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Abstract The increasing proliferation of artificial intelli-

gence (AI) systems presents new challenges for the future

of information systems (IS) development, especially in

terms of holding stakeholders accountable for the devel-

opment and impacts of AI systems. However, current

governance tools and methods in IS development, such as

AI principles or audits, are often criticized for their inef-

fectiveness in influencing AI developers’ attitudes and

perceptions. Drawing on construal level theory and Toul-

min’s model of argumentation, this paper employed a

sequential mixed method approach to integrate insights

from a randomized online experiment (Study 1) and qual-

itative interviews (Study 2). This combined approach

helped us investigate how different types of accountability

arguments affect AI developers’ accountability percep-

tions. In the online experiment, process accountability

arguments were found to be more effective than outcome

accountability arguments in enhancing AI developers’

perceived accountability. However, when supported by

evidence, both types of accountability arguments prove to

be similarly effective. The qualitative study corroborates

and complements the quantitative study’s conclusions,

revealing that process and outcome accountability emerge

as distinct theoretical constructs in AI systems develop-

ment. The interviews also highlight critical organizational

and individual boundary conditions that shape how AI

developers perceive their accountability. Together, the

results contribute to IS research on algorithmic account-

ability and IS development by revealing the distinct nature

of process and outcome accountability while demonstrating

the effectiveness of tailored arguments as governance tools

and methods in AI systems development.

Keywords Artificial intelligence � AI systems

development � Accountability � Construal level theory �
Toulmin’s model of argumentation � Mixed methods

1 Introduction

Advancements in big data and machine learning tech-

nologies have significantly enhanced the development of

artificial intelligence (AI) systems, offering remarkable

improvements in efficiency and novel information pro-

cessing abilities (Asatiani et al. 2021). As these systems

evolve from simple rule-based algorithms to more auton-

omous and inscrutable AI systems capable of perceiving

their environments and deriving predictions, recommen-

dations, and decisions (Berente et al. 2021; Wu-Gehbauer

and Rosenkranz 2024), the risk of unintended conse-

quences increases. This evolution introduces complex

challenges in the management of information systems

development (ISD) activities (Dey and Lee 2021) and

underscores the importance of socio-technical approaches
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(Hennel and Rosenkranz 2021; Sawyer et al. 2010)

focusing on the ethical and safe design of AI systems and

AI developers’ accountability (Dey and Lee 2021; Horne-

ber and Laumer 2023; Rosenkranz et al. 2023). AI devel-

opers play a critical role in AI systems development, as

their decisions significantly influence how AI systems infer

from data and interact with users (Wu-Gehbauer and

Rosenkranz 2024). They are thus tasked with assuming

algorithmic accountability (Martin 2019), which involves

justifying and explaining the design, use, and outcomes of

AI systems and taking responsibility for any negative

impacts these systems cause (Bovens 2007; Wieringa

2020).

Given the reliance of ISD activities on the reflective

sense-making processes of the individuals involved (Vial

and Rivard 2022), understanding AI developers’ subjective

perceptions of their accountability is crucial (Frink and

Klimoski 1998). Accountability perceptions significantly

influence individual behavior (Lewin 1936), leading to

more informed, prudent, and defensible decisions (Lowry

et al. 2012; Vance et al. 2015). Therefore, effectively

communicating accountability expectations to AI devel-

opers is essential for fostering ethical and responsible

decision-making in the design, implementation, and gov-

ernance of AI systems.

In information systems (IS) research, various arguments

have been put forward for why AI developers should be

held accountable for their AI systems. These range from

technical justifications, such as AI developers’ ability to

enable reverse engineering of AI-produced insights (e.g.,

Benbya et al. 2021), to ethical considerations about how

their development decisions embed responsibility attribu-

tions into AI systems (e.g., Martin 2019). In this context,

arguments for AI developers’ accountability – drawing on

distinctions established in social and organizational psy-

chology – vary in their focus: some emphasize account-

ability for development processes, such as methodology

choice and training data selection, while others stress ac-

countability for AI systems’ outcomes, including unin-

tended consequences and ethical issues that may arise post-

deployment (Hochwarter et al. 2007; Lerner and Tetlock

1999; Siegel-Jacobs and Yates 1996). This variation

reflects the complex nature of AI systems development,

where often significant time gaps exist between develop-

ment decisions and their manifestations in AI systems’

outcomes (van den Broek et al. 2021). Despite this varia-

tion in argument focus, there has been minimal research

conducted to date into how different types of accountability

arguments affect AI developers’ perceptions and awareness

of their accountability.

Understanding how process versus outcome account-

ability arguments influence AI developers is particularly

crucial given the evolving nature of AI systems (Berente

et al. 2021). While process arguments address immediate

development decisions and actions, outcome arguments

deal with future impacts that may only become apparent

during AI system operation. Recognizing which types of

arguments most effectively communicate accountability to

AI developers is vital for the effective governance of AI

systems development, ensuring comprehensive considera-

tion of immediate development practices and longer-term

operational impacts. This understanding becomes espe-

cially important as AI systems grow more autonomous and

complex (Saffarizadeh et al. 2024), potentially leading to

outcomes that were not foreseeable during development.

ISD research has long established that effective com-

munication and appropriate tools are crucial for successful

development outcomes and shared understanding among

ISD stakeholders (Conboy 2009; Corvera Charaf et al.

2013; Rosenkranz et al. 2013). This is particularly relevant

for AI systems development, where complex technical

decisions must align with business objectives and ethical

considerations (Meckenstock et al. 2022; Ravn et al. 2022).

However, current governance tools and methods for pro-

moting accountability in AI systems development, such as

AI principles or audits (e.g., Floridi 2019; Raji et al. 2020),

often fall short due to their abstract nature and reliance on

subjective judgments, which hinder effective communica-

tion (Berente et al. 2024; Mittelstadt 2019). While ISD

teams typically benefit from methods and tools that pro-

mote transparency and collaboration (Shidende et al. 2016;

Ter Hofstede and Verhoef 1997), these approaches have

not yet been effectively adapted for communicating

accountability in AI systems development. Nevertheless,

experimental evidence suggests incorporating user inter-

face (UI) design elements that visualize accountability

mechanisms effectively raise users’ accountability per-

ceptions (e.g., Adam 2022; Vance et al. 2015). This pre-

sents an opportunity to utilize UI design elements within

integrated development environments (IDEs) to foster

accountability awareness within AI systems development.

Against this backdrop, our paper sets out to explore AI

developers’ responses to varied accountability arguments

visualized in IDEs, structured in accordance with Toul-

min’s model of argumentation (1958) and integrating

construal level theory (CLT) (Trope and Liberman 2010).

Within Toulmin’s model, a claim represents an assertion to

be established as truth – such as AI developers’ process or

outcome accountability, thereby addressing different

mental construals according to CLT (Liberman and Trope

2008; Trope and Liberman 2010). Further, we examine

whether the presence of supporting data alongside these

accountability claims enhances their effectiveness, as

suggested by Toulmin’s model. Consequently, this paper

poses two research questions: How do process versus

outcome accountability arguments, when presented as
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claims only, affect AI developers’ perceived accountabil-

ity? And how is this effect influenced by the absence versus

presence of support alongside the claims (i.e., claim-sup-

porting data)?

To answer our research questions, we employed a

sequential mixed method approach, gathering both quanti-

tative and qualitative data to analyze and comprehend how

different accountability arguments influence AI developers

engaged in AI systems development. In the first study, we

conducted a 2 (accountability claims: process vs. out-

come) 9 2 (claim-supporting data: present vs. absent)

online experiment in a between-subject design with 164 AI

developers to analyze the impact of process and outcome

accountability arguments visualized as UI design elements

on AI developers’ perceived accountability. The results

indicate that incorporating corresponding UI design ele-

ments into IDEs enhances AI developers’ accountability

perceptions. Notably, arguments focusing on accountability

for development processes exert a greater impact on AI

developers’ accountability perceptions compared to those

emphasizing accountability for AI system outcomes. Nev-

ertheless, with present claim-supporting data, both types of

arguments prove similarly effective in strengthening AI

developers’ accountability perceptions. Accordingly, AI

developers more effectively perceive their accountability

when they receive clear arguments about their obligations in

conjunction with supporting evidence.

Building on these findings and responding to calls for a

deeper understanding of communication approaches in ISD

(e.g., Hennel and Rosenkranz 2021; Kautz et al. 2007), we

conducted a second study to validate and expand our insights

(Venkatesh et al. 2013, 2016). 15 interviews with AI

developers and professionals working in related roles within

AI systems development teams confirmed more pronounced

accountability perceptions for development processes than

for outcomes of AI systems. This emphasis largely stems

from AI developers’ perceived higher influence over

development processes. Furthermore, our study highlights

the importance of considering organizational and individual

boundary conditions, which significantly shape how AI

developers respond to different types of accountability

arguments, suggesting a complex interplay between personal

agency and institutional frameworks in AI systems

development.

Our research contributes to IS research on algorithmic

accountability (e.g., Horneber and Laumer 2023; Wieringa

2020) and advances our understanding of AI systems

development, a key aspect of managing future ISD activ-

ities (Rosenkranz et al. 2023). First, we extend existing IS

research on accountability perceptions (e.g., Adam 2022;

Vance et al. 2013, 2015) by revealing how process and

outcome accountability emerge from the experiences of AI

developers as distinct theoretical constructs in AI systems

development while demonstrating how different argument

types influence developers’ accountability perceptions.

Second, we show how AI developers respond differently to

process versus outcome accountability arguments,

enhancing our understanding of how accountability should

be communicated at various phases of AI systems devel-

opment. Third, we advance ISD research by showing how

established development tools can be adapted to address

emerging governance challenges in AI systems develop-

ment (Rosenkranz et al. 2023; Urbach et al. 2019). From a

practical standpoint, our research provides organizations

with concrete guidance for integrating accountability

arguments into their development environments, offering a

pragmatic approach to enhancing accountability awareness

throughout the AI systems development process.

2 Theoretical Background and Related Literature

2.1 AI Developers’ Accountability in AI Systems

Development

The rising influence of increasingly adaptive, autonomous,

and inscrutable AI systems on critical decision-making pro-

cesses (Berente et al. 2021) raises pressing questions about

algorithmic accountability (Horneber and Laumer 2023;

Wieringa 2020), especially as AI systems become more cap-

able of interacting with and responding to their environments

(Russell and Norvig 2021; Wu-Gehbauer and Rosenkranz

2024). Algorithmic accountability, which builds on broader

accountability concepts in political and academic discourse

(e.g., Bovens 2007, 2010; Lindberg 2013), demands that

stakeholders engaged in AI systems are able to explain and

justify the design, usage, and outcomes of AI systems, and

bear consequences for any negative impacts arising from such

systems (Horneber and Laumer 2023; Wieringa 2020).

Previous IS research has raised various arguments for

why AI developers should be held accountable in AI sys-

tems development. The focus on AI developers is often

justified by their critical influence over how AI systems

process and act upon data, shaped significantly by AI

developers’ technical skill and knowledge (Seidel et al.

2019; Sturm et al. 2021; Vaast and Pinsonneault 2021).

Accountability arguments vary in their focus: some

emphasize accountability for development processes, such

as design and methodology choices to foster transparent

and auditable systems (e.g., Horneber and Laumer 2023;

Martin 2019, 2022), while others stress accountability for

outcomes by pointing to AI developers’ ability to critically

question or even reverse engineer these outcomes (e.g.,

Benbya et al. 2021). However, despite this variety of

arguments, IS research has yet to investigate how these

different types of accountability arguments affect AI
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developers’ perceptions and awareness of their

accountability.

To translate accountability arguments into practice,

various governance tools and methods have been proposed,

such as AI principles (e.g., Floridi 2019), frameworks (e.g.,

Tóth et al. 2022), certification systems (e.g., Matus and

Veale 2022), and audit systems (e.g., Raji et al. 2020).

However, these approaches often remain abstract and

vague, requiring subjective judgments and lacking stan-

dardization (e.g., Berente et al. 2024; Schulte-Derne and

Gnewuch 2024). Accordingly, the challenge lies not just in

establishing process or outcome accountability arguments,

but in effectively communicating them to AI developers in

ways that influence their awareness and behavior.

An important approach to establishing such under-

standing in ISD activities involves utilizing various ISD

tools and methods designed to enhance communication and

collaboration among stakeholders (Bittner and Leimeister

2014; Gallivan and Keil 2003; Rosenkranz et al.

2013, 2014). Such tools and methods help shape stake-

holder perceptions of the ostensive aspects of ISD activi-

ties, clarifying how ISD objectives should be carried out in

principle and aligning them with actual implementation

(Vial and Rivard 2022). These tools and methods encom-

pass a broad range of strategies, including organizational

metaphors that provide rich conceptualizations for under-

standing the social context of ISD activities (Oates and

Fitzgerald 2007), procedural prompts to assist stakeholders

in ISD activities such as requirements elicitation (Pitts and

Browne 2007) or enhanced meeting practices supported by

tools (Stray and Moe 2020; Stray et al. 2024). Thus, ISD

tools and methods collectively contribute to more coherent,

efficient, and successful ISD processes.

In contexts like preventing access policy violations,

empirical evidence demonstrates that UI design elements

visualizing accountability mechanisms effectively enhance

IS users’ accountability perceptions (Vance et al. 2015).

Similarly, UI elements could serve as powerful governance

tools to communicate both process and outcome account-

ability arguments clearly and comprehensively to AI

developers. By rendering abstract concepts more tangible

and immediate through appropriate visualization, UI ele-

ments could help bridge the psychological distance created

by the temporal gap between the development processes

and the outcomes of AI systems, enabling AI developers to

better understand and embrace their accountability.

2.2 Construal Level Theory and AI Developers’

Accountability Perceptions

The design of UI elements, both visual and argumentative,

should consider how AI developers mentally process and

respond to different types of accountability arguments. This

diversity stems from how individuals form mental repre-

sentations of goals and related messages, which vary in

concreteness depending on their psychological distance from

the event or object in question (Trope and Liberman 2010).

Within CLT, psychological distance is characterized as the

subjective perception of how close or far something appears,

with variations such as temporal (time-related) and hypo-

thetical (likelihood-related) distances (Trope and Liberman

2003, 2010). In the context of AI systems development,

CLT can be drawn upon to understand how AI developers

process different types of accountability arguments.

Accountability arguments focusing on development pro-

cesses, such as methodology choices or training data selec-

tion (e.g., Zhang et al. 2020), address immediate actions and

decisions that feel closer in time and more certain to occur.

In contrast, accountability arguments about potential future

outcomes of AI systems, such as unintended discrimination

or model drift (e.g., Benbya et al. 2021), involve greater

temporal and hypothetical distance. This variation in psy-

chological distance suggests that process and outcome

accountability arguments may elicit different levels of

mental construal among AI developers.

Previous IS research has investigated the effects of

temporal distances on IS users’ decision or choice behavior

by altering their levels of abstraction and, thus, their con-

strual levels. For example, information associated with low

(vs. high) temporal distance (e.g., by being highly topical

or representing real-time data) has been shown to elicit

higher IS reuse intentions and lead to more vivid percep-

tions, positively affecting IS users’ choice behavior (Adam

et al. 2020; Wendt et al. 2022). Accordingly, it can be

assumed that UI design elements visualizing process

accountability arguments, representing less temporal dis-

tance, elicit a more concrete mental construal compared to

UI design elements visualizing outcome accountability

arguments. However, as accountability arguments for AI

systems often remain vague or implicit (Berente et al.

2024; Schulte-Derne and Gnewuch 2024), the question

arises as to how accountability arguments should be com-

posed so that they are suitable for conveying to AI devel-

opers their accountability for the development processes or

outcomes of AI systems.

2.3 Toulmin’s Model of Argumentation

Toulmin (1958) established a model of argumentation

according to which arguments of daily communication

mainly consist of the three central components claim, data,

and warrant, that are needed to compose a ‘‘skeleton of a

pattern for analyzing arguments’’ (Toulmin 2003, p. 92).

While a claim describes an assertion or conclusion pre-

sented for general acceptance (Ye and Johnson 1995), data

represent the evidence used to support the claim
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(VerLinden 1998). Warrants are propositions linking data

and claims, often taking on an incidental and explanatory

function (Toulmin 1958). They aim to explicitly establish

the legitimacy of the step from data to claim against the

background of larger contexts whose legitimacy is pre-

supposed (Toulmin 2003). Figure 1 shows an example

argument in the context of algorithmic accountability with

the relationships between these three components. Since

warrants are often only implicitly referred to without being

explicitly expressed like claim-supporting data (Toulmin

2003), we focus on claim and claim-supporting data in our

research. Accordingly, our accountability arguments con-

sist of only a claim alone or a combination of a claim and

claim-supporting data.

Previous IS research indicates that arguments have a more

substantial effect when they consist of a claim and claim-

supporting data. More specifically, the combination of claim

and claim-supporting data has been shown to increase cus-

tomers’ trust in online stores, which has not been achieved

with claims alone (e.g., Kim and Benbasat 2006). Further-

more, the persuasiveness of arguments has also been shown to

vary depending on the contextual setting, such as when

addressingdifferentmotivational orientations (e.g., Schneider

et al. 2017). In the context of AI systems, there is a prevalent

claim that AI developers should assume algorithmic

accountability (e.g., Benbya et al. 2021; Martin 2019). How-

ever, as AI systems become more autonomous and

inscrutable (Berente et al. 2021; Saffarizadeh et al. 2024), the

feasibility of holding AI developers accountable is increas-

ingly challenged. AI systems’ opaque and automated nature

thwarts understanding their inner workings, thus impeding

algorithmic accountability for AI developers.

To convincingly argue for AI developers’ accountability

for AI systems development processes and outcomes, AI

developers must have the means to monitor and evaluate

their work. For example, IDEs equipped with tools for

monitoring and evaluating development processes and

outcomes of AI systems could provide the necessary data

to support claims of AI developers’ respective account-

ability. Such capabilities are essential for AI developers to

effectively oversee and justify their development processes

and the outcomes of their AI systems, lending credibility to

claims of their respective accountability. Accordingly,

integrating psychological distances with the structure of

arguments (comprising claims and claim-supporting data)

provides a lens through which we understand whether and

how AI developers can be persuaded of their process or

outcome accountability for AI systems. Figure 2 shows the

conceptual framework underlying the development of our

hypotheses and the design of the accountability arguments

we used in our experimental study.

3 Research Model and Hypotheses Development

Our research model evaluates the effects of process and

outcome accountability arguments on AI developers’ per-

ceived accountability, both in absolute and relative terms.

Initially, we assess the effectiveness of process and out-

come accountability claims on AI developers’ perceived

accountability (H1A/ H1B). This is followed by an analysis

of how the presence or absence of claim-supporting data

moderates the effects of these claims (H2A/ H2B). We then

proceed to contrast the relative effectiveness of process

versus outcome accountability claims (H3A). Further, we

examine the relative effects of the presence or absence of

claim-supporting data on the differential impact of these

claims on AI developers’ perceived accountability (H3B).

This approach allows for a comprehensive understanding

of the role of accountability claims and their supporting

data in shaping AI developers’ perceived accountability, as

systematically illustrated in Fig. 3 of our research model.

Fig. 1 Structure of

communication arguments

Fig. 2 Conceptual framework

of accountability arguments
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When individuals encounter the presence of account-

ability claims, they should feel compelled to explain and

justify their respective behavior and decisions to an audi-

ence, thereby intensifying their accountability perceptions.

Such heightened awareness increases the likelihood that

individuals will systematically and deeply consider their

behavior, a phenomenon referred to as systematic pro-

cessing (Crano and Prislin 2006). Conversely, in the

absence of accountability claims, individuals’ account-

ability perceptions and the ensuing depth of processing

may diminish. Systematic processing, perhaps fostered by

the presence of accountability claims, encourages individ-

uals to consider the factual consequences of their actions

more thoroughly, leading to a heightened perception of

accountability for their actions (Vance et al. 2015).

Accordingly, AI developers exposed to claims express-

ing their accountability for the processes or outcomes of AI

systems development should likely perceive a heightened

sense of accountability. This assumption aligns with CLT,

which posits that the presence of accountability claims may

induce a mental construal in AI developers, albeit perhaps

abstract, affecting their accountability perceptions (Trope

and Liberman 2010). In the context of AI systems devel-

opment, the presence of process or outcome accountability

claims could lead to a more immediate and concrete

accountability perception. For instance, when AI develop-

ers receive explicit reminders or notifications about the

importance of responsible coding practices or the imme-

diate consequences of biases in their training data, they

should become more acutely aware of their accountability

in AI systems development processes. This concrete mental

construal of their accountability is closely linked to the

visible and immediate results of their actions within

development processes. Conversely, when outcome

accountability claims are explicitly present, AI developers

are prompted to consider their developed AI systems’ long-

term impacts and broader implications. For example,

suppose AI developers are regularly reminded of how their

AI system outcomes might affect societal norms or the

interests of individuals. In that case, they should be more

likely to factor in these abstract, future-oriented conse-

quences in their development decisions and actions. Thus,

the presence of outcome accountability claims should

encourage a broader perspective, extending AI developers’

accountability perceptions beyond immediate technical

challenges to include the potential long-term effects of

their work. Accordingly, the presence of accountability

claims, whether relating to development processes or future

outcomes of AI systems, should play a critical role in

shaping AI developers’ mental construal and directly

influence their accountability perception in AI systems

development. We thus formulate our first set of hypotheses:

H1A The presence (vs. absence) of process accountabil-

ity claims creates higher perceived accountability among

AI developers.

H1B The presence (vs. absence) of outcome account-

ability claims creates higher perceived accountability

among AI developers.

According to Toulmin’s model of argumentation (1958),

an argument persuades individuals more when its claim is

supported by data (i.e., evidence of the claim), as claim-

supporting data provides an empirical or logical grounding,

thereby enhancing the credibility and perceived validity of

the respective argument. Prior IS research supports this,

showing that individuals are more likely to accept an expert

system’s conclusions when its explanations align with

Toulmin’s model of argumentation (Ye and Johnson 1995).

Arguments that include both claim and claim-supporting

data have also proven more effective in influencing con-

sumers’ beliefs (e.g., Kim and Benbasat 2009). Therefore,

we posit that claims of process and outcome accountability

in the context of AI systems development will be more

persuasive with accompanying claim-supporting data.

Fig. 3 Research model
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However, claim-supporting data in the context of AI

systems development needs to be contextually relevant and

specific to be persuasive. For process accountability

claims, supporting data could include detailed documen-

tation of AI developers’ assumptions and decisions during

development processes. For example, this might involve

logs or records showing how ethical considerations were

incorporated into decision-making processes or evidence of

rigorous testing protocols to ensure the reliability of

developed AI systems. Such data substantiates the claim

that AI developers are accountable for their development

processes. For outcome accountability claims, supporting

data could encompass the review of databases and perfor-

mance analyses of deployed AI systems. This could entail

showcasing how different input data varieties influence an

AI system’s behavior or providing examples of how an AI

system’s performance varies in diverse real-world scenar-

ios. Such type of evidence demonstrates the direct impact

of AI developers’ actions and decisions on AI systems’

outcomes, emphasizing AI developers’ accountability for

these outcomes.

By incorporating such claim-supporting data, the rela-

tionship between accountability claims and AI developers’

perceived accountability can be expected to be positively

moderated, leading to our second set of hypotheses:

H2A Claim-supporting data moderates the effects of

process accountability claims on AI developers’ perceived

accountability, such that the presence of claim-supporting

data amplifies the effect of process accountability claims

on AI developers’ perceived accountability.

H2B Claim-supporting data moderates the effects of

outcome accountability claims on AI developers’ perceived

accountability, such that the presence of claim-supporting

data amplifies the effect of outcome accountability claims

on AI developers’ perceived accountability.

How do process and outcome accountability arguments

differ in shaping AI developers’ perceptions of their own

accountability in AI systems development? CLT suggests

that arguments for their process accountability affect AI

developers’ accountability perceptions differently than

arguments for their outcome accountability, as the devel-

opment processes of AI systems elicit different temporal

distances than the outcomes of AI systems. Process

accountability focuses on development activities that are

currently in progress, thereby referencing the present.

Consequently, being held accountable for development

processes induces a relatively closer temporal distance and,

thus, a more concrete and low-level mental construal

(Trope and Liberman 2003). Conversely, accountability for

AI systems’ outcomes leads to more abstract and high-level

mental construals, as AI systems’ outcomes occur, if at all,

only later (Trope and Liberman 2003). Following CLT,

concrete and low-level mental construals are more per-

suasive than abstract and high-level mental construals, as

their reference points are more salient in individuals’

minds. As a result, individuals are more likely to rely on

concrete details to form their judgments and beliefs. In

contrast, more abstract and higher-level mental construal

reference points are less salient and more likely to be

forgotten or pushed out of memory (Trope and Liberman

2010).

We first consider situations where process and outcome

accountability claims appear without claim-supporting

data. In these situations, CLT suggests that process

accountability claims, focusing on AI developers’ imme-

diate development activities, would be more persuasive to

AI developers than outcome accountability claims, which

pertain to the future behavior of AI systems. Process

accountability’s immediate and concrete nature should

induce a lower temporal distance and, thus, a more con-

crete mental construal, making it more influential in

shaping AI developers’ accountability perceptions. In

contrast, outcome accountability, being more abstract and

temporally distant, should be less salient and, thus, less

persuasive in day-to-day development tasks. Hence, we

posit that in the absence of claim-supporting data, AI

developers are more likely to perceive higher account-

ability with process accountability claims compared to

outcome accountability claims. Therefore, we posit the

following hypothesis:

H3A Process accountability claims (vs. outcome

accountability claims) create higher perceived account-

ability among AI developers.

Second, in situations where claim-supporting data back

up process and outcome accountability claims, the match-

ing evidence aligns with the claims, inducing a construal fit

as outlined by CLT (Hansen and Wänke 2010). This fit

enhances processing fluency, reinforcing the perceived

validity of the respective claims (Hansen and Wänke 2010)

and, consequently, should strengthen AI developers’ per-

ceived accountability. Thus, when both process and out-

come accountability claims are accompanied by supporting

data, they are likely more persuasive than claims presented

alone. However, for process accountability, where claims

alone should already elicit a concrete, low-level construal

of AI developers’ accountability, providing supporting data

might not significantly intensify this effect. As AI devel-

opers’ mental construal of their process accountability

should be inherently concrete, claim-supporting data may

only marginally enhance their accountability perception. In

contrast, incorporating supporting data could substantially

amplify the effect for outcome accountability. Suppose this

data provides concrete evidence for AI developers’
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accountability for AI systems’ outcomes, such as show-

casing their ability to monitor and evaluate those systems.

In that case, it helps solidify an otherwise abstract concept.

This should elicit a more concrete mental construal among

AI developers, effectively bridging the gap between

abstract outcomes of AI systems and tangible actions

within AI systems development. Thus, adding supporting

data to outcome accountability claims should markedly

increase AI developers’ perceived accountability.

Based on these considerations, we posit that for outcome

accountability, including supporting data to claims signif-

icantly elevates AI developers’ perceived accountability,

more so than for process accountability claims. This effect

should stem from the transition of respective mental con-

strual from abstract to concrete, facilitated by the present

claim-supporting data, functioning as supporting evidence.

Accordingly, we derive our final hypothesis:

H3B The presence of claim-supporting data moderates

the impact of accountability claims on AI developers’

perceived accountability. Specifically, claim-supporting

data amplifies the effect of outcome accountability claims

on AI developers’ perceived accountability more than it

does for process accountability claims.

4 Research Design

Given the paucity of empirical research on algorithmic

accountability, we adopted a mixed method approach with

two interdependent studies to investigate our research

model. The first study involved a controlled online exper-

iment with AI developers based in the United States (US),

focusing on testing our hypotheses related to accountabil-

ity perceptions. Guided by a strong theoretical foundation

in CLT (Trope and Liberman 2010) and Toulmin’s model

of argumentation (1958), this study provided a solid base

for exploring the relationship between accountability

arguments and AI developers’ perceived accountability and

the moderating effect of claim-supporting data within the

emerging domain of algorithmic accountability (Venkatesh

et al. 2013). However, for a richer understanding of

developers’ accountability perceptions as a new phe-

nomenon in AI systems development, we deemed it crucial

to triangulate these findings (Levine et al. 2023). Thus, we

conducted a follow-up qualitative study through semi-

structured interviews with AI developers and related pro-

fessionals in AI systems development working in Ger-

many. Our research design sought to achieve two primary

objectives of mixed method research: corroboration and

complementarity (Mingers 2001; Venkatesh et al. 2013).

The corroboration objective was met by triangulating the

theoretical insights from the quantitative study with

practical, real-world perspectives, enhancing our compre-

hension’s depth and breadth (Benlian et al. 2020; Hinz

et al. 2015). Furthermore, the qualitative study enabled us

to explore AI developers’ contextualized experiences with

accountability and uncover important boundary conditions

that shape their perceptions (Srivastava and Chandra 2018).

Collectively, our comprehensive approach allowed us to

test our research model and develop a deeper theoretical

understanding of how accountability manifests in AI sys-

tems development contexts.

5 Quantitative Online Experiment Study

5.1 Experimental Design

To investigate and compare the effects of process and

outcome accountability arguments on AI developers’

accountability perceptions, our first study utilized scenario-

based vignettes in an online experiment, adhering to rec-

ognized guidelines for experimental design (e.g., Aguinis

and Bradley 2014). Participants were introduced to IDEs

that contained UI design elements that we used to visualize

arguments of AI developers’ process or outcome account-

ability with monitoring and evaluation tools either present

or absent. By manipulating the inclusion of monitoring and

evaluation tools that served as claim-supporting data, we

crafted distinct process and outcome accountability argu-

ments. Consequently, the effects of those arguments were

also to be examined depending on whether claim-sup-

porting data is present versus absent in the UI design ele-

ments. More specifically, we employed a 2 (claim: process

accountability versus outcome accountability) 9 2 (claim-

supporting data: present vs. absent) between-subjects

design with an additional hanging control group. This study

design allowed us to perform both relative and absolute

treatment comparisons (Shadish et al. 2002). Furthermore,

this study design enabled us to investigate the individual

effects of the argument components in isolation, namely

claim (process versus outcome accountability) and claim-

supporting data (absent versus present), on AI developers’

perceived accountability. The hanging control group rep-

resents the perceived accountability of AI developers who

were not shown any accountability arguments visualized as

UI design elements. Furthermore, as Toulmin’s model of

argumentation (1958) suggests that arguments that consist

only of claim-supporting data without a claim are unlikely

to produce the intended effect, we excluded this group.

Table 1 shows the resulting five experimental conditions.

To test the hypotheses, we devised a scenario focused on

the development of an AI system for evaluating bank

customers’ creditworthiness. Thus, the scenario aligns with

a category legally recognized as high-risk in the wake of
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recent legislation (European Union 2024). Additionally,

the development of such AI systems is not only legally

pertinent but also mirrors ongoing, realistic projects in the

industry (e.g., Strich et al. 2021). In the scenario, partici-

pants were asked to assume the role of a core AI developer

at a software organization responsible for developing an AI

system for credit scoring. Based on the random allocation

to their experimental condition, participants were instruc-

ted to focus on the accountability for either the develop-

ment processes or the outcomes of the AI system.

Additionally, participants were informed about a cus-

tomized IDE provided by their employer, which they had

to use in their tasks accordingly.

We developed the UI design elements for our cus-

tomized IDE following previous IS studies on account-

ability perceptions (i.e., Adam 2022; Vance et al. 2015).

More specifically, we adapted two accountability mecha-

nisms utilized within these studies to develop the UI design

elements, namely, expectation of evaluation and awareness

of monitoring (Lerner and Tetlock 1999). Expectation of

evaluation represented the claim, as participants were

communicated to be held accountable for either the AI

systems’ development process or its outcomes. Awareness

of monitoring represented the claim-supporting data, as

participants were shown the possibility of using gover-

nance tools to explicitly monitor and evaluate either the

development processes or the outcomes of the AI system to

be developed. Our study used these accountability mech-

anisms as manipulated treatment factors. All UI design

elements were consistent across participants and varied

only in their accompanying icons and positioning in the

customized IDE. Following previous IS research (i.e.,

Adam 2022; Vance et al. 2015), we added labels to the

customized IDE to increase recognition of the UI design

elements in the experimental conditions. Each participant

was randomly assigned to one experimental condition and

rated their perceived accountability after seeing the cus-

tomized IDE. Figure 4 shows an example of an IDE that

contains a UI design element that visualizes a process

accountability argument and includes both claim and

claim-supporting data.

5.2 Measurement of Variables

We followed previous IS studies on accountability per-

ceptions (i.e., Adam 2022; Vance et al. 2015) by adapting

and using an existing scale to measure AI developers’

perceived accountability (i.e., Hochwarter et al. 2005) to

elicit AI developers’ perception of their accountability. We

carefully selected items representing a breadth in the per-

ception of one’s accountability, including the presence of a

forum to which one may perceive being accountable and

the need to justify and explain to that forum. The adapta-

tions of the items we used were: ‘‘I would feel very

accountable for my actions on the presented AI systems

development project that I am working on.’’, ‘‘If the pre-

sented AI systems development project would not go as

planned, I would expect to hear about it from my superi-

ors.’’, and ‘‘I would often have to explain my actions in the

presented AI systems development project.’’ The items

were measured on a 7-point Likert-type scale, ranging from

1 (strongly disagree) to 7 (strongly agree). In addition,

Table 1 Five experimental conditions (2 9 2 between-subject design plus hanging control group)
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items were included to assess the realism of the scenario

(Lapierre 2007) and demographic data (i.e., gender, age,

and AI systems development experience in years). Further,

we followed comparable IS research on user’s perceived

accountability (i.e., Adam 2022; Vance et al. 2015) and

included organizational trust (Robinson 1996) and impul-

sivity (Pogarsky 2004) as control variables. Organizational

trust was measured because it could lead to more positive

perceptions of UI design elements caused by a positivity

bias toward the organization, thus influencing how partic-

ipants perceive and react to those UI design elements.

Higher organizational trust may lead to a more favorable

perception of mandated actions, while lower organizational

trust may increase scrutiny towards the same. Similarly, we

assessed impulsivity as it could affect the immediacy and

intensity of AI developers’ responses to accountability

arguments visualized in UI design elements, providing a

broader understanding of behavioral responses in diverse

personality contexts.

5.3 Data Analysis and Results

We conducted three explanatory interviews to ensure

functionality and understanding of the scenario and our

manipulated UI design elements for IDEs (Hauser et al.

2018; Oppenheimer et al. 2009). The interviews, each

about 45 min long, were conducted with participants who

had professional experience managing or developing AI

systems and were primarily aimed at ensuring that the

designed UI design elements for IDEs, including their

manipulations, were perceived as having practical rele-

vance and that the scenario presented was evaluated as

realistic. Based on the results of these interviews, we

optimized our developed UI design elements for IDEs.

We collected the final dataset via the crowdsourcing

platform Prolific, which is known for its high reliability and

high-quality data (e.g., Palan and Schitter 2018). Following

previous IS research, we focused on individuals whose

primary job function involved developing AI systems

through coding, modeling, and deployment (Seguel and

Vaast 2021). Participants were required to have profes-

sional experience in developing various AI functions, such

as natural language processing, deep learning, machine

vision, and robotics (Collins et al. 2021). To verify the

suitability of the candidates, these requirements were

double-checked through detailed screening of their current

job titles. Additionally, participants had to be US-citizens

to ensure a good understanding of the English language.

The participants received monetary compensation for par-

ticipating in the study.

Our data collection resulted in 200 participants, of

which, to ensure high data quality, we excluded 36 par-

ticipants: 25 due to failing nonsensical items such as ‘‘I

swim across the Atlantic Ocean to get to work every day’’

(Paolacci et al. 2010) used as attention checks, and 11

based on the relative speed index (RSI) criterion. The RSI

criterion relates the time required to complete the study for

a single participant to the time required to complete the

study for all participants, with data from participants who

complete the experiment at least twice as fast as the typical

Fig. 4 Sample IDE with UI

design elements
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participant not considered high quality (Leiner 2019).

Accordingly, our final dataset includes 164 participants,

resulting in a valid response rate of 82.0%. The participants

primarily held positions as AI engineers and (full-stack)

developers, directly involved in AI systems development.

The average age of the respondents was 36.4 years (stan-

dard deviation of 10.8 years), of which 75.0% identified as

male and 24.4% as female, 84.8% had a Bachelor’s degree

or higher, and on average, the study participants had

3.2 years of experience developing AI systems (standard

deviation of 2.4 years).

A summary of the descriptive statistics is provided in

Table 2. Using multiple one-way ANOVAs, we verified

that the assignment of participants to the different experi-

ment conditions was random. For the items gender

(F = 0.598, df = 4, p[ 0.05), age (F = 2.166, df = 4,

p[ 0.05), AI systems development experience (F = 1.041,

df = 4, p[ 0.05), organizational trust (F = 0.72, df = 4,

p[ 0.05), and impulsivity (F = 0.236, df = 4, p[ 0.05),

no significant differences were found between the experi-

mental groups. Thus, we can conclude that these individual

characteristics were randomly distributed among the

experimental conditions.

We performed a principal component analysis with

varimax rotation to measure the items’ discriminant and

convergent validity. Based on Kaiser’s criterion, all com-

ponents with Eigenvalues greater than 1.00 were extracted,

with the resulting three components corresponding to the

expected number of theoretical components (Hair et al.

2009). All items loaded above the threshold of 0.75 and

thus can be attested strong convergence validity (Hair et al.

2009). High discriminant validity can also be attested as no

item cross-loaded higher than 0.30 to a component to

which it did not belong. By calculating Cronbach’s a, we
tested the internal reliability of the items. Since all con-

structs exceeded the threshold of 0.80, we can assume high

reliability (Streiner 2003). Table 3 shows the discriminant

and convergent validity measures.

We also performed Harman’s single-factor test with

principal axis factoring and restricting factors to analyze

whether the results were affected by common method bias

(CMB). As the results showed that a single factor

accounted only for 12.7% and thus well below the critical

value of 50.0%, it is unlikely that CMB occurred in the

study or affected the results (Podsakoff et al. 2003).

Finally, we evaluated the external validity of the results

based on participants’ assessments of the scenario’s fidelity

to reality, which was also collected on a 7-point Likert-type

scale, ranging from 1 (strongly disagree) to 7 (strongly

agree). Since the participants indicated high values and

accordingly considered the scenario to be realistic

(x̄ = 5.649, r = 1.131), external validity can be assumed.

Planned contrast analyses were conducted across all five

groups, including the hanging control group, to examine

the effects of process versus outcome accountability

arguments visualized as UI design elements for IDEs on AI

developers’ perceived accountability (Benlian 2015). We

performed hierarchical regressions to directly compare the

Table 2 Descriptive statistics Construct Mean SD Min Max N

AI systems development experience 3.116 2.374 0.000 14.000 164

Organizational trust 5.837 1.086 1.000 7.000 164

Impulsivity 2.693 1.424 1.000 7.000 164

Perceived accountability 5.793 1.142 1.000 7.000 164

Control group 4.914 1.139 1.000 7.000 35

Outcome accountability without data 5.609 1.039 3.000 7.000 29

Outcome accountability with data 6.115 0.746 4.000 7.000 32

Process accountability without data 6.141 0.687 4.333 7.000 35

Process accountability with data 6.200 0.696 4.333 7.000 33

Table 3 Internal consistency and convergent validity

Range of Loadings Mean SD a PA OT I

PA 0.847 – 0.867 5.793 1.142 0.851 0.809

OT 0.865 – 0.909 5.837 1.181 0.909 0.190 0.885

I 0.830 – 0.924 2.693 1.640 0.860 0.050 -0.045 0.863

p\ 0,05; a = Cronbach’s alpha; SD = Standard deviation; square root of AVE in bolded cells

PA = Perceived Accountability; OT = Organizational Trust; I = Impulsivity
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effects of UI design elements visualizing arguments of

process versus outcome accountability on AI developers’

perceived accountability in both the presence and absence

of claim-supporting data. We excluded the hanging control

group from the hierarchical regressions as our objective

was to compare the effects of UI design elements visual-

izing arguments of process versus outcome accountability

against each other.

As can be seen in the results of the planned contrast

analyses in Table 4, UI design elements that visualize

arguments of process accountability with only a claim

significantly increase AI developers’ perceived account-

ability compared to the hanging control group (x̄ = 6.141

vs. x̄ = 4.914, p\ 0.001), thereby supporting H1A.

Similarly, H1B is supported as UI design elements that

visualize outcome accountability arguments with only a

claim also significantly increase AI developers’ perceived

accountability compared to the hanging control group

(x̄ = 5.609 vs. x̄ = 4.914, p\ 0.01). Similar results emerge

when AI developers face UI design elements that include

claim-supporting data in addition to claims. AI developers

presented with UI design elements that visualize arguments

for process accountability and contain a claim and claim-

supporting data exhibit higher perceived accountability

compared to AI developers presented with corresponding

UI design elements that contain only a respective claim

(x̄ = 6.200 vs. x̄ = 6.141, p[ 0.05). Yet, H2A is not sup-

ported as the difference is insignificant. However, we find

support for H2B, as AI developers’ perceived account-

ability increases when they are presented with UI design

elements that visualize outcome accountability arguments

and include both claim and claim-supporting data, com-

pared to corresponding UI design elements that include

only a respective claim (x̄ = 6.115 vs. x̄ = 5.609,

p\ 0.05). We can, therefore, conclude that being pre-

sented with arguments containing claims of both process

and outcome accountability increases AI developers’ per-

ceived accountability. While adding claim-supporting data

to arguments of outcome accountability further signifi-

cantly increases AI developers’ perceived accountability,

this effect does not occur when adding claim-supporting

data to arguments of process accountability.

In the previous step, we examined the effects of visu-

alized arguments of process and outcome accountability,

each consisting of either only a claim or also additional

claim-supporting data, on AI developers’ perceived

accountability compared to a hanging control group. Fig-

ure 5 compares the effects of UI design elements for IDEs

visualizing process and outcome accountability arguments

without the hanging control group. Most strikingly, UI

Table 4 Results of the planned contrast analysis

Condition Mean (SD) Mean Differences (Value of Contrast)

2 3 4 5

Control Group 4.914 (1.139) - 1.227*** - 1.286*** - 0.695** - 1.201***

Process accountability

Claim Only

6.141 (0.687) - 0.059 0.532* 0.027

Process accountability

Claim and Claim-Supporting Data

6.200 (0.696) 0.591** 0.085

Outcome accountability

Claim Only

5.609 (1.039) - 0.505*

Outcome accountability

Claim and Claim-Supporting Data

6.115 (0.746)

Significance: *p\ 0.05; **p\ 0.01; ***p\ 0.001

Fig. 5 Comparison of process versus outcome accountability UI

design elements in IDEs
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design elements that visualize process accountability

arguments with and without claim-supporting data elicit

high perceptions of accountability among AI developers.

Also, including claim-supporting data in UI design ele-

ments increases AI developers’ perceived accountability in

the case of both visualized arguments for process and

outcome accountability. However, the effect of claim-

supporting data in the case of outcome accountability

arguments is stronger and only significant in this case. It

raises AI developers’ perceived accountability almost to

the level it holds in the case of process accountability

arguments. Therefore, while a claim of process account-

ability alone is sufficient to increase AI developers’ per-

ceived accountability strongly, adding claim-supporting

data is advisable regarding arguments concerning AI

developers’ accountability for AI systems’ outcomes.

To examine H3A and H3B, we performed a hierarchical

regression on the data from the experimental conditions of

process and outcome accountability, the results of which can

be seen in Table 5. We first included the two main effects,

claim and claim-supporting data (Model I), before adding the

interaction effect (Model II). Both models are highly sig-

nificant (p\ 0.001). Model I reveals a statistical effect of

claim on AI developers’ perceived accountability in the case

of process accountability versus outcome accountability,

both without claim-supporting data (b = 0.286, p\ 0.05),

thus supporting H3A. Accordingly, in the absence of claim-

supporting data, UI design elements for IDEs that visualize

arguments of process accountability increase AI developers’

perceived accountability more strongly than UI design ele-

ments for IDEs that visualize arguments of outcome

accountability. Model II shows that when an interaction

effect is included, UI design elements for IDEs that visualize

process accountability arguments and consist only of a claim

still lead to stronger perceived accountability by AI devel-

opers than UI design elements for IDEs that visualize out-

come accountability arguments and consist only of a claim

(b = 0.544, p\ 0.01). However, this tendency changes

when data is present to support the corresponding claim. As

can be seen from the negative interaction effect (b = -0.528,

p\ 0.05), the effects of claim and claim-supporting data are

dependent on the presence of each other in the case of out-

come accountability. In this, we find support for H3B. Out-

come accountability arguments thus benefit particularly

strongly from the presence of claim-supporting data. Orga-

nizational trust as the only significant control variable sug-

gests that AI developers with high trust in their organization

are also receptive to its arguments regarding their account-

ability (b = 0.274, p\ 0.001). Additionally, the significant

effect of the presence of claim-supporting data suggests that

the presence of monitoring and evaluation tools has the

potential to increase AI developers’ perceived accountabil-

ity, regardless of the specific arguments of process or out-

come accountability (b = 0.461, p\ 0.05).

6 Qualitative Interview Study

6.1 Purpose and Data Collection

Our second study utilized semi-structured interviews to

corroborate and complement the findings of our

Table 5 Hierarchical

regression results

*p\ 0.05; **p\ 0.01;

***p\ 0.001; n = 129

a Claim was dummy coded with

0 = Outcome Accountability

and 1 = Process Accountability

b Data was dummy coded with

0 = Absence of Data and

1 = Presence of Data

Model I Model II

Coefficient Std. Error Coefficient Std. Error

Intercept 4.041 0.576 3.856 0.576

Manipulation

Claima 0.286* 0.134 0.544** 0.192

Datab 0.193 0.139 0.461* 0.193

Claim x Data – – -0.528* 0.266

Controls

Age 0.001 0.007 0.000 0.007

Gender 0.068 0.153 0.092 0.151

AI systems development experience 0.032 0.030 0.031 0.029

Organizational trust 0.265 0.067 0.274*** 0.066

Impulsivity -0.019 0.048 -0.023 0.266

R2 0.197 0.223

Adjusted R2 0.151 0.171

Residual Std. Error 0.755 (df = 121) 0.746 (df = 120)

F-statistic 4.249***

(df = 7; 121)

4.301***

(df = 8; 120)
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quantitative study. While our first study provided valuable

insights through its empirical investigation of our

hypotheses, our second study aimed to build upon these

findings by adding depth and dimension. More precisely,

our interviews were structured to explore the intricacies

and nuances behind our quantitative results, particularly

focusing on the underlying reasons and motivations that

drive AI developers’ accountability perceptions, which,

though implicit in the quantitative data, required a more

nuanced exploration. Besides corroboration, the analysis of

the qualitative data allowed us to complement our quanti-

tative findings by identifying organizational and individual

boundary conditions that affect AI developers’ account-

ability perceptions. Thus, by engaging directly with AI

developers through qualitative interviews, our second study

sought to illuminate the broader narrative around process

and outcome accountability in AI systems development.

Together, our two studies created a more comprehensive

picture by merging quantitative robustness with qualitative

richness (Venkatesh et al. 2013, 2016).

Building on our quantitative study of core AI develop-

ers, we broadened our qualitative investigation to also

include related roles within AI systems development teams.

This expansion was motivated by our understanding that

accountability in AI systems development projects extends

beyond core development tasks to affect various team

members involved in the AI systems development lifecy-

cle. Modern AI systems development is inherently col-

laborative, with different team members contributing their

expertise to various aspects of the development process.

While some team members focus on core development

tasks, others contribute to aspects like data preparation,

testing, or project management – all of which carry their

own accountability implications. Therefore, to gain a more

comprehensive understanding of how accountability man-

ifests in practice and validate our quantitative findings in a

broader context, we purposefully expanded our interview

sample to include not only core AI developers, such as AI

engineers, but also participants from related roles within AI

systems development teams.

We followed a purposeful sampling strategy (Palinkas

et al. 2015; Patton 1990) and interviewed a total of 15

participants (coded as AID1-AID15), all of whom partici-

pated in AI systems development projects and were

working in Germany at the time of the interviews. We

contacted the participants via our personal network, the

professional online network LinkedIn, and invited our

personal network to forward the request to suitable inter-

viewees. After the 15th interview, we observed that the

newly collected data did not provide any substantial new

insights for our research project and that we had, therefore,

reached saturation (Keutel et al. 2014). All interviews,

which lasted 32.4 min on average (standard deviation of

3.5 min), were conducted via video conference tools in

English or German, recorded, and subsequently tran-

scribed. Our interviewees were between 27 and 57 years

old (average of 34 years, standard deviation of 8.1 years),

had an average of 8.0 years of professional AI systems

development experience (standard deviation of 9.5 years),

and worked on average in a team of 21 people (standard

Table 6 Descriptive statistics of interviewees

AID # Age Industry group Job title Team

size

AI systems development experience

(in Years)

1 34 Automobiles & Auto Parts Data Scientist 12 5

2 27 Professional & Commercial Services Full Stack Developer 10 3

3 33 Banking Services Vice President AI for Data Analytics 12 7

4 34 Software & IT Services Research AI Scientist 50 6

5 39 Transport Infrastructure Senior AI Engineer 40 7

6 33 Banking Services Data Scientist 10 5

7 57 Automobiles & Auto Parts Head of AI Research 50 39

8 26 Telecommunications Services Data Scientist 3 3

9 44 Transport Infrastructure Head of Algorithms for Operations 42 20

10 27 Automobiles & Auto Parts AI Engineer 10 2

11 52 Textiles & Apparel AI Engineer 6 8

12 28 Industrial Technology AI DevOps Engineer 15 1

13 30 Software & IT Services AI Engineer 50 1

14 30 Real Estate AI Engineer 4 6

15 28 Software & IT Services Data Scientist 8 3

123

122 J.-H. Schmidt et al.: Elevating Developers’ Accountability Awareness, Bus Inf Syst Eng 67(1):109–135 (2025)



deviation of 18.1 people). Table 6 summarizes the

sociodemographics of the interviewed participants, show-

ing both core AI developers and related roles within AI

systems development teams.

The semi-structured interviews adhered to established

guidelines for qualitative interviews as outlined by Myers

and Newman (2007). In designing the interview guide, our

primary focus was on understanding the effects of

accountability arguments on accountability perceptions in

AI systems development teams. Alongside this primary

focus, the interviews also explored how our interviewees

differentiate between process and outcome accountability,

reflecting the distinctions made in the quantitative study.

Another key aspect was identifying boundary conditions

that might moderate the effects of accountability arguments

on corresponding perceptions. The initial version of our

interview guide, which we modified over time to include

more specific follow-up questions, is included in the

Appendix (available online via http://link.springer.com).

6.2 Data Analysis

Employing an interpretative analysis strategy, we used

CLT (Trope and Liberman 2010) and Toulmin’s model of

argumentation (1958) as theoretical lenses to guide our

interpretation of the results (Sarker et al. 2018). This

approach allowed us to explore the nuances of our inter-

viewees’ accountability perceptions while remaining open

to emerging patterns and themes. The data analysis was

structured into a three-step process, aligning with well-

established qualitative data analysis methods (Miles and

Huberman 1994). The initial phase focused on analyzing

the data from each interview, while the latter two extended

to individual and comparative analysis of the interview

data.

In the first phase, we focused on developing individual

profiles for each interviewee based on their responses. This

involved a detailed analysis of their accountability per-

ceptions, supplemented by contextual factors such as their

industry sector and the size of their organization. The aim

was to gain a deeper understanding of each individual’s

viewpoint, which served as a foundation for the subsequent

phases. These individual analyses were conducted pro-

gressively, with each interview offering new insights. After

the final interview, we revisited and refined these analyses,

ensuring the interpretations were consistent and compre-

hensive, reflecting our interviewees’ diverse perspectives

and experiences in relation to their accountability

perceptions.

The second phase involved inductively analyzing the

interview data, allowing themes and patterns to emerge

while using our theoretical lenses as sensitizing concepts.

Through iterative coding and analysis, we identified

recurring themes and patterns in how AI developers dis-

cussed and understood their accountability. While CLT

(Trope and Liberman 2010) and Toulmin’s model of

argumentation (1958) provided valuable perspectives for

interpreting these patterns, we remained open to unex-

pected findings and novel insights that emerged from the

data. This inductive approach led to the final categories

shown in Table 7, which reflect both theoretically-in-

formed and empirically-grounded understanding of

accountability perceptions within AI systems development

teams. The coding process involved multiple members of

the author team who independently coded the interview

data. After initial individual coding, we held regular

meetings to compare our interpretations and discuss any

differences until reaching a consensus on the final coding

scheme. This collaborative approach helped ensure the

robustness of our qualitative analysis while allowing us to

benefit from multiple perspectives in interpreting the data.

The third phase concentrated on understanding the

effects of different accountability arguments on our inter-

viewees’ mental construals and examining the interplay

between these arguments, their mental construals, and the

emerging moderating boundary conditions. This phase was

pivotal in exploring how our interviewees reconciled con-

flicts between the accountability arguments they encoun-

tered and their perceptions. Particular emphasis was placed

on the differential effects of process and outcome

accountability arguments and the rationales used to justify

perceptions in these areas.

This structured approach allowed us to distinguish

between the collection of broad perceptions in the first

phase, the focused analysis of process and outcome

accountability arguments and their impact in the sec-

ond phase, and the deeper exploration of mental construals

and reconciling discrepancies in the third phase, thereby

providing a comprehensive understanding of accountability

perceptions in AI systems development teams.

6.3 Findings

In our qualitative analysis, we employed the bridging

approach (Lewis and Grimes 1999), an approach particu-

larly suited for sequential mixed methods research. This

approach involves using qualitative findings to substantiate

and enhance quantitative results, thereby creating a con-

sensus between the two (Srivastava and Chandra 2018;

Venkatesh et al. 2013). The results of our qualitative data

bolster our quantitative findings, which support all but one

hypothesis, and provide a theoretical understanding of how

different accountability arguments shape accountability

perceptions in AI systems development by revealing

underlying accountability concepts. To align and integrate

the findings from both studies, we position the insights
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gained from the qualitative study within the context of the

quantitative study’s findings. This approach enables us to

clearly define and articulate the integrated findings drawn

from the combined study results.

6.3.1 Accountability Perceptions in AI Systems

Development

We first examined our interviewees’ mental construal of

their accountability in AI systems development,

Table 7 Data structure

First-order codes* Second-order categories Themes

Reporting on Justification to be Provided or Explanations Expected

Mentoring (Regulatory) Compliance

Stating Own Responsibility for AI Systems (Development Processes or

Outcomes)

Emphasizing the Importance of Accountability within AI Systems

Development

Accountability Claims Accountability Arguments

Providing Examples of Past Actions

(e.g., Audits, Reviews, Evaluations)

Referring to Metrics or Data

(e.g., Accuracy, Performance, Reliability)

Citing Standards or Guidelines

(e.g., Protocols, Regulations)

Referring to Own Competencies

(e.g., Education, Professional Role)

Accountability Claim-Supporting Data

Conjecture About Future Implications of AI Systems Development

Decisions or Outcomes

Discussing (Hypothetical) Scenarios of Using Developed AI Systems

Talking About Potential Future Regulations

High Psychological Distance to Own

Accountability

Mental Construal of

Accountability

Talking About Immediate Effects of AI Systems Development

Decisions

Expressing Awareness of Potential Accountability Consequences

Emphasizing Short-Term Impacts of AI Systems Development

Decisions

Low Psychological Distance to Own

Accountability

Ignoring or Unawareness of Accountability Issues in AI Systems

Development

Downplaying the Importance of Accountability

Focusing Solely on Technical Aspects Without Ethical Considerations

Unawareness of Accountability

Discussing AI Systems Development Practices

Emphasizing AI Systems Development Methodology

Explaining the Decision-Making Processes in AI Systems

Development

Process Accountability Accountability Distinction

Focusing On Outcomes and Impact of Developed AI Systems

Talking About AI System Performance Metrics

Discussion of the Context of Use of AI Systems and User Satisfaction

with AI Outcomes

Outcome Accountability

Discussing Personal Ethical Beliefs

Describing Individual Development Experiences

Reporting on Personal Challenges Faced During AI Systems

Development

Citing Personal Motivation for AI Systems Development

Individual Boundary Conditions Boundary Conditions

Citing Organizational/Industry Standards or Regulations

Discussing the Organization’s (Ethical) Culture

Reporting on Team Dynamics and Peer Influence

Organizational Boundary Conditions

*Listed first-order codes are examples. Other first-order codes, which are not listed here for space reasons, are similar in character to those listed
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uncovering a spectrum from very abstract to concrete

mental construals and the attribution of accountability to

different stakeholders involved. Some interviewees

expressed abstract and vague accountability perceptions,

exemplifying a more abstract level of mental construal. For

instance, one interviewee articulated this vagueness by

using sweeping generalizations about accountability

requirements and distant metaphorical comparisons:

‘‘Especially in Europe, the mindset always predomi-

nates that AI is evil and you must give exact

accountability and check that exactly. That’s always

immediately this mindset somehow, as if it was like

something like, what do I know, a chemical weapon

or something.’’ (AID1).

In contrast, other interviewees provided detailed and

concrete perspectives indicative of lower-level mental

construals. One interviewee highlighted legal and opera-

tional aspects of accountability, showing a more tangible

understanding:

‘‘There are obvious legal restrictions and account-

ability issues. We have to make sure that personal

data, if we use it, is properly tracked [and that] we’re

able to know what personal data went into the

development of what models. If we don’t use per-

sonal data, we still need to be able to have account-

ability and, in some ways, reproducibility. In this

particular case, they kind of go hand in hand in terms

of which models are trained with which data, and

then for inference, once the model is running in

production, to figure out what data is going into the

model.’’ (AID11).

Regardless of how concrete the individual mental con-

struals of accountability were, different stakeholders were

seen as having varying degrees of accountability in AI

systems development. The level of stakeholder involve-

ment was critical, reflecting four accountability relations

identified by prior research (Bovens 2007; Wieringa 2020):

individual, hierarchical, collective, and corporate account-

ability. Our interviewees emphasized individual account-

ability for core AI developers and hierarchical

accountability, where team leads or organizational leaders

are considered accountable. This understanding is influ-

enced by their respective roles in the organization, as two

interviewees illustrated succinctly:

‘‘Well, it [algorithmic accountability] is a broad

topic, right? And it depends a little bit on who you are

in the whole value chain, if you want to use that

word.’’ (AID7).

‘‘From a legal standpoint, the people who are

accountable are usually the team leads or the leads of

the team leads. Then it’s the individual developers

who need to take on the responsibility to actually feel

accountable.’’ (AID11).

The interviews also particularly highlighted the impor-

tance of effective communication in shaping accountability

perceptions in AI systems development, validating our

approach of choosing distinct visualized accountability

arguments in the quantitative study. Most of our intervie-

wees stressed the need for specificity and clarity in con-

veying accountability, as illustrated by the following

statement:

‘‘What comes to mind spontaneously is that you can

basically say that the best way to talk to developers is

to be very specific. (…) There is often a communi-

cation gap between the person who is communicating

it and the person who is sitting there at the end who is

supposed to do something with it and doesn’t really

know what they’re being asked to do.’’ (AD5).

Moreover, other interviewees pointed to their strong

desire for clearly defined metrics and frameworks when

being held accountable in AI systems development,

explicitly articulating how claim-supporting data trans-

forms abstract accountability demands into actionable

guidance. The following quote illustrates how concrete

evidence and frameworks are perceived as essential for

making accountability claims meaningful and actionable:

‘‘If you say, ‘Okay, as a developer of these models,

you are also accountable,’ then it would be infinitely

important to me as a developer that these cases are

clearly defined, that they are clearly laid out some-

where with corresponding metrics, what you have to

achieve, and so on, that there is a clear internal reg-

ulatory framework for how you have to work through

this.’’ (AD15).

These insights corroborate our quantitative findings that

accountability arguments benefit from present claim-sup-

porting data to be effectively translated into concrete

mental construals. Furthermore, our qualitative responses

confirm the moderating role of present claim-supporting

data for the relationships between accountability arguments

and perceived accountability in AI systems development.

6.3.2 Comparing Accountability Perceptions in AI Systems

Development

In exploring the differentiation between individual

accountability perceptions, our qualitative findings

revealed a distinction between process and outcome

accountability that emerged from the interviewees’ own

accounts. While our quantitative study measured core AI
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developers’ overall perceived accountability, our interview

data suggests this unified measure may not fully capture the

nuanced way professionals in AI systems development

teams think about and perceive their accountability. The

interviewees recognized different dimensions of algorith-

mic accountability, although there was a clear tendency to

feel more accountable for their development processes than

the outcomes of their developed AI systems. This distinc-

tion and its implications were described by two intervie-

wees as follows:

‘‘What I feel more accountable for, of course, is the

development process. So, if something goes wrong

with the outcome, it’s usually because something

went wrong with the development process.’’ (AID6).

‘‘At the end of the day, there’s a big process, and that

process produces an artifact. The artifact is the

weights for a model. Errors that occur in that model

are almost always due to problems with the process.’’

(AID4).

When examining differentiated perceptions of process

versus outcome accountability, it became noticeable that

outcome accountability perceptions are often influenced by

external factors such as other stakeholders’ communicated

expectations and the broader implications of AI systems in

general. In most cases, these expectations relate to AI

systems’ outcomes and leave individuals alone with what

requirements they entail for their work, as the following

two interviewees emphasized:

‘‘In my opinion, the stakeholders don’t really tell you

much about what data you should or shouldn’t use,

but the output performance is what is relevant.’’

(AID8).

‘‘My experience is that developers who come from an

IT background, who may have only worked in soft-

ware engineering, and who are pretty far away from

the actual product, have a hard time understanding it.

They are basically just focused on how they are

developing and whether everything fits. (…) They

measure themselves against that and say: ‘Yes, I did

what was required.’ But then there might be other

people who say: ‘Yes, okay, but I’d rather look at the

outcome.’’’ (AID6).

Consequently, the abstract mental construal of their

outcome accountability often caused a defensive attitude

among our interviewees. They frequently expressed

reluctance to assume accountability for outcomes, citing

their limited influence over project decisions and broader

company policies. This perspective aligns with a desire for

more concrete mental construal, where accountability can

be perceived as being tied to specific, controllable aspects

of their role. Two interviewees emphasized their existing

influence on the development processes within AI systems

development projects and their perceived lack of influence

on general project characteristics as follows:

‘‘The point is that I have no influence on the initial

projects (…) but the whole process from that decision

to the final model, the implementation, and of course

the whole issue of maintenance and so on, even if it’s

for another department, is my accountability.’’

(AID3).

‘‘In my case, I just do my small functions. I try to

develop them somehow, but I see my influence if

somehow the business case changes and we suddenly

want to manufacture weapons, for example, then the

only thing I can do is to decide if I still want to work

for such a company or not, but I can’t decide whether

my AI functions will now go into a drone. That’s

completely above my pay grade.’’ (AID10).

However, the complexity of AI systems adds another

abstract layer to outcome accountability perceptions, as

technical facets of AI systems, like autonomy or

inscrutability, complicate these perceptions (Berente et al.

2021; Saffarizadeh et al. 2024). Two interviewees suc-

cinctly and pictorially acknowledged these challenges,

illustrating an abstract mental construal that recognizes

inherent uncertainties and broader implications:

‘‘In the end, no one can take accountability for this

[outcomes]. These are statistical models. This means

that any outcome is possible, even undesirable out-

comes.’’ (AID4).

‘‘I would say that the developers of AI systems can be

held accountable for this [the outcomes of AI sys-

tems] if they have tested negligently. But you can’t

test everything. And anything beyond that, without

being able to define exactly what that would be, is

just chance or other people are accountable for that.’’

(AD15).

Taken together, our findings indicate a significant con-

trast in how accountability for AI systems’ development

processes versus outcomes is perceived in AI systems

development and suggest that process and outcome

accountability should also be conceptually distinguished in

AI systems development. The qualitative data reveals that

higher perceived accountability for processes than out-

comes stems from fundamental differences in how these

responsibilities are understood, experienced, and enacted

by individuals engaged in AI systems development. This

suggests that treating algorithmic accountability as a uni-

fied construct may obscure important variations in how AI

developers and related roles relate to different aspects of

their work. Our findings thus provide empirical support for

a theoretical distinction between process and outcome

123

126 J.-H. Schmidt et al.: Elevating Developers’ Accountability Awareness, Bus Inf Syst Eng 67(1):109–135 (2025)



accountability in AI systems development while also

explaining why process-focused accountability mecha-

nisms might be more effective in practice.

6.3.3 Boundary Conditions Shaping Accountability

Perceptions in AI Systems Development

Building on prior research, the adoption of a mixed

methods approach is advocated not only for validating the

robustness of the findings obtained from a first study

through confirmation and corroboration but also for gaining

deeper, more comprehensive insights (complementarity)

than what is achievable through a singular methodological

approach (Srivastava and Chandra 2018; Venkatesh et al.

2013). In line with this guidance, our qualitative study was

designed to confirm and enrich the findings of our quan-

titative study. In addition to the bridging approach, we also

followed the bracketing approach in our qualitative anal-

ysis (Lewis and Grimes 1999). Bracketing involves

acknowledging and incorporating a diverse range of views,

including those that may oppose or differ from initial

findings, to unravel and clarify any mysteries and unex-

pected findings (Srivastava and Chandra 2018; Venkatesh

et al. 2013). Accordingly, combining the bridging and

bracketing approach allowed us to derive integrated

insights by weaving our quantitative and qualitative results

together. In particular, we applied bracketing to acquire

supplementary insights to pinpoint boundary conditions for

the theoretical model tested quantitatively. Within the

context of our interviewees’ perceptions of process and

outcome accountability, four distinct boundary conditions

surfaced:

Boundary Condition #1: Organizational Characteris-

tics: A pivotal boundary condition identified is the role of

the characteristics of the employing organization, including

its size, industry context, and stage of business model

development. The specialized focus of accountability

obligations in larger organizations contrasts with the will-

ingness of individuals working in smaller organizations to

embrace broader accountability. An interviewee from a

smaller organization encapsulated this as follows:

‘‘We as a company are simply small. If you have a

job here, you have to do a lot of things, and with the

competition, it’s more like you’re doing exactly one

step in a huge chain, and you’re not allowed to do

anything before or after, and it’s all very clearly

defined. With us, it’s more like you have to do a lot.

And that’s the nice thing, but it’s also exhausting.’’

(AD1).

Additionally, the stage of the respective organization’s

business model development, especially in startups, was

revealed to be crucial in influencing the effects of

accountability arguments on accountability perceptions.

For example, in startups that are still exploring their

business case, interviewees faced unique challenges in

defining their outcome accountability, as the exact context

of their AI systems’ later use remained fluid.

Boundary Condition #2: Computational Advancements:

According to Berente et al. (2021, p. 1433), AI systems can

be understood ‘‘as a continually evolving frontier of

emerging computing capabilities.’’ This understanding

highlights how the degree of computational advancements

underlying a given AI system significantly influences

accountability perceptions. For instance, the inscrutability

and autonomy of large language models (LLMs) introduce

unique accountability challenges, particularly concerning

their potential outcomes and ethical implications. The

following two insights illustrate this:

‘‘I think classic computer vision models are very,

very data dependent. If you have a very curated set

that you train on, you tend to get pretty pre-

dictable results. That’s not necessarily the case with

LLMs […]. Given their creativity, you can throw

[something] in, and the likelihood of something dif-

ferent coming out is higher and tends to be more

independent of the data.’’ (AID15).

‘‘I think you have to distinguish between the types of

models you’re talking about. For example, if you’re

talking about image classification, then you don’t

have to worry about things like toxic outcomes

because the classification is simply correct or not.’’

(AID4).

Boundary Condition #3: Organizational Ethical Culture

and Value Alignment: The ethical culture within an orga-

nization emerged as another critical determinant of

accountability perceptions. In organizations with strong

ethical values, interviewees exhibit an enhanced awareness

of accountability. Illustrating this, an interviewee

mentioned:

‘‘I fundamentally believe that the best possible way is

the cultural approach (…). If it’s part of the culture of

a team or a company and everyone agrees that it’s the

right thing to do, then you have a good common

internal compass for what you do and what you don’t

do.’’ (AID9).

Boundary Condition #4: Individual Experience and

Ethical Awareness: Further, individual experiences and

ethical awareness significantly influence accountability

perceptions. Interviewees who already had extensive pro-

fessional experience or had a high intrinsic motivation to

deal with relevant topics tend to have more profound

accountability perceptions, as pointed out by the following

interviewees:
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‘‘Well, I’ve been doing software development for

15 years, and I’ve heard that before, and I can

imagine what it means. But if I’ve somehow, I don’t

know, only been in the job for two years, it might be

hard for me to apply that to what I’m supposed to be

doing now.’’ (AID5).

‘‘I don’t have a particular background in that aspect. I

think it’s just, well, I’m very much aware of these

things. And you know, I want to be a professional

who cares not only about good code or good models

in the end but also about those aspects. So, me as an

AI developer, like sure, I can develop one small

product here and there in a company. But in the end, I

think the bigger picture is that we are just keeping the

technology wheel running, right? And in the end, I

think that it’s important we do that in a responsible

way.’’ (AID14).

Notably, despite the diversity in roles among our inter-

view participants, we observed consistent patterns in how

accountability was perceived and experienced across dif-

ferent positions. This suggests that while organizational

and individual factors create important boundary condi-

tions, the fundamental dynamics of process and outcome

accountability transcend specific job roles within AI sys-

tems development teams. This consistency in findings

across different roles provides additional confidence in our

quantitative results, which focused on core AI developers,

while suggesting that accountability mechanisms operate

similarly across various positions within AI systems

development teams.

6.4 Integration of Quantitative and Qualitative Study

Results

Our integrated analysis of our quantitative and qualitative

study results offers important theoretical insights into the

nature of accountability in AI systems development. While

our quantitative study measured overall perceived

accountability in response to different accountability

arguments, our qualitative findings reveal that AI devel-

opers conceptualize accountability in AI systems devel-

opment as comprising two distinct dimensions – process

and outcome accountability – highlighting the need for a

more nuanced theoretical framework.

Our quantitative findings showed high perceptions of

accountability among core AI developers when presented

with process accountability arguments (H1A). Our quali-

tative insights help explain this finding by revealing AI

systems development professionals’ inherent connection to

and understanding of process accountability due to their

direct involvement in development activities. This intrinsic

focus on development processes also accounts for the

limited impact of adding supporting data to process

accountability claims observed in our quantitative study

(H2A). In contrast, our quantitative findings showed that

outcome accountability arguments, initially more abstract

to core AI developers, become more convincing with the

addition of supporting data (H1B and H2B). Our qualita-

tive study helps explain this pattern by revealing individ-

uals’ inherent uncertainty about outcome accountability,

suggesting that additional evidence help concretize these

otherwise abstract responsibilities. Our qualitative findings

further reveal why core AI developers perceived greater

accountability with process versus outcome accountability

claims (H3A) and why supporting data had a stronger

effect in the case of outcome accountability claims (H3B).

Through our interviewees’ own accounts, we see that

process accountability aligns naturally with their daily

work and perceived sphere of influence, while outcome

accountability often feels more distant and uncertain. This

distinction emerged consistently across interviews, sug-

gesting it reflects a fundamental aspect of how account-

ability is experienced and conceptualized in AI systems

development.

Furthermore, our qualitative study identified four

boundary conditions – organizational characteristics,

computational advancements, organizational ethical culture

and value alignment, and individual experience and ethical

awareness – that help explain when and why process and

outcome accountability perceptions manifest differently.

These conditions demonstrate that the distinction between

process and outcome accountability is not merely theoret-

ical but is shaped by concrete organizational and individual

factors. For example, smaller organizations may blur the

distinction between process and outcome accountability

through broader development responsibilities, while the

increasing complexity of AI systems in larger organiza-

tions may tend to amplify the gap between process and

outcome accountability.

The identified commonalities between our quantitative

and qualitative findings are also relevant given the different

cultural and regulatory contexts: our quantitative study

involved AI developers from the US, while our qualitative

study included AI developers working in Germany within

the European framework. Although both the European

Union (EU) and the US are actively engaged in regulating

AI systems, their regulatory approaches differ (Mökander

et al. 2022; Vokinger and Gasser 2021): The US favors a

pragmatic, decentralized strategy, assigning oversight to

various federal agencies to promote innovation with min-

imal regulation (Vokinger and Gasser 2021). In contrast,

the EU is developing a comprehensive, unified legal

framework, exemplified by the EU AI Act, which takes a

risk-based approach to build a trusted ecosystem (European

Union 2024). While this may increase AI developers’
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workload and efforts, both regions are committed to

advancing AI systems for societal benefit (Vokinger and

Gasser 2021), as shown by their joint efforts on trustworthy

AI and risk management (EU-US Trade and Technology

Council 2022).

In summary, integrating our findings, detailed in

Table 8, provides a comprehensive understanding of

accountability perceptions in AI systems development

against the background of the identified boundary condi-

tions and suggests that process and outcome accountability

represent distinct theoretical constructs in AI systems

development, even as they interrelate in practice. This

distinction emerges from core AI developers’ different

responses to process versus outcome accountability argu-

ments and from direct accounts of AI systems development

professionals. Our mixed method approach thus validates

our experimental findings and provides a deeper theoretical

understanding of how accountability manifests in AI sys-

tems development, suggesting the need for more nuanced

approaches to both studying and promoting algorithmic

accountability.

7 Discussion

AI developers’ accountability is increasingly drawing

attention both in academic and policy discussions, espe-

cially as existing governance tools and methods to raise AI

developers’ accountability awareness, like AI principles or

audits, often fall flat. Our research, combining CLT and

Toulmin’s model of argumentation, probes the efficacy of

process versus outcome accountability arguments visual-

ized as UI design elements and integrated into IDEs to

enhance AI developers’ perceived accountability. Our

quantitative analysis shows a 9.1% increase in perceived

accountability when accountability arguments consist

solely of process accountability claims. Adding data to

outcome accountability arguments increases accountability

perceptions by 9.5%. However, a similar increase is not

observed when data is added to process accountability

claims, indicating AI developers’ clearer grasp of devel-

opment processes. Our qualitative findings help explain

these patterns while revealing that process and outcome

accountability emerge as distinct theoretical constructs in

AI systems development – process accountability mani-

festing as a concrete, experience-near phenomenon while

outcome accountability appears more abstract and distinct.

Overall, our research highlights the nuanced nature of

Table 8 Mapped results of quantitative and qualitative studies

Hypotheses Quantitative

study

Qualitative study Combined interpretation

H1A: The presence (vs. absence) of process

accountability claims creates higher perceived

accountability among AI developers

Supported High perceptions due to perceived

influence over development

processes

Process accountability emerges as a

natural, concrete construct in AI

systems development aligned with AI

developers’ daily work experience

H1B: The presence (vs. absence) of outcome

accountability claims creates higher perceived

accountability among AI developers

Supported Perceived lack of influence on

unpredictable AI systems outcomes

Outcome accountability emerges as a

more abstract construct in AI systems

development, shaped by temporal and

cognitive distance

H2A: Process accountability claims including

claim-supporting data (vs. process

accountability claims only) create higher

perceived accountability among AI developers

Rejected Process accountability already

concrete and well-understood

through direct experience

Supporting data is less crucial for

process accountability due to its

inherent concreteness

H2B: Outcome accountability claims including

claim-supporting data (vs. outcome

accountability claims only) create higher

perceived accountability among AI developers

Supported Supporting evidence helps bridge the

abstraction gap in outcome

accountability

Evidence is particularly important for

outcome accountability due to its

inherently abstract nature

H3A: Process accountability claims

(vs. outcome accountability claims) create

higher perceived accountability among AI

developers

Supported Clear distinction between process and

outcome accountability in AI

developers’ accounts

Suggests theoretical distinction

between process and outcome

accountability as separate constructs in

AI systems development

H3B: Outcome accountability claims (vs.

process accountability claims) accompanied by

claim-supporting data lead to greater increases

in perceived accountability among AI

developers

Supported Concrete details needed to solidify

abstract outcome accountability and

address the perceived lack of

influence

Demonstrates how supporting data can

help bridge the theoretical gap between

process and outcome accountability
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accountability in AI systems development, emphasizing the

need for governance tools and methods that effectively

communicate algorithmic accountability.

7.1 Contributions to IS Research

Our findings offer three important theoretical contributions

to IS research on algorithmic accountability (Horneber and

Laumer 2023; Wieringa 2020) and the future of systems

development (Duda et al. 2024; Maruping and Matook

2020; Rosenkranz et al. 2023).

First, our results advance IS research on algorithmic

accountability by revealing how process and outcome

accountability emerge in AI systems development as dis-

tinct theoretical constructs through AI developers’ experi-

ences and perceptions. While previous approaches within

IS research have treated algorithmic accountability pre-

dominantly as a unified concept, our mixed method

approach shows that developers distinguish between two

dimensions of algorithmic accountability, namely, process

and outcome accountability, each requiring different

communication approaches and support mechanisms. This

distinction emerged consistently in both our quantitative

study focusing on core AI developers and our qualitative

study, which included related roles within AI systems

development teams, suggesting these accountability

dimensions reflect fundamental aspects of AI systems

development work rather than role-specific perspectives.

By demonstrating how accountability arguments in UI

design elements for ISD tools can heighten AI developers’

accountability perceptions, we also respond to recent calls

for empirical research on algorithmic accountability (e.g.,

Horneber and Laumer 2023), especially for governance

tools and methods to effectively increase accountability

awareness in AI systems development (e.g., Mikalef et al.

2022). As ethical and regulatory aspects of algorithmic

accountability gain prominence, our insights into using

accountability arguments to enhance AI developers’

accountability awareness offer a path toward more ethi-

cally responsible and socially beneficial AI systems.

Second, we advance our understanding of accountability

mechanisms in AI systems development by examining how

AI developers respond differently to process versus out-

come accountability arguments (Horneber and Laumer

2023; Martin 2019). Our findings reveal that process and

outcome accountability represent distinct theoretical con-

structs in AI systems development and that different

communication strategies are required for effective pro-

motion. This distinction is particularly important in the

context of AI systems development, where multiple

stakeholders are involved throughout the lifecycle of AI

systems, and immediate development decisions must be

balanced against longer-term, often

unpredictable outcomes. Viewed through the lens of CLT,

we identified and empirically demonstrated the differences

in AI developers’ perceptions of these two kinds of algo-

rithmic accountability, highlighting their significance for

AI systems development management.

Third, we contribute to IS research on the future of

systems development (Rosenkranz et al. 2023; Urbach

et al. 2019), particularly in light of the increasing prolif-

eration of AI systems in recent years (Dey and Lee 2021;

Duda et al. 2024). While previous ISD research has iden-

tified successful communication between ISD stakeholders

as a critical driver of overall ISD success (Bittner and

Leimeister 2014; Gallivan and Keil 2003; Rosenkranz et al.

2013, 2014), existing governance tools and methods like AI

principles or audits often struggle with effective commu-

nication due to their abstract nature (e.g., Berente et al.

2024; Mittelstadt 2019). Our results demonstrate that

visualizing accountability arguments through UI design

elements can enhance accountability perceptions while

revealing that such tools must be tailored to address the

distinct challenges of process versus outcome account-

ability. This extends Toulmin’s model of argumentation

(1958) beyond its conventional use in analyzing commu-

nication with IS users (Cummings and Dennis 2018; Kim

and Benbasat 2006, 2009) and provides practical guidance

for developing more effective governance tools and

methods in AI systems development. This extension offers

novel insights into the intricate dynamics between tech-

nological evolution, social dynamics, and individual

responses in AI systems development.

7.2 Practical Contributions

Our results provide important insights for improving the

allocation and awareness of accountability in AI systems

development, supporting practitioners in managing future

AI systems development projects. First, we assert that the

distinct nature of process and outcome accountability

demands differentiated approaches to communication and

governance. Our findings indicate that simply assigning

accountability is inadequate; rather, organizations must

recognize that process and outcome accountability require

different communication strategies. While process

accountability aligns naturally with AI developers’ daily

work and can be promoted through clear articulation of

expectations, outcome accountability requires additional

supporting evidence and concrete examples to help AI

developers bridge the conceptual gap between their

immediate actions and potential future impacts. Drawing

from our qualitative study, we advocate that organizations

should not only notify AI developers of their respective

accountability but also engage in discussions about the

underlying rationale, particularly for outcome-related
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responsibilities, and foster an organizational climate of

ethical responsibility. This approach promotes a collabo-

rative environment where algorithmic accountability is not

merely imposed but collectively understood and embraced.

Second, our results demonstrate that visualizing

accountability arguments as UI design elements in ISD

tools, such as IDEs, can efficiently enhance AI developers’

perceived accountability. This approach offers a practical,

less resource-intensive alternative to developing AI prin-

ciples or conducting audits. Moreover, UI design elements

can be seamlessly integrated into various ISD tools and

customized to align with specific organizational account-

ability needs (Conboy 2009; Lings and Lundell 2004).

Importantly, such visualized accountability arguments can

promote a shared understanding of ISD processes and their

implementation without requiring explicit training sessions

or additional workload (Vial and Rivard 2022). This is

crucial for fostering a comprehensive culture of algorith-

mic accountability within organizations, as organizations

can design ISD tools and methods but cannot dictate the

actual execution of ISD processes (Feldman and Pentland

2003; Vial and Rivard 2022). By adapting ISD tools like

IDEs and integrating appropriate accountability arguments,

organizations can encourage AI developers to take own-

ership of both immediate development processes and

longer-term AI system outcomes, ensuring development

practices adhere to ethical and legal standards while

maintaining awareness of potential future impacts. Distin-

guishing between process and outcome accountability

further allows organizations to be aware of the full range of

impacts of the AI systems they provide, including unan-

ticipated outcomes that may arise after development.

7.3 Limitations and Directions for Future Research

As with any other research study, ours is not without limi-

tations. Considering increasing legislative and regulatory

requirements and private initiatives, we believe these limi-

tations open up fruitful avenues for future research. First,

within our quantitative study, we conducted an online

experiment examining AI developers’ overall perceived

accountability in a scenario rather than distinguishing

between process and outcome accountability perceptions. As

our qualitative findings revealed these as distinct theoretical

constructs in AI systems development, future research

should develop and validate separate measures for process

and outcome accountability perceptions, examining how

different types of accountability arguments might affect

these perceptions differently. Such research could investi-

gate whether previous findings of increased diligence under

process accountability and increased commitment under

outcome accountability also hold true in AI systems devel-

opment contexts (Doney and Armstrong 1995; Simonson

and Staw 1992). Second, our UI design elements for IDEs

represented only two accountability mechanisms (cf. Vance

et al. 2013, 2015). Future research could examine other

accountability mechanisms (i.e., social presence and iden-

tifiability) for potential differential effects on AI developers’

process versus outcome accountability perceptions. In this

context, the interaction of our proposed UI design elements

with other ISD tools and methods, such as AI principles or

audits, could also be investigated. Third, while we focused

on development processes and outcomes in both our quan-

titative and qualitative studies to maintain research focus,

future research could explore the effects of UI design ele-

ments as accountability attributions for other phases of AI

systems development, such as AI systems’ operation or use,

or addressing other stakeholders, such as IT managers of

organizations that govern AI systems. Fourth, our scenario

used in the quantitative study included a financial setting.

Future research could investigate whether the intended

contexts of AI systems affect AI developers’ perceived

process and outcome accountability differently. Finally, our

research presents limitations regarding both role hetero-

geneity and cultural context. As part of our qualitative study,

we interviewed AI developers and professionals in related

rolesworking inGermany at the time of the interviews, while

our quantitative study focused on core AI developers in the

US. Although we found consistent patterns across different

roles and cultural contexts – suggesting that the fundamental

dynamics of process and outcome accountability transcend

professional and cultural boundaries – we cannot rule out the

possibility that specific manifestations of accountability

perceptions vary across roles and regions. While our mixed

method approach helped validate our findings across these

different contexts, future research couldmore systematically

examine how cultural, regulatory, and role-specific factors

interact to shape process and outcome accountability per-

ceptions. For instance, researchers could investigate how

different regulatory frameworks affect process and out-

come accountability perceptions across various roles within

AI systems development teams. Such research could help

organizations develop more nuanced accountability prac-

tices that account for both role-specific needs and regional

requirements while maintaining consistent core principles

about process and outcome accountability.

8 Conclusion

Our research opens up new pathways to ensure effective

future governance of AI systems development, which

crucially depends on AI developers’ accountability per-

ceptions. Grounded in CLT and Toulmin’s model of

argumentation, our research reveals both practical and

theoretical insights about accountability in AI systems
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development. While our quantitative findings demonstrate

that process accountability arguments are generally more

effective than outcome accountability arguments and that

supporting evidence particularly enhances the impact of

outcome accountability arguments, our qualitative investi-

gation reveals why: process and outcome accountability

emerge as distinct theoretical constructs in AI systems

development, each requiring different communication

approaches. Process accountability manifests as a concrete,

experience-near phenomenon aligned with AI developers’

daily work, while outcome accountability appears more

abstract and temporally distant. Our mixed method

approach thus provides practical guidelines for enhancing

algorithmic accountability through appropriate governance

tools and also advances theoretical understanding of how

accountability manifests in AI systems development con-

texts. These insights shift the narrative on algorithmic

accountability, moving away from treating it as a unitary

concept and toward recognizing its multi-dimensional

character. We hope that our findings will not only promote

adherence to emerging ethical and legal standards in AI

systems development but also advance the evolving land-

scape of AI governance, where understanding and

addressing the distinct dimensions of accountability and

how key stakeholders like AI developers perceive them is

paramount for the responsible advancement of AI systems.
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