesCorp (pseudonym), a Fortune 100 multi-national technology company,
invested US $5million to build anAI-powered pricing recommendation system to help its technology
salesforce. Each sale typically ranges from US $500K to $2M; therefore, the stakes are high. If a client
is priced out of their budget, SalesCorp might lose the immediate sale and risk losing long-term
revenue from the client. SalesCorp follows a business-to-business (B2B) model and sells hardware,
software, and cloud infrastructures. It follows a dynamic pricing model, dependent on multiple
factors like a client’s historical budget, company size, length of the relationship, etc.

The AI system, Kuro (pseudonym), was introduced as a “virtual experienced peer who is always
there” and claims to utilize over 50,000 data points to drive recommended prices. The system was
developed in a 70-30 partnership, 70% developed in-house using proprietary data and 30% developed
with third-party vendors that offer AI infrastructural support (e.g., proprietary models licensed for
exclusive use). A promised value proposition of AI-powered Kuro was its robustness, an alleged
improvement from its “brittle” predecessor Sumo.

3.1.2 The Problem. On the surface, Kuro’s metrics were impressive: 90% accuracy, good model
transparency (showing top 3 features), and confidence range (0-100%) shown next to each recom-
mendation. However, there was a breakdown — only 10% of the sellers used Kuro; of those who
used it, only 2% found it useful. Given the socio-organizational context of the deployment, the
problem here was not a purely technical one; it had strong social components (as we will see below).
Considering Kuro’s problems, SalesCorp recruited an author of this paper to work on this issue.

Chronicling a year-long collaboration, below we motivate and ground our methods and the data
that ultimately form the buildings blocks the social and technical wings of the framework. Note
that we structure the presentation of the following events to help the reader find correspondence
between the case studies below and the framework derived from it (in the next section). Even though
we structure the two prongs sequentially in our write-up, they took place in a largely parallel
fashion, iteratively building on top of each other to provide a clearer picture of the sociotechnical
gap. To protect client confidentiality, proprietary details are redacted from quotes.

3.1.3 Grounding the Data, Process, & Motivations for the Building Blocks for the Framework. Recog-
nizing the socio the sociotechnical nature of the infrastructure, we focused on two relevant areas of
the sociotechnical gap: understanding the technical affordances and the socio-organizational needs.
To understand these two aspects, we took the following approach.

Taking a participatory approach [136], we conducted 2 workshops with 28 participants each.
Participants had diverse roles (5 XAI Engineers, 6 Product Managers, 5 Responsible AI Managers,
3 Data Scientists, 4 VPs of Technology, and 5 UX Researcers). We took a participatory approach
to leverage the domain expertise of our stakeholders and have their voices actively represented
in our interventions. During orientation, we introduced the concept of the sociotechnical gap to
our stakeholders so that we can focus on the divide between what the current system supports
technically and what we must support socially. Almost half of them were already aware of the
concept of the sociotechnical gap. Moreover, using examples of related work [38, 43, 88, 89], we
oriented them to a human-centered XAI lens, one that does not restrict XAI to merely model
transparency and incorporates the sociotechnical factors in its conceptualization [45]. This helped
the participants adopt a sociotechnical stance (vs. a techno-centric one) in problem-solving.
Below we share key takeaways from each workshop to ground our data and motivate the

structure of the framework.
Workshop 1: constructing building blocks. The goal in this 3-hour workshop was to brainstorm

and reach consensus on the relevant building blocks to consider when thinking about technical and
social sides of the problem (later forming the foundations of the resulting framework in Sec 4).
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The first half of the workshop consisted of a generative (brainstorming) exercise where four
cross-functional teams used sticky notes to list out the relevant topics (building blocks). In this
stage, we explicitly asked our participants to focus on the generation of ideas and not an evaluation
of them. The teams generated 7 blocks under the technical wing and 12 under the social side.

In the second half, we concentrated on narrowing down the building blocks in a way that balances
practical feasibility with conceptual rigor. All four teams reported that a total of 19 blocks were too
many to be practically useful. Next, we paired up the teams — four teams became two; once each of
the two teams reached a consensus, two teams became one large team. Given the cross-functional
nature of each team, the discussion challenged assumptions in a positive way relayed by this data
scientist, “It’s pretty refreshing to have your views challenged. I never really considered why I
need to know the social aspects. This process helps me see exactly why I was tunnel-visioned.” An
iterative affinity diagramming process generated three thematic blocks for the technical side and
three for the social side (we did not put any requirement for balancing the number of blocks).
The final task was to figure out the names for these blocks. We asked them to share the top

function of each block. On the technical side, they listed: data genealogy (where the data comes
from, how was it collected, etc.),model/algorithmic affordances (what can or cannot the model
do), and how the AI system generates explanations. On the social side, they outlined: trust (how
much or how little users rely on the AI), actionability of the explanations (what users need to
act on the AI-generated explanations), and organizational values (how organizational incentives
and values interplay with individual expectations). Thus, the group settled on the final blocks—on
the technical side, there were data, models, and explanations; on the social side, we had trust,
actionability, and values. We use these building blocks as analytic lenses to structure the case
studies and also as foundations for the framework (Section 4).
Workshop 2: what is inside each building block. In this 4-hour workshop, the goal was to

operationalize each block in a systematic manner. What questions or guidelines may we use to
practically explore each block that will increase our understanding of the sociotechnical gap? The
first step was to collaboratively explore sets of questions or guidelines we can use to flesh out the
idea behind each block. To achieve this goal, initially, we proposed custom-made questionnaires
(that we developed) for each block. However, we received substantial push-back against introducing
new materials without adequately leveraging existing workflows and processes. For instance,
the company had existing processes where engineers and data science teams prepared paradata
documentation like Datasheets for Datasets [59]. Citing adoption concerns for new questionnaires,
one product manager critically asked "who will say yes to doing new work without exploring
how far we can go with what we have?" Building on this feedback, we pivoted into leveraging
existing processes and documentation. Similar to the first workshop, we split participants into four
cross-functional teams with the common mandate of finding existing processes and guidelines
relevant to different building blocks. Next, we paired up the teams to facilitate the iterative filtering
till a consensus was reached (four teams became two and two became one). The teams were able to
highlight important. For instance, teams agreed that we could use Model Cards [109] for the model
block and Datasheets for Datasets for the Data block.
The second step was to decide how many questions or guidelines should go under each block

and how we may cluster them. To balance practical viability and burden, we received feedback
to not generate an exhaustive list of questions. As a data scientist put it: “give us starter questions
[from different guidelines] that kickstarts the conversation. . . [and] allow us to filter questions from
the remaining set” (emphasis added). For each block, using thematic analysis [22], we worked with
participants to incorporate relevant “starter” questions from different guidelines. Next, we used
affinity diagramming [19, 21] with stakeholders to cluster relevant questions for each topic under
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each wing (e.g., which ones from Datasheets for Datasets are most relevant). Last, we incorporated
the feedback of 6 XAI and HCI experts to refine the final list of starter questions.

This grounding forms the foundation of the resulting framework (Section 4). Equipped with this
understanding, we now share details on how we explored the technical and socio-organizational
affordances to solve the problem with Kuro.

3.1.4 Understanding the technical affordances. There are three building blocks to unpack the
technical wing: data, model, and explainability.
For data, using a participatory approach, we appropriated the questionnaires from Datasheets

for Datasets [59] and customized it for the company, capturing insights on the data genealogies.
For the model, we hit “off limits” spots because the vendors supplied some of the decision

mechanisms. When possible, we conducted interviews with account managers from the vendors
and adapted Model Cards [109] to our use case. While we could not exhaust each entry from the
original template, the empty slots were just as useful as the ones with data. It was an explicit
reminder of what we do not have, which ultimately helps us scope the technical affordances.
For explainability, we leaned on two main artifacts – first, we selected relevant questions

from Liao et al.’s XAI Question Bank [87]. Combined with the Datasheets and Model Cards, the
questions provided a good starting point to explore different facets such as explanation type (how,
why, what-if, why not, etc.). Second, we adapted IBM’s Explainability Fact Sheets [20] to get a
sense of the explanation generation mechanism (modality, global vs. local, etc.) at functional and
validation levels. We had to use a subset because the original Fact Sheets had a list 36-item worklist.
As one developer put it, “it was too much trouble for too little value.”

3.1.5 Understanding the socio-organizational needs. The social side happened in tandem with the
technical side. We want to get clear feedback on why the engagement was at 10%. To unpack this
problem, we used a combination of interviews, Envisioning Card exercises [57], and workshops
to understand three main things: trust in AI (what is harming? What is helping? What else is
needed?), actionability of the explanations (what could help users take informed actions on the AI’s
decision), and values (tensions and alignments with organizational norms). When investigating
trust, we learned that while the model transparency was helpful, it was not enough to calibrate the
trust in AI. Less experienced sellers tended to see the multi-million-dollar Kuro as “godlike”. They
tended to over-trust the AI and felt they lacked the voice/agency to disagree with the AI. Instead
of putting them in that position, they chose to completely ignore/not engage with the AI. More
experienced sellers simply ignored the AI’s recommendation because they felt they “knew better”.
Understanding the nuances of trust helped us scope the social needs better.

Thinking of actionability, Kuro’s explanation information was deemed “inert”. One said, “I’ve
no idea of what to do with the numbers [Kuro] shows me. How is it confident? Confidence with
respect to what?” Moreover, there was a mistake in the assumed interaction paradigm—it was 1
Human -1 AI, whereas the activity of selling is a group one (many-to-many). Many sellers worked
around this siloed constraint by using analog means. They would walk over to other members of
the team (each client was typically served by a team of 5 sellers of differing hierarchies) to consult.
When considering values, we found multiple avenues of tensions in organizational norms.

Overriding Kuro’s decision was extremely cumbersome—the audits and escalations involved created
a disproportionate burden on the sellers, which is why they consistently ignored it. Moreover, entry-
level sellers had no idea of what “acceptable” changes to Kuro’s prices are. The sellers perceived the
technical staff as “invaders”, ones who want to automate the sellers out of their jobs. This created a
tense relationship, hindering collaboration between the stakeholders.

3.1.6 Addressing the gap. Compared to when we started, these processes painted a clearer picture
of the two sides of the sociotechnical gap and highlighted opportunities to use design as a bridge.
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While we acknowledged that the gap would be ever-present, the goal was never to “fill” it, but to
understand the boundaries and act on it through what Ackerman calls first-order approximations—
“tractable solutions that partially solve specific problems with known trade-offs” [3].

A core takeaway that connects trust, actionability, and value tensions was sellers’ desire to
know how others acted on the AI’s recommendation. They wanted “peripheral vision” of past
user trajectories. For example, a junior seller would want to see what a senior person did with the
AI system and why. This additional context, the seller felt, would help them judge the AI better,
making the explanations actionable.
We tested if adding socio-organizational context would indeed help. In an ad-hoc manner, we

offered a piece-meal approach. We asked the sellers to pin a Google Sheet (online collaborative
spreadsheets) in their slack channel and put the following information: for any recommendation
from Kuro that was borderline, they would notate the incident ID, what they did (accept/reject), and
write a Tweet-length justification (sellers appreciated the “Tweetification” of the “why”). Within
one week, the Google Sheet had over 400 entries. Sellers even appropriated the original format
by adding “+1” (like) voting to useful comments. We saw the engagement rise to 42% (from 10%).
This was particularly surprising because the sellers went out of their workflow to engage with the
Google Sheets. Interviews showed that they found enough value in this “peripheral vision” to make
it worth overcoming the context-switching burden.

With a proof of concept in place, we could propose engineering changes. Through participatory
design activities, we designed an intervention where next to Kuro’s AI recommendation and
technical transparency, the seller would be able to see who else did what, when, and why. While
developing the intervention, we followed the framework for Social Transparency [43] to foster
calibration of trust in AI and consistency in collective actions.
After implementation, we carefully monitored engagement, which had improved to 87%, a

remarkable jump from 10%. Moreover, sellers shared that they understood Kuro better because the
AI’s decision was now in context of human actions. The additional context cultivated a holistic form
of explainability, which was not possible purely through technical transparency. Through follow-up
interviews, surveys, and workshops, our conception of the boundaries of the gap got refined, which
brought previously unconscious aspects into conscious awareness, thereby making it actionable.
Our actions reflexively made Kuro’s explanations actionable, improving their explainability.

3.2 Case Study 2: An AI-Powered Clinical Mental Health Tool
3.2.1 Background. The global burden of mental illnesses accounts for 32% of years lived with
disability, making these conditions a major contributor to the global burden of disease [152]. While
timely treatments are useful, mental heath treatment heavily relies on what the patient tells their
clinician during in-person consultations. However, clinicians have often reported experiencing
tension between a patient’s self-report and external reality [15]. Fisher andAppelbaum [54] provided
case reports where clinicians had begun to incorporate patients’ electronic communications, such
as social media, as a new form of collateral information. Prior work in social computing and HCI
has shown that, from such data, AI and machine learning can help to infer whether an individual
is vulnerable to mental health conditions [28, 67, 130, 131], such as major depression [35] and
postpartum depression [36]. An emergent body of work in digital mental health has also argued
how the computational power harnessed by AI systems could be leveraged to reveal the complex
psychopathology of psychiatric disorders and thus better inform therapeutic applications and
collaboration across different clinicians [85, 165].

3.2.2 The Problem. Although many patients already bring social media data to their appointments
with clinicians and patients [16], currently, there is no technology to support these interactions,
especially given that different members of the clinician team would have different needs to fulfill
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the same types of data. To support realizing the potential of social media-derived AI insights at
the point of care, in this case study, clinical researchers and practitioners from a large, urban,
nationally-recognized health system in the Northeast of the U.S. collaborated with one of the
authors of the current paper [165, 166]. Their central goal was to investigate if AI, when applied to
these data voluntarily contributed by patients, could provide different faceted views (e.g., through
a dashboard) that would support the varying needs of different treatment team members.
A prototype of the tool, developed via a co-design approach through a year-long collaboration

and by harnessing voluntarily shared social media (Facebook) data of consented mental health
patients, was tested with various types of mental health clinicians at this large health system
through 1-1 interviews (N=13) and focus groups (N=13). This case study revealed promise for the
prototype but also highlighted issues such as liability concerns around using a tool that was a
“black-box” to the clinicians. They imagined scenarios where despite access to patient data that
indicates an exacerbation of symptoms, clinicians might not be in a position to take action. Like
with the previous case study, we outline the social and technical parts of the infrastructure.

3.2.3 Understanding the technical affordances. The interviews and focus groups revealed a variety
of technical features that the clinicians deemed important from the perspective of supporting
collaborative treatment to their patients. Following the style adopted for the previous case study, we
discuss these technical affordances along the same four dimensions of data,model, and explainability.
Focusing on the data, the study highlighted important issues around mental health symptoms

and clinical risk factors. The prototype was deemed promising to the clinician participants; however,
they desired that the tool needs to facilitate collectively identifying and visualizing the range of
different markers of the patient’s mental health state that might be differentially valuable to different
clinicians, as a patient navigates their interactions with psychiatrists, therapists, and social workers.
For the model, participants noted credibility issues regarding the AI-derived mental health

insights the prototype provided. There were two dominant credibility issues that could diminish
trust: if social media data correlates to actual life (construct validity) and if an AI applied on top of
this data can distinguish different contexts and intents behind specific posts (clinical utility).
Finally, turning to explainability, the participants said that the tool can be useful to compare

and negotiate what the social media data shows and what the patient verbally reports, especially if
the two are mutually conflicting. It can also help one clinician understand how and why another
member of the team appropriated certain social media-derived AI insights but may have chosen to
ignore others. These technical needs necessitate incorporating explainability features in the tool.

3.2.4 Understanding the socio-organizational needs. In tandem with the technical needs, the inter-
views and focus groups also discovered a range of social and organizational needs for the AI-based
tool to be successful at the point of care. We discuss these below.

The clinician participants raised a number of concerns surrounding trust in use of the tool. In the
absence of an implicit level of trust in the functioning of the algorithms, clinician participants felt
that they would consider the social media based AI insights with caution. Importantly, participants
were concerned that trust in the tool’s abilities and clinical usefulness might be undermined by the
observer effect [34, 128], wherein patients may stop posting or begin to self-censor themselves on
social media, knowing clinicians’ awareness of and access to this information.

Speaking of actionability, different clinicians may also act upon the presented information in
the tool in different ways: a therapist could use this data as a complement to reports from family
members since the supposed “objectivity” of the AI insights could resolve and reconcile different
collateral sources to construct a more accurate picture of the patient’s status. In addition, some
participants speculated if the tool could play some preventive role where it allowed comparing
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a particular pattern of symptoms (say, suicidal thoughts) prior to hospitalization with current
patterns, this could be useful for engaging preventive crisis intervention services.

Lastly, a number of conflicts in values, whether between the patient and the clinician, or different
members of the clinician team were found. With regard to clinician-clinician value tensions, the
case study unraveled underlying issues of burden. Participants were worried about the potential
burden on their work hours and expectations in the use of the tool, perhaps more for some types of
clinicians than others. Others felt that it may not always be feasible to review patients’ social media
information prior to consultations because patient loads can be exceedingly high. Overburdened
clinicians (e.g., social workers) often adopt a work style and value systems distinct from clinicians
who provide medication assistance to a handful of patients.

3.2.5 Addressing the gap. We now outline some possible interventions to mind the sociotechnical
gap in the context of this case study. Like the first case study, the goal of these interventions is to
understand the boundaries of the technical and the social needs [3], rather than seeking to “fill” it.

First, many clinical teams schedule synchronous meetings periodically to engage in peer-review
of treatment protocols and discuss discrepancies in the standard of care. If we integrate AI-driven
insight from patients’ social media data, we would need a way to summarize, synthesize, and
visualize them for later use. To facilitate collaboration, we can envision future iterations that
integrate these AI-driven insights with meeting notes into the Electronic Health Record (EHR) for
later review. Together, these adaptations to the design of the tool can facilitate bringing not only
transparency to these discussions but also improving the actionability of the AI.
Second, we learned that the processes underpinning how different clinicians acted on the AI

insights in the prototype were missing. For instance, if a trend shows exacerbated symptoms
and a therapist sees this information was not used by the psychiatrist, this information gap can
hamper the therapist’s treatment plan, create confusion, and diminish trust in the tool. The clinician
participants therefore strongly felt that transparency to support these social interactions will be
needed in the future. For instance, we can design filtered views that showcase the decision-making
pathways relevant to the specific patient based on their specific symptoms or risk factors.

4 A FRAMEWORK TO CHART THE SOCIOTECHNICAL GAP IN XAI
Here we share our design lens in XAI, the framework’s setup, derivation, and its building blocks.

4.1 Our Design Lens in XAI: Human-Centered Explainable AI
Given our goal is to chart the sociotechnical gap in XAI, we adopt a design lens in XAI that is
sociotechnically-informed—that of Human-centered XAI (HCXAI) [38, 45, 89]. HCXAI expands the
concept of explainability beyond the bounds of the algorithm [43] and positions it as a relational and
audience-dependent construct instead of a model-inherent one [12, 13, 108, 112]. Given AI systems
(Human-AI assemblages [38, 43]) exist in sociotechnical settings [88, 146], it takes more than just
algorithmic transparency to make them explainable [49, 108]. Thus, explaining what is happening
“inside the black box” often requires us to also understand things “outside the black box” [38, 87],
requiring us to consider the entire AI lifecycle (vs. just the algorithm). For instance, why a facial
recognition system disproportionately misclassified women of color [24] can be explained by
looking at demographic compositions in the training data. Emerging work in HCXAI [69, 120, 135]
showcases how a broader XAI perspective can potentially address criticisms of popular algorithm-
centered XAI techniques, which can be ineffective [7, 119, 169] and potentially risky [79, 145].

4.2 Overall Setup to Derive the Framework
We shared the data grounding along with the process and motivation behind the building blocks
in Section 3. The framework begins by explicitly acknowledging the sociotechnical gap through two
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What are barriers preventing informed actionability? 

What do users need to boost decision-making confidence?  

How can we empower users to confidently contest the AI? 
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How is accountability distributed in the Human-AI tasks? 

What are organizational priorities around ethics?

Where does trust breakdown in the AI system? Why?  
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Fig. 1. Depicting the framework and its effect on the sociotechnical gap (in an XAI context) before and after
the process. (1) At the top, we begin with the infrastructure consisting of both social and technical wings
(grey boxes) with the sociotechnical gap in the middle. (2) Before charting the gap, we have a “rudimentary”
idea of how its boundaries look like, depicted using the jagged edges. In the middle, we engage in the process
of charting the gap with a “look inside” each wing by operationalizing the building blocks. The sequence of
the blocks do not signify or impose any sequential limitations. As we will see during framework application
in Sec. 5, the sequence of traversing the blocks is dependent on the problem and insights we gain from
each block. (3) The slant in each wing is meant to convey that by engaging in the charting process, we gain
actionable insights that address the gap (visually, bringing the two wings closer together). (4) Finally, at the
bottom, having gone through the charting process, we emerge with a “higher resolution” understanding of the
gap visually represented by the more fine-grained jagged edges of technical and social wings (different than
the top grey boxes). The mapped out view reveals points where the gap is closer (highlighting promising areas
to start addressing) and farther (challenging areas) from each other. Overall, the top represents a rudimentary
idea of the gap before the mapping process, the middle signifies a “look inside” each half during the process,
and the bottom depicts a refined and well-charted gap. Example “starter questions” are provided alongside
each block that can jump-start its operationalization.

wings: the technical and the social. Figure 1 depicts the idea—each wing has three interconnected
building blocks. On the technical wing are Data, Model, and AI-generated Explanations. On the
social side, the building blocks are Trust in AI, Actionability of Explanations, and Values. To
operationalize the goals for each block, we share plausible stakeholders (Table 1) at each step and
offer “starter packets” with methodological recommendations and insights from existing guidelines.
The starter questions provided next to each block in Fig. 1 should not be construed as being
comprehensive because there is no one-size-fits-all formula in real-world AI deployments—the
context, domain, and target audience govern how the process manifests. Example questions are
meant to inspire and jump-start the generative process of charting the gap. The questions for each
block were collaboratively scoped from existing guidelines (highlighted above) through our case
studies. As Ackerman pointed out, the dynamic nature of user needs (social side) is primarily why
the sociotechnical gap is hard to fully bridge [3, 41, 116]. Thus, problems often arise from the social
side such as due to value tensions with AI’s recommendation, users have difficulty acting on it.
Below we describe the operationalization of each building block, starting with the technical

wing and followed by the social wing. As we highlighted in our case studies (in Section 3), even
though we structure the two wings sequentially in our write-up, they are interconnected and
iteratively build on top of each other to provide a clearer picture of the sociotechnical gap. The
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Table 1. Summary of the framework to chart the sociotechnical gap in XAI.

Building
Block

Goal Operationalization Exam-
ples

Example Stakeholders

Technical Wing
Data To understand data genealogy, af-

fordances, and scope what the
data can tell us.

Datasheets for Datasets [59],
AI FactSheets 360 [11],
Dataset Nutrition Label [75]

Data Scientists, Data Ana-
lysts, Database Engineers

Model To scope the model’s affordances
and limitations, which are impor-
tant for trustworthiness.

Model Cards [109] Data Scientists, AI Oper-
ations Engineers, Product
Managers

Explanations
(AI-generated)

To scope the affordances and lim-
itations of AI-generated explana-
tions especially around generation
techniques, modality, and cate-
gory.

XAI Question Bank [87] Data Scientists, XAI Engi-
neers, End-users

Social Wing
Trust (in AI) To understand the current level of

trust and to scope calibrating trust.
Surveys [14, 73, 140], Inter-
views guided by the starter
question, and Value Sensitive
Design (VSD) exercises [58]

End-users including sales per-
sonnel and account managers

Actionability (of
Explanations)

To understand what users need to
act on the AI’s explanation in an
informed manner.

Social Transparency Frame-
work [43]

End-users of the system (e.g.,
analysts or mental health spe-
cialists)

Values To understand organizational val-
ues and their interplay with indi-
vidual expectations.

VSD exercises, participatory
design workshops

Multi-stakeholder involve-
ment, including leadership,
HR, developers, and end-
users.

order in which the blocks appear (in the diagram or our writing) has no bearing on the order in
which they can be operationalized (we can go back and forth, switch wings, etc.). The sequence of
block traversal depends on the problem and findings at each stage; for instance, the framework
application case study (in Section 5) will showcase how the process can start on the Actionability
block (the social wing) and then move to the Data block (the technical wing). After describing the
building blocks, we provide guidance on how to move around them using thematic labels (tags) that
can keep track of the iterative process. Next, in terms of addressing the gap, we share strategies in
the form ofpalliatives and first-order approximations [3] to address the gap. Finally, we share what
end-products one might expect from engaging in this process. Beyond the mapping and charting
affordances of the framework, a core contribution lies in integrating existing AI and XAI guidelines
in the context of the sociotechnical gap.

4.3 The Technical wing
This wing of the framework aims to scope out what the system can afford and also cannot afford.
We partition this space into three interconnected blocks: data, model, and (AI-generated) expla-
nations. The motivation for this partition is two folds: first, the partition is theoretically situated
in the spectrum of the technical infrastructure for XAI systems utilized by existing guidelines (e.g.,
Model Cards [109], AI Fairness 360 [20], XAI Question Bank [87], etc.). Second, it is empirically
grounded in our case studies where we found that such a partition struck a balance between
analytical demarcation and practical operationalization that resonated with stakeholders. This
alignment promoted transferability from related guidelines, which facilitated the operationalization
of each building block (detailed below).
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Data: The goal of this building block is to understand data genealogy, affordances, and scope
what the data can or cannot tell us (to the best extent available or possible). Data infrastructure is
the food for the model, which entails it has fundamental implications on the entire lifecycle. Thus,
we need a reliable and situated nutrition label for the data. To operationalize the goal, we can lean
co-opt existing guidelines such as Datasheets for Datasets [59] and AI FactSheets 360 [11], and
Dataset Nutrition Label [75]. Utilizing existing guidelines and adapting when needed, we are broadly
interested in the origin story of the dataset. Fig. 1 shows some of the starter questions we can use
to understand the purpose of the creation, duration of the data collection, types of preprocessing,
how recent the dataset is, sampling information, etc. The starter questions often inspire follow-up
questions that are more context-specific. It is important to balance breadth and depth when getting
the data genealogy. The stakeholders of this process are variable across organizations but typically
tend to be data scientists, data analysts, database engineers, etc.

Model: This block aims to scope the model’s affordances and limitations, which are important for
trustworthiness. Models are entities that transform the data into something of value (predictions,
classifications, etc.). To operationalize the goal, we can co-opt guidelines likeModel Cards [109]. Fig. 1
provides some starter questions around the model’s intended purpose, architecture, performance
evaluation, and datasets for evaluation. The starter questions are designed to seed deep generative
discussions around specific use cases. The stakeholders are variable but typically tend to be data
scientists, AI operations engineers (ones who validate and test models), product managers, etc.

Explanation: Here, we want to scope the affordances and limitations of AI-generated explana-
tions, especially around generation techniques, modality, and category. We used the broad definition
that an explanation is an answer to a why-question [97, 98, 108, 156]. To operationalize the goal, we
can adapt some existing guidelines and tailor them for the use-case at hand. For instance, we can
use aspects of Liao et al.’s XAI Question Bank [87] that provides a taxonomy of categories of expla-
nations (global, local, counterfactual, etc.), their respective generation techniques, and connects
them to different question types (how, why, what-if, why not, etc.) questions that facilitate user
research. Fig. 1 shows a portion of the starter questions that we can use to scope the AI-generated
Explanations space. The stakeholders typically tend to be data scientists, XAI engineers (who design
the explanations), and end-users (who act on the explanations).

4.4 The Social Wing
This wing of the framework is meant to map out the social requirements of the stakeholders.
We partition this wing into three interconnected blocks: trust in AI (towards the technology),
actionability (at the individual level), and values (at the organizational level). This partition has
two motivations: first, it is empirically situated in our case studies. Second, it is also aligned with the
three levels of contexts (technical, individual, organizational) made visible by Social Transparency
in AI – the perspective that incorporates the socio-organizational context into the conception of AI
explainability [43]. This alignment is important because Social Transparency will play a part in
connecting the two wings (detailed later) and addressing the sociotechnical gap.
As Ackerman pointed out, while the technical affordances (what the system can do) is often

static, the social requirements are dynamic. The dynamic nature of user needs is primarily why
the sociotechnical gap is hard to fully bridge. Often, problems arise on the social side—it could be
issued where the AI system is over-trusted (technologically), users have difficulty acting on the AI
explanations (individually), there are value tensions and conflicts between stakeholders, etc.

Trust (in AI): The goal here is to understand the current level of trust in the AI and scope how
we might appropriately calibrate trust. Here, we are looking for situated baseline understandings of
user trust in the AI and find points of breakdowns to act on. To operationalize the goal, we can use
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existing surveys around trust in AI like [14, 73, 140], interviews guided by the starter question, and
Value Sensitive Design (VSD) [56] exercises to get a sense of what aspects of the AI’s performance
matters to users, aspects where trust is missing, and how different facets impact the calibration
of trust (when to trust the AI’s decision vs. not), etc. Fig. 1 shows some of the starter questions
that can guide the investigation. The stakeholders of this process are primarily end-users who need
to act on the AI’s decision. In the Kuro case, this would be sellers or account managers. While
it’s important to engage end-users, collaborating with data scientists and developers (secondary
stakeholders) is important because they are often in charge of making changes.
Actionability (of Explanations): This block’s goal is to understand what users need to act

on the AI’s explanation in an informed manner. Actionability is how users act on AI-generated
explanations and it plays a role at the decision-making level [43]. Sometimes, even with well-
functioning XAI systems, users do not feel empowered to decisive actions. Actionability resides at
the junction between trust on technology and organizational values, where conflicted value systems
can reduce the actionability of AI explanations. Recall that in the Kuro case, the audits required to
override the AI increased the burden. To operationalize the goals, we can utilize insights offered by
the Social Transparency framework that delineates how social validation (from peers), increased
“peripheral vision” of past decisions, and support of follow-up actions can boost actionability
and AI contestability (Fig. 1 shows some starter questions). To understand how these constructs
should manifest in the system design, we can use similar methodological tools in the Trust block—
interviews and VSD exercises. The stakeholders often include end-users of the system (e.g., analysts
in an AI-powered cybersecurity system or mental health specialists in our use case).

Values: The goal here is to understand organizational values and their interplay with individual
expectations. Recall that in the Kuro case, the misalignments in what the organization valued
and the sellers wanted ultimately led to a breakdown in infrastructure. To operationalize the goal,
we can utilize methodological tools such as VSD exercises, participatory design workshops, etc.
to scope out points of conflict and value alignment between the organization and the individual,
understand how accountability is distributed in the Human-AI collaboration, job performance
expectations, understand positionality towards AI Ethics, etc. (Fig. 1 has some starter questions).
This is a multi-stakeholder process that includes (but is not limited to) managers (in leadership),
HR professionals, end-users, and developers.

While all the building blocks should be visited during the charting process of the gap, there is no
prescribed order in which to visit each block. Each block is influenced by others, not just on the
same wing but also across the gap. As shared earlier, the sequence of traversal is problem-dependent
and insight-driven. Insights from addressing the Actionability block might prompt a visit to the
Data block, updating our understanding, and warranting a revisit back to Actionability. We can
iterate through the blocks, updating our understanding, till we achieve a stable saturation [134] of
our understanding where further inquiries do not generate novel insights. To keep track of our
progress and outcomes, we offer three thematic labels (tags)— baseline understanding, updated
understanding, and design recommendations. Baseline understanding (BU) occurs the first time we
visit a block and address it using the guidelines from our framework to get a sense of the status
quo. Updated understanding (UU) can occur when revisiting the block with newfound insights from
prior processes (e.g., BU of a different block). Design recommendations (DR) inform the practical
development of tools, techniques, and policies (like first-order approximations). DRs can emerge
from both baseline and updated understandings.

4.5 Addressing the Gap: Palliatives & First-order Approximations
Recall that there is no silver bullet to fully bridge the sociotechnical gap [116]. Moreover, success
does not mean perfection in bridging the gap. To address the gap, we can use two approaches what
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Ackerman calls palliatives and first-order approximations [3]. These approaches are not mutually
exclusive and can be used in tandem.

Palliatives are interventions at the political, ideological, and education levels which impact how
people perceive the affordances of the system [3, 116]. They are meant to ameliorate the gap without
making system-level changes. They can include stakeholder analyses like the value-sensitive design
exercises from our case studies. The findings can highlight blind spots in the system, which can
then empower people to make informed decisions on usage [116]. As we saw in Kuro’s case study,
educational initiatives [99, 104]) can help bridge the gap where technology fails. As our case studies
highlight, a competent system alone is not enough for people to find it useful. Combining analysis
to understand where different organizational stakeholders are in the Technology Adoption Life
Cycle [18, 113], we can use Technology Acceptance Models [150, 151] to understand perceived
usefulness of the system. These steps can ameliorate certain disconnects between the social and
technical elements and inform future technological interventions like first-order approximations.
First-order approximations are tractable solutions that partially solve specific problems with

known trade-offs [3, 116]. Success with first-order solutions can involve connecting the social
with the technical that effectively addresses some of the most pressing sociotechnical issues with
known trade-offs. As our case studies showed, there are multiple strategies to develop first-order
approximations. In Kuro’s case, we illustrated how incorporating Social Transparency (ST) [43]
acted as a first-order approximation to provide much needed “peripheral vision” and promote
engagement. By providing visibility of who else did what, when, and why (4W), ST promotes
explainability by making context visible at three levels (technological, individual, and organization),
which align with the three blocks of the social and technical wings. With conceptual roots in
XAI, ST can be a productive first-order approximation to address the gap for XAI systems. Using
ST, increased visibility of the sociotechnical factors can provide actionable insights which can
potentially address the gap. To operationalize ST, we can utilize the constitutive design elements –
the 4W (who did what, when, and why) – to encapsulate relevant socio-organizational context.

4.6 Framework Outcomes
There are two main outcomes or end-products of our framework: (1) improved understanding of
the gap (how the gap looks) and (2) actionable insights to address the gap (what to do with the
gap). The thematic labels above are connected to the outcomes—BU (baseline understanding) and
UU (updated understanding) connect to the first outcome while DR (design recommendations)
connects to the second one. Our framework provides guidance that facilitates tractable navigation
of complex sociotechnical landscapes and produces actionable insights to address the gap. We
should have an idea of the most promising places to build a bridge but also where the gap is the
largest. Thus, stakeholders are empowered to make informed decisions on what to address in the
gap vs. not– this ability to, which a core tenet of Ackerman’s call to action in addressing the gap [3].

5 APPLYING THE FRAMEWORK
We now share a third case study where we applied this framework in an applied real-world setting.
To showcase the versatility of the framework, we use a new domain for the application: cybersecurity.
The following delineation covers 1.5 years of fieldwork. After the application details, we also share
a study investigating the effectiveness of the framework (did the stakeholders find it useful?).

5.1 Background: Atlas, An AI-powered Cybersecurity System
SecureCorp (pseudonym), a Fortune 500 muti-national cybersecurity technology company, invested
$10 million to build Atlas (pseudonym), an AI-powered cybersecurity system to help analysts
manage firewall configurations, especially “bloat” that happens when people forget to close open
ports. Over time, as an organization evolves, people forget to close open ports, causing bloat
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and serious security vulnerability. This has high stakes—the wrong port left open could lead to
a breach, incurring huge losses for the company (in the order of millions of dollars) because the
clients of SecureCorp are primarily banks. On paper, Atlas is impressive—it is purported to have
commendable accuracy (92%); however, the user engagement is only at 2%. Given the significant
investment in Atlas and its internal deployment, SecureCorp expected a much higher engagement.
Since less than 2% of the workforce was engaged with Atlas, the question was: why?

5.2 Problem Identification & Alignment Using the Framework
Our framework facilitates a systematic start to problem-solving beyond helping us address it. Once
we identify the problem, we need to align the problem with the framework: classify the appropriate
wing (technical or social) and find the nearest matching building block. Shadowing 10 cybersecurity
analysts (hereon, referred to as analysts) for 2 weeks, we identified the problem—users were not
comfortable acting on the AI’s explanations. Checking with our framework, it fell under the
actionability block in the social wing.
As we visit the conceptual blocks in the rest of Atlas’ case study, we use the labels of baseline

understanding (BU), updated understanding (UU), and design recommendations (DR) to track the
progress of our insights.

5.3 Baseline Understanding (BU)
As noted in Section 4.6, a baseline understanding provides formative information about the problem.
It typically occurs during the first visit to a block, where the visits are like fact-finding missions.
Actionability (Social). To obtain a baseline understanding, we conducted interviews with the
analysts, guided by the starter questions in our framework. We found that analysts hesitated to
act on the explanations because they felt vulnerable and siloed in a vacuum from other colleagues.
The nature of work had elements of collaboration that Atlas did not serve. The story of Julie
(pseudonym) was infamous: Julie got fired for following the AI’s mistaken recommendation to
close some ports(false-positive). The AI, however, suffered no consequences.
Trust (Social). The vulnerability stemmed from lack of trust in the AI (top of the social wing
in Figure 1). Guided by the framework, we conducted a series of Value-Sensitive Design (VSD)
exercises [56, 58] to get a baseline understanding of what is important to them regarding trust. We
found two things that informed the next steps: first, accountability was displaced unfairly in the
Human-AI relationship. Discussing Julie’s story, another analyst Simon (pseudonym) shared the
key concern, “the AI is immune. . . it has nothing to lose. If the AI is wrong and I trust it, my neck is
on the line. So why should I trust something that has no skin in the game?” Second, the analysts
could not trust the AI because they lacked an understanding of the technical infrastructure. As
Simon said, “[they] really didn’t know what’s going on.”
These insights prompted a transition to the technical wing to get baseline understandings of its

components. We used the guidelines provided for each block (discussed in Section 4) to operationally
scope the technical affordances and limitations.
Data (Technical). For the data block, we interviewed system administrators and data scientists using
our framework around data origins, the purpose of collection, policies, etc. When the development
team learned about the analysts’ lack of trust and actionability, they were motivated to carry out
customized exercises following the Datasheets for Dataset framework [59]. We learned actionable
information; for instance, that the dataset has proprietary information originally collected for
compliance reasons, and that there was very little documentation on preprocessing steps, which
encouraged the development team to address this deficiency.
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Model (Technical). For the model, the data science team shared a substantial limitation— the
model is proprietary and purchased from a vendor (third-party). Thus, SecureCorp’s team had no
way to “open” the “black-box”. We also learned that this was quite normal—most organizations
lack the in-house infrastructure to build systems end-to-end. Often, companies use an ensemble
of technologies to provide a service. However, the charting process highlighted blind spots that
profoundly impacted trust and actionability. Upon realizing that they cannot answer our starter
questions, the development team had concrete steps to address—their unknowns became known.
Explanation (Technical). Next, we addressed the explanation from Atlas. Using the starter
questions, we conducted multiple focus group discussions with the XAI engineers and analysts
(end-users). We learned that Atlas generates post hoc explanations (explanation generation after
model’s training) [48, 95, 108, 124, 167] that are local (explaining a prediction vs. explaining a model)
[64, 125, 168]. The explanations are fine-tuned to the company’s proprietary data. The generation
mechanism is model-agnostic to accommodate the lack of access to the vendor’s model.

While these insights from the social and technical blocks are informative, we cannot act on them
if they are not harmonized with the organizational values, which took us back to the social wing.
Values (Social). To get a baseline understanding of the interplay between organizational and
individual values, we used the framework guidelines to find the points of alignment and conflict
through multiple interviews and focus group discussions with leadership, HR representatives,
product managers, analysts, and auditors. We found conflicting values around accountability; for
instance, the organization was set up such that the liability fell on the human’s shoulder, something
that hurt actionability (the core problem). Here, we successfully used the insights from previous
steps to garner empathy and understanding, mitigating the conflicts between the value systems.

5.4 Updated Understanding (UU)
The baseline understanding propelled revisits to certain blocks to update our understanding, which
often carried design recommendations. For clarity purposes, we share the updated understanding
in this subsection. In the next subsection, we report the design recommendations in one place. We
begin with revisits to data and model.
Data (Technical). Conversations with auditors (during the BU of values) generated two notable
insights applied to the data block. First, we learned that, contrary to our previous understanding,
the dataset can be updated yearly (as opposed to every 3 years). Second, the auditors highlighted
compliance risks around the lack of pre-processing documentation (problem highlighted during
BU of Data). We relayed these findings to the development teams through focus group discussions,
which resulted in concrete design recommendations (shared in the next subsection).
Model (Technical). When the leadership learned (during the BU of values) about the lack of
access to the model’s inner workings, they re-negotiated liability terms with vendors that reduced
the burden on analysts, updating our understanding of the model block and generating design
recommendations (outlined later).

Using these updated insights, we revisited the trust and actionability blocks in the social wing.
Trust (Social). Recall that the main reason to get a BU of the technical wing was the mistrust in
AI due to lack of understanding of the technical blocks. We relayed the BU and UU of data, model,
and explanation to the analysts. The increased visibility of what was possible and not possible
alone recalibrated their trust in AI. For instance, learning about the new data update policies
calibrated their expectations on the correctness of AI decisions on the latest security threats. The
re-negotiated model liability with the vendor provided psychological relief.
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Actionability (Social). The recalibration of trust updated actionability given the close relationship
between them. Recall that analysts felt vulnerable and siloed. We wanted to address this problem.
Guided by the framework, we utilized the lenses of Social Transparency (ST) to increase the
“peripheral vision” of decision-making by providing the context of past decisions. Interviews
revealed that analysts strongly resonated with the idea of reducing individual vulnerability by
distributing accountability through increased visibility of each other’s interactions. We used the
guidelines from ST and engaged in participatory design sessions to operationalize how the 4W (who
did what, when, and why) of ST could manifest at a design level to promote informed actionability.
Aligned with the ST guidelines, we learned how the increased socio-organizational context can
promote peer-to-peer learning, which adds social validation to individual decision-making. These
led to design recommendations (detailed in the next subsection).

After these sessions, we reached a saturation [134] of our understanding where further investi-
gations did not generate novel information. We proceeded to make design recommendations.

5.5 Design Recommendations (DR)
The updated understanding produced design recommendations at technological and policy levels.

On the technological side, there are recommendations on explanation and data. On the
explanation side, analysts wanted the 4W design insights (derived from the UU of Actionability)
to be incorporated alongside the AI’s explanation. Next to each AI-generated explanation, they
wanted the socio-organizational context—who else did what with similar AI decisions in the past
and why (the 4W). There were concrete design manifestations of the 4W: for who, analysts wanted
years of experience to be displayed to situate the authority behind their recommendation. They
voted against revealing names to protect privacy. For what, they wanted not just what the past
decision was (accept/reject) but also what the outcome was (threat nullified/not). For when, beyond
the date, they wanted more temporally relevant information such as last dataset update. For why,
they collaboratively agreed on a standardized template for consistency purposes. On the Data side,
given the new understanding of update policies and pre-processing details, this information should
be tagged along with other details alongside the when in the 4W.

In terms of policies, during the BU of value, we productively engaged with leadership. Empow-
ered by our findings, they launched an educational campaign (a palliative measure [3, 116]) led by
the analysts (the end-users) that reformed policies and training procedures. On the model end, we
revised employee training programs to cover the re-negotiated liability contract with the vendor so
that new analysts do not suffer Julie’s fate. These policy changes align with one of Ackerman’s
proposed methods—educational interventions—to address the sociotechnical gap [3].

5.6 Framework Outcomes
Harmonizing user requirements, organizational incentives, and technical affordances, we worked
with the development team to implement the design recommendations (4W of Social Transparency
and policy changes). Within one month of deployment, the engagement was 93%, a drastic change
from the initial 2%. We continued to track progress over the next four months through interviews,
surveys, and workshops. The results were promising—the improved engagement (94% on average)
addressed the actionability problem. Similar to the Kuro case study, the increased “peripheral
vision” afforded by the 4W of ST (who did, what, when, and why) [43] helped analysts gain a
deeper understanding of the socio-organizational context, which appropriately calibrated their trust
on the AI and self-confidence to act on the AI’s recommendation. The increased visibility of the
technical affordances enabled informed opinions about the limitations of Atlas. Most importantly,
analysts reported an improvement of Atlas’ explainability because it was no longer devoid of the
socio-organizational context that was necessary for informed actionability.
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5.7 Investigating Framework Effectiveness
While the engagement gains are important for SecureCorp, as a research team, we wanted to inves-
tigate the following: how effective was the framework? Did the stakeholders find the framework
useful? To answer these questions, we conducted a follow-up study with the following procedure.

5.7.1 Methods. We hosted a two-day workshop attended by 23 participants (referred to as P1-P23
below) with diverse backgrounds (XAI engineers, Product Managers, UX Researchers, HR managers,
Responsible AI managers, etc.). The workshop lasted 5 hours each day. We analyzed 10 hours
of recorded footage through the lenses of thematic analysis [22]. Using an open coding scheme,
we produced in-vivo codes (directly from the data) and clustered them themes. We iterated till
we reached stability in our codes and respective themes, grouping them at a topic level using a
combination of mind-mapping and affinity diagramming.

5.7.2 Findings. Below we present our findings on the effectiveness of the framework, related
challenges, and how we may address the challenges.
The framework empowered participants to appreciate the multi-stakeholder and so-

ciotechnical nature of the problem, expanding their understanding of explainability.
Participants highlighted how the framework helped them appreciate that “everything is situated,
nothing happens in a silo, and we all need to depend on each other” (P3). Reflecting on a newfound
sociotechnical perspective, participants with engineering backgrounds appreciated that “it’s a
multiplayer game, and [they] were playing it a 1-player game” (P2). They also expressed welcomed
relief at “not being alone to handle all the complex issues of AI like fairness, bias, explainability”
(P23). “The framework helped [them] see that it is unfair to expect engineers to carry the entire
weight of AI explainability because the problem is not just technical, it’s sociotechnical” (P14).
Most importantly, a sociotechnical lens afforded participants to view “XAI as something more than
model transparency” (P8). This participant captures the newfound realization:

“It’s sad that I had such a very narrow view of XAI where XAI was equal to algorithmic trans-
parency. AI systems are made of people and algorithms. I now realize explainability of the system
is much more than explainability of the model... This is why [engineers] like me need to know
where the data comes from, what the model cannot do. . . otherwise, how can I help my end user
to know when to rely on the AI’s explanation vs. not?” (P12, XAI engineer, emphasis added)

Participants emerged with a deeper understanding of the sociotechnical gap in XAI.
Before participants went through the framework, they “lacked a clear understanding of the gap
and how the technical and social sides mattered” (P10). The explicit sociotechnical focus with
“blocks dedicated to each side made the process modular and traceable” (P14). When asked how the
framework augmented their understanding of the gap, this participant summarized it well:

“The process provided a high-resolution image of the gap as opposed to a very blurry picture
when we started. We know where the gap is the widest and the closest. This knowledge is crucial
for interventions. Even as someone with a PhD and who knew Ackerman’s work, it never really
dawned on me that we could address XAI issues like this. ” (P15, UX Researcher)

Blind spots in existing organizational practices were revealed. Participants expressed that
the “framework allowed [them] to clearly highlight blind spots” (P19). For example, while obtaining
the BU of the Values block we found that there were value tensions around how accountability
was structured and how analysts felt vulnerable, which impacted their actionability, and hurt
engagement (the root problem). Most importantly, “the framework helped [stakeholders] see that
[they] needed the 4W—the social transparency—and that technical transparency wasn’t cutting
it” (P6). Participants felt that “had [they] not gone through the process, these blind spots may not
have been identified and addressed” (P21).
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Table 2. Framework effectiveness workshop participant details

ID Organizational Role Experience

Engineering and Data Science
P1 XAI Engineer >5 ys.
P7 XAI Engineer >10 ys.
P12 XAI Engineer >4 ys.
P23 XAI Engineer >3 ys.
P2 Data Scientist >10 ys.
P6 Data Scientist >5 ys.
P14 Data Scientist >6 ys.

User Research
P3 UX Researcher >5 ys.
P4 UX Researcher >5 ys.
P15 UX Researcher >10 ys.
P16 UX Designer >13 ys.

ID Organizational Role Experience

Product Management
P5 Product Manager >15 ys.
P8 Product Manager >8 ys.
P9 Product Manager >11 ys.

Organizational Governance
P10 Responsible AI Manager/ AI Ethics >3 ys.
P11 Responsible AI Manager/ AI Ethics >4 ys.
P19 Responsible AI Manager/ AI Ethics >3 ys.
P20 Responsible AI Manager/ AI Ethics >5 ys.
P13 Compliance Officer >10 ys.
P22 Compliance Officer >11 ys.
P17 VP of Technology >15 ys.
P21 SVP of Technology >20 ys.
P18 HR Manager >16 ys.

The collaborative process led to improvements in inter-departmental dynamics. One of
the “best effects of going through the blocks has been improvement in [participants’] relationships
with other departments. In large organizations like SecureCorp, work is often siloed along verticals.
Participants shared that the framework “provided peripheral vision of who else was there, how they
can help, and most importantly, brought everyone under the same roof to solve the joint-problem”
(P17). Even though “the start was a rough one and [non-engineering participants] didn’t see eye
to eye with the engineering team, [they] now have a better working relationship and mutual
understanding” (P15). The process, participants expressed, “brought people from different bubbles
together, which is an amazing achievement in a complex organization” (P22).
The process activated latent, pre-existing organizational information into actionable

knowledge. Being able to re-use and re-purpose existing practices and guidelines was a major win
for us in terms of getting buy-in and adoption. As shared in Section 3, we made a conscious effort
to ensure we leverage as much of the existing infrastructure as possible; for instance, we leveraged
familiar HCI techniques and AI guidelines like Model Cards that already had built-in adoption.
Product Managers particularly appreciated this “sustainable way of thinking because it made the
most out of what [the company] already had” (P9). These choices minimized extra burden on our
participants, which they appreciated. It also activated latent information into actionable knowledge
without adding significant burden to stakeholders, elaborated by this participant:

“Thanks for not forcing us to do yet another new checklist. We’re often jaded of researchers
telling us to do new things without looking at how we can leverage what we’ve! I’m really happy
that we got a lot of mileage from existing information and processes. I loved how this process
helped us see old things in a new light and solve a really sticky problem.” (P17, VP of Technology)

Beyond benefits of using the framework, participants highlighted two main challenges.
The first challenge is around “the issue of ownership and responsibility of each block” (P1).
Participants shared that they were expecting more guidance from the framework. Those from the
Responsible AI and Policy teams, wondered: “Since it’s a multi-stakeholder problem, it’s not clear
who owns which block. Who is ultimately accountable? Without clear guidance, we may end up
playing hot potato or resort to ‘not my problem’-type thinking” (20). When asked how we may
alleviate that hurdle, we had generative and critically constructive suggestions. First, given problem
contexts can vary, participants agreed it was “impossible to decide [ownership] before-hand, so it
should not be top-down” (P22). Issues of responsibility should be discussed “when [stakeholders]
have a clear idea of the problem” (P4). Second, since each block in the framework often has multiple
stakeholders, ownership “need not be on only one team; it can be shared” (P12). The relative split of
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accountability for the block can be decided by asking—“which group has the most to lose if things go
wrong in this block?”. Leadership “may need to proactively engage in cases of disagreements” (P20).
Last, the conversations and should start early—“before embarking on a baseline understanding and
revisited during updated understanding to see if things have changed” (P2).

Another challenge is around the complications of obtaining collective buy-in during the
early stages of the framework. Here, teams struggled to get buy-in during the early stages and
wanted the framework to better steer the process. Data scientists and developers “initially struggled
to understand why non-developers had to be involved when discussing the model” (P7) Participants
offered constructive solutions to this problem of buy-in. They suggested to add “an all-hands meeting
with team leads during onboarding. To get buy-in, it’s important that value propositions are clearly
laid out—what’s in it for each team and what we do lose if we don’t put our heads together?” (P18).
To give stakeholders a shared sense of ownership to facilitate the buy-in, participants advocated
and appreciated our participatory methods. They “felt included; it was clear that [they] were
problem-solving with [the researchers]” (P16). This Product Manager put it succinctly: “if you want
people to join you, first you need to make them feel like their voices matter; next you make it
crystal clear early on why it’s a team sport and we all need to pull our weight”(P9)

6 DISCUSSION AND IMPLICATIONS
6.1 Transferring the Framework to New Domains
We constructed the framework with the ethos of customizability and versatility, striving to balance
specificity with generality. This is whywe developed it from distinct domains and applied it in a third
new domain. The diversity of domains is an asset and speaks to the versatility of the framework’s
applicability. Despite their diversity, they share a vital common element: all domains have the
sociotechnical gap. Thus, the framework can apply to domains beyond sales and cybersecurity
like robotics, autonomous driving, etc. As long as the problem has an explainability component
embedded in sociotechnical environments, the framework can be used to chart the sociotechnical
gap. This is because the answers to the questions we ask and how we operationalize each block,
and the starter questions are similar. Moreover, when transferring the framework to new domains,
we should be mindful of whether the contexts are permitting. Inherent in transferability is context-
sensitivity [53, 70, 144]. Real-world XAI settings have different contexts, domains, and application
area—as such, the transferability of our framework to new domains is subject to context-sensitivity.
Given its construction and the existence of the sociotechnical gap in all sociotechnical systems, our
framework is likely to have broad transferability but not blanket generalizability.
We offer three “knobs” (entities) to consider as we calibrate the framework to new domains:

nature of collaboration, infrastructural complexity, and stakes (or consequences). These three knobs
are not the only ones that can potentially inform transfer and are not meant to be exhaustive. They
are, however, informative and provide guidance during transfer.
For the nature of collaboration, the higher the collaborative or cooperative nature of work, the

higher the impact from the social wing of the framework, and the higher the potential impact of
Social Transparency in bridging the social and technical factors. The level of collaboration in our
use case is relatively high—in all three cases, we had multiple users interacting with the AI system.
In contrast, if the use case is geared towards 1-1 Human-AI interaction, then the social factors
might not weigh as much. Beyond the number of users involved in the Human-AI interaction,
we should also consider the nature of geographic co-location and organizational culture. A more
distributed workforce (e.g., multi-nationals) might require higher levels of Social Transparency.

For the infrastructural complexity, we should consider complexities both at the technical and social
(organizational) levels. Technical complexities can include complex data infrastructures, models
(ensembles of deep neural networks), etc. On the social side, complex organizational structures
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can impact how we understand the interplay of values, how actionability works, and what type
of human factors govern trust in AI. The level of complexity can correlate with the number of
“passes” or iterations we need to do over each block—the higher the level of complexity, the more
time/effort we might need to invest in operationalizing each block (e.g., multiple Model Cards
reporting for ensemble models), and the higher the chances of multiple iterations for updated
understandings. This is why our framework provides thematic labels (baseline understanding,
updated understanding, etc.) to manage progress and track challenges.
For the stakes (or consequences), we should be mindful of the eventual impact on human lives.

These can range from distributive justice issues like the allocation of relief funds (algorithmically)
to users risking job losses due to accepting a false positive AI decision. An AI system responsible
for recommending music has a different level of stakes than one that recommends loan approvals.
For example, in the Atlas (cybersecurity) case study, the stakes were high—a missed step could
cost someone’s job (case in point, Julie’s story). The liability of the AI’s error resided entirely
on the human. This displacement of accountability created a sensitive situation than required
careful stakeholder management. Not only did we have to revisit blocks (e.g., actionability) in the
social wing to update our understanding, we also had to be careful in operationalizing the values
block—when engaging with leadership, we had to strike a balance where no single party felt blamed
for the situation. Thus, there are socio-political aspects to consider when considering stakes.
6.2 Practical Implications
Our work bears practical implications that can help researchers and practitioners (stakeholders on
the technology development end such as data scientists, AI engineers, technical product managers,
UX Researchers) operationalize our proposed framework.

6.2.1 Implications for Practitioners. First, thinking sociotechnically pays dividends— technology
problems in organizational environments are sociotechnical. This entails that they have both
social and technical components. Thus, technical interventions alone cannot solve sociotechnical
problems. When looking for solutions, developers and data scientists are likely to make progress
if they consider both social and technical dimensions. Second, the problem space requires multi-
stakeholder engagements; thus, practitioners should actively seek collaboration with other teams.
As we highlighted in the framework effectiveness study (Section 5.7), engineers and developers were
relieved to not feel alone in handling sociotechnical complex issues in AI. The framework helped
them realize that “it’s a multi-player game” (P2) and that a purely technical perspective imposes an
unfair burden on engineers to solve problems that are multi-stakeholder and sociotechnical. Third,
there is value in going through the activity of charting the gap even though the sociotechnical
gap may never be fully bridged. As we saw in Section 5, from highlighting organizational value
tensions to unearthing non-obvious technical limitations, the framework-driven process provided
actionable insights on not just understanding the sociotechnical gap in XAI but also how to address
it. The process also had the positive side-effect of surfacing organizational barriers that may
hinder cross-functional teamwork that, if addressed formally or informally, can improve future
best practices.

6.2.2 Implications for Researchers. First, taking a participatory approach helps get stakeholder
buy-in—if stakeholders feel that they are designing with the researchers, rather than the researchers
designing for them, they tend to feel included and take engaged ownership of the process. We
framed all problems as cooperative joint problems [1] where the power dynamics were calibrated as
much as feasible. Being participatory can also complicate collective buy-ins (a challenge identified
in our effectiveness study); e.g., who calls the shots for a given block. We share mitigation strategies
in Section 5 such as clearly articulating value propositions before starting the process. Second,
researchers should leverage existing information and documentation before introducing new
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checklists and processes. As our framework effectiveness workshops showcased (in Section 5.7),
such a sustainable approach improved (a) the chances of stakeholder buy-in and acceptance,
(b) activated latent information into actionable knowledge without adding a significant burden
to stakeholders, and (c) mitigated what participants called checklist burnout where people feel
overwhelmed with long checklists and lose engagement. This is why our framework encourages
using established checklist guidelines and familiar experimental methods. Third, where feasible,
we suggest engaging in group settings that have lower barriers to participation because they tend
to be generative. Relatively low-stakes group settings like “lunch-n-learns" where staff gather to
listen to presentations are resourceful avenues to get initial interest in a project. Given the relevant
stakeholder(s) might already be there, it reduces the barrier to getting people in a room. This
is why, whenever possible, we conducted workshops. We often recruited through lunch-n-learn
sessions and used virtual workshops to reduce the barrier to participation. We hope that these
practical implications will help future researchers and practitioners operationalize the framework
in real-world settings.

6.3 Conceptual & Theoretical Implications
By situating the sociotechnical gap in the context of XAI, our framework adds to its epistemology
by expanding the conceptual landscape in three ways. First, it showcases the utility of conceptually
understanding the gap by connecting it with practical outcomes. By providing a systematic process-
driven structure to chart the gap, our framework showcases how the very act of understanding the
gap can produce design interventions to address the gap. This connection motivates the practical
utility in the pursuit of Ackerman’s main goal in proposing the gap—the need to understand it [3].
It also speaks to the shift in focus we advocated in the introduction—one that goes from a “gap
filling” philosophy to a “gap understanding” one when addressing the sociotechnical gap in XAI.

Second, our framework connects diverse threads of work in AI and HCI and translates them in the
context of XAI, adding to its conceptual landscape. For example, on the technical wing, we integrate
existing guidelines (like Datasheets for Datasets [59], Model Cards [109], XAI Question Bank [87],
etc.) that previously existed in their own niches. On the social wing, we derive translational insights
from XAI paradigms (like Social Transparency [43]) that incorporates socio-organizational elements.
More importantly, the framework delineates the interplay between the building blocks of each wing
as well as offers methodological guidelines (like Value Sensitive Design (VSD) [58] and Participatory
Design (PD) [136]) on operationalizing the goals.

Third, by drawing boundaries that include the social factors rather than purely technical ones, our
framework reframes the conceptualization of the relevant factors, potentially empowering stake-
holders to avoid certain techno-centric traps such as Solutionism [114] and Formalism [63]. Selbst et
al.[137] highlight falling into these traps (by excluding the social context) can cause AI interven-
tions to exacerbate societal inequities and unfairness. By “refocusing of design in terms of process
rather than solutions” [137], our framework can help researchers and practitioners avoid these
pitfalls. It encourages a sociotechnically-informed “heterogeneous engineering approach” [137],
one that critically reflects on what social factors to use why, and when to implement design inter-
ventions [63, 137]. For example, in the Atlas case study, the framework not only helped us devise
design recommendations around the 4W (who, what, when, why) of Social Transparency [43], but
it also highlighted the areas (actionability and trust) in which it is most impactful.
The conceptual implications are connected to our design philosophy. As we shared in the intro-

duction, our framework is generative, not normative. Its process-driven nature is meant to empower
stakeholders (e.g., researchers, designers, developers) to systematically chart the sociotechnical
gap and generate insights to address the gap. We do not anticipate there exists a one-size-fits-all
paradigm that could chart the gap universally for all contexts. There could be many paths that lead
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to the same destination. As such, we do not impose restrictions on the exact path to mapping the
gap. Instead, we focus on operationalizing the building blocks systematically where the generative
insights guide the path-finding process. For example, a startup company might take a different
sequence of actions in charting the gap compared to a large multinational organization. While they
might have different types of gaps, the gap still exists, which is where our generative framework
can help in both cases. Incorporating the lenses of Social Construction of Technology developed by
Pinch and Bijker [118], we encourage interpretive flexibility of the process from different relevant
social groups, each with its own goals and visions of the technology. This design philosophy not
only permeates this framework but also has conceptual implications on future work based on it.

6.4 Limitations & Future Work
We have taken a formative step on how to chart the gap and address it by deriving an analytical
framework using two case studies and applying it on a new one. Given this first step, the insights
from our work should be scoped accordingly. We need to do future work on applying the framework
across more domains and in different settings. In our case studies, both the development and end-
users were part of the same organization. Futurework could explore contexts where the development
and end-user teams are from different organizations (e.g., service providers and customers).

For future iterations, we are inspired by Agre’s design philosophy of Critical Technical Practice [5].
Aligned with Agre’s notion, “at least for the foreseeable future, [we] will require a split identity
– one foot planted in the craft work of design and the other foot planted in the reflexive work of
critique.” [6]. As such, our exploration of the sociotechnical gap in XAI, at least for the foreseeable
future, is a work-in-progress. We have “planted one foot" in the work of design by offering a
framework that helps map the gap and address it. Now, we seek to learn from and with the broader
HCI and XAI communities as we “plant the other foot” in the self-reflective realm of critique.

7 CONCLUSION
Explainable AI (XAI) systems are inherently sociotechnical; thus, they are subject to the sociotech-
nical gap. This paper targeted the problem of charting the sociotechnical gap between the technical
affordances and the social needs in XAI systems. We used two case studies in two different domains
(sales and mental health) to empirically derive an analytic framework to facilitate charting the
sociotechnical gap in XAI. This framework consisted of three building blocks in each of the technical
and social wings. The technical wing included data, model, and explanations components, and
the social wing included trust, actionability, and values components. For each of these building
blocks, we provided a set of starter questions that would help address the sociotechnical gap in
XAI systems. Further, we delineated how to address the gap through the lenses of palliatives and
first-order approximations [3]. Next, we applied the proposed framework to a third case study in a
new domain (cybersecurity) to showcase its affordances, and how it helped to not only understand
the problem but also to generate actionable insights to adequately address the problem and improve
the system’s explainability. Our work provided design recommendations and potential challenges,
risks, and tensions in mapping out and addressing the sociotechnical gap in XAI.
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