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Abstract 

Accountability of artificial intelligence (AI)-based 
systems is often addressed reactively, mainly after 
harm occurs. This study shifts toward proactive ap-
proaches, highlighting AI developers’ role in risk mit-
igation. Proactive AI accountability behavior refers to 
self-initiated, future-oriented actions that go beyond 
formal job roles to justify developers’ actions and de-
cisions, and to facilitate the clear attribution of ac-
countability. Drawing on Proactive Motivation The-
ory, we conducted an online experiment (n = 264) to 
investigate how governance mechanisms (rewards vs. 
sanctions) and motivational states impact such behav-
ior. Our results reveal flexible role orientation as the 
key driver of proactive behavior and how rewards and 
sanctions impact such a mindset. We contribute by 
conceptualizing proactive AI accountability behavior 
and providing a theoretical model that explains its 
emergence, underscoring the importance of using re-
wards to foster a proactive mindset alongside sanc-
tions as guardrails against harmful initiatives. 

 
Keywords: Artificial Intelligence, Accountability, 
Governance Mechanisms, Proactivity, Developers. 

1. Introduction 

Fostering accountability when using artificial in-
telligence (AI) is gaining importance, considering the 
widespread diffusion of AI-based systems and the po-
tential of AI to cause harm. AI accountability requires 
actors (e.g., developers) to justify actions and respond 
to interrogations by fora, like regulatory bodies 
(Bovens, 2007; Wieringa, 2020). AI accountability en-
tails penalizing adverse behavior through sanctions 
(Nguyen et al., 2024), which aim to punish actors and 
redress those adversely affected (Busuioc, 2021). 

However, the penalizing nature of sanctions has 
manifested a negatively connotated view surrounding 
AI accountability across practice and research. This 
negative connotation is unfavorable because actors of-
ten reactively address AI accountability when adverse 

effects emerge that result in reputational risks 
(Brundage et al., 2020). This reactive approach is un-
fortunate because ensuring AI accountability becomes 
linked to organizations’ desire to protect against repu-
tational risks rather than introducing preventive 
measures or policies (Rakova et al., 2021). Instead of 
viewing AI accountability reactively, organizations 
should employ a more proactive approach to address 
risks early on and actively foster AI accountability 
(Novelli et al., 2023). Such proactive approaches typ-
ically emphasize the role of employees like AI devel-
opers and include self-initiated and future-oriented ac-
tions to (pro)actively make changes for a better work 
environment (Parker et al., 2010). For instance, AI de-
velopers can proactively call for legal support or par-
ticipate in training to better justify their development 
decisions (Rakova et al., 2021). 

Although proactive actions fostering AI account-
ability seem promising to uncover and address poten-
tial AI risks early and, thus, prevent potential future 
harm, current research has primarily regarded AI ac-
countability as a reactive measure implemented retro-
spectively (Novelli et al., 2023). We therefore still lack 
knowledge on how to foster developers’ proactive AI 
accountability behavior. Given this research gap, we 
pose the research question: How to foster AI develop-
ers' proactive AI accountability behavior? 

To answer our research question, we draw on pro-
active motivation theory (ProMT; Parker et al., 2010) 
and identify three motivational states of AI developers 
that shape their proactive AI accountability behavior 
(PAIAB). In addition, we examine rewards as a gov-
ernance mechanism to foster proactive behavior and 
sanctions acting as guardrails to prevent harm from 
self-initiated actions that went wrong. We tested our 
research model through an online experiment with 264 
participants. Our results highlight the critical role of 
AI developers’ flexible role orientation in promoting 
proactive behavior and underscore how rewards and 
sanctions shape their motivational states. 

Our study contributes to research by conceptual-
izing PAIAB, shifting the focus from prior reactive to 
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proactive approaches. We also contribute by identify-
ing key drivers of PAIAB and highlighting the im-
portance of rewards alongside sanctions. 

2. Background 

2.1. AI accountability 

We understand AI broadly as a machine's ability 
to perform cognitive functions like perceiving, reason-
ing, learning, problem-solving, and decision-making 
(Rai et al., 2019). Accountability is used across re-
search disciplines and has two distinct meanings 
(Bovens, 2010). First, it resembles a virtue that refers 
to the willingness of an entity to act fairly and trans-
parently. Second, it resembles a governance process 
that depicts “a relationship between an actor and a fo-
rum, in which the actor has the obligation to explain 
and to justify his or her conduct, the forum can pose 
questions and pass judgment, and the actor may face 
consequences” (Bovens, 2007, p. 450). Wieringa 
(2020) contextualized AI accountability as creating an 
account for a socio-technical AI-based system involv-
ing multiple actors (e.g., developers, users, organiza-
tions). These actors must explain and justify the de-
sign, use, decisions, and consequences regarding the 
system to various types of fora (e.g., regulatory bod-
ies). Actors can be held accountable for a particular 
aspect of the system (e.g., code) or the entire system.  

To address the concerns from practice, a growing 
number of researchers examine AI accountability in 
three research streams: (1) defining AI accountability 
(e.g., Nguyen et al., 2024; Wieringa, 2020), (2) explor-
ing its mechanisms (e.g., Knowles & Richards, 2021), 
and (3) testing its impact on stakeholders’ perceptions 
and behaviors (e.g., Du et al., 2024; Schmidt et al., 
2025). We bridge the streams (2) and (3) by exploring 
how to foster proactive AI accountability behavior.  

2.2. The need for proactive AI accountability 

AI accountability comprises various facets, like 
sanctioning actors for adverse behaviors and outcomes 
(Nguyen et al., 2024). Related AI accountability re-
search distinguishes punitive measures (e.g., fines or 
firing employees) and redress (e.g., apologies or mon-
etary compensation) when issuing sanctions (Busuioc, 
2021). The common goal of sanctions is to ensure that 
actors will not repeat the harm (Busuioc et al., 2022). 

Sanctions retain a penalizing nature, resulting in a 
negative connotation for AI accountability throughout 
research and practice. This prevalent negative conno-
tation is unfortunate because organizations reactively 

address AI accountability alongside reputational con-
cerns (Brundage et al., 2020). AI accountability is then 
often tied to an organization’s objective to prevent rep-
utational damage in the future after an AI-related inci-
dent (e.g., discriminating against a certain user demo-
graphic). When adopting such a reactive approach to 
address AI accountability, organizations typically ne-
glect to introduce preventive measures or policies to 
prevent issues in advance (Rakova et al., 2021). There 
is a need for a more proactive approach to facilitate AI 
accountability that emphasizes the role of employees’ 
proactive behaviors in addressing risks early on to pre-
vent future harm. It also highlights the virtuous aspect 
of AI accountability to combat its negative connota-
tion (Bovens, 2010; Novelli et al., 2023). 

We employ ProMT (Parker et al., 2010) as a the-
oretical lens to conceptualize PAIAB. According to 
ProMT, proactive work behavior emerges when em-
ployees, like AI developers, own the initiative to ac-
tively make changes for improvements in their current 
work environment (Parker et al., 2010). Thus, proac-
tive work behavior refers to self-initiated and con-
scious activities of employees aiming at changing fu-
ture outcomes in a work environment (Crant, 2000). 
Prior literature has not limited proactive work behav-
ior to in-role behavior (i.e., formal job responsibilities) 
but also emphasized extra-role behavior (i.e., actions 
exceeding formal job responsibilities) (Morrison & 
Phelps, 1999). Extra-role behavior often entails risks, 
which proactive employees navigate through internal 
means and initiative, ultimately outweighing potential 
drawbacks (Grant & Ashford, 2008). 

By synthesizing the existing literature on proac-
tive work behavior (e.g., Crant, 2000; Parker et al., 
2006) and AI accountability (e.g., Wieringa, 2020), we 
propose that PAIAB refers to employees’ self-initiated 
and future-oriented socio-technical actions that go be-
yond their formal job responsibility (i.e., extra-role be-
havior) and aim to justify and explain their actions and 
decisions related to the AI-based system (Table 1). For 
instance, AI developers could proactively document 
design decisions in model cards early on without their 
supervisors requiring them to do so (Mitchell et al., 
2019). AI developers then show initiative to achieve a 
better work environment by providing such proactive 
documentation, reflecting extra-role behavior. Early 
documentation is also a future-oriented behavior as it 
prepares for future interrogations by various fora. 

In addition to proactive behaviors that directly 
justify employees’ actions and decisions, we propose 
that PAIAB covers employees’ actions to facilitate the 
attribution of accountability by fostering key proper-
ties of AI-based systems like explainability, auditabil-
ity, and transparency. These actions are essential in AI 
contexts due to the problem of many hands, referring 
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to the difficulty of attributing accountability for out-
comes caused by multiple actors involved in AI sys-
tems (Wieringa, 2020). For example, AI developers 
can integrate traceable logging mechanisms to foster 
auditability, enabling future inspection and review of 
AI-based systems and, thus, promoting AI accounta-
bility (Sanderson et al., 2023).  

Table 1. Properties of PAIAB. 
PAIAB entails… Description Example 
justifying and 
explaining em-
ployees’ actions 
and decisions 

Self-initiated actions 
that document and clar-
ify AI development-re-
lated choices. 

Documenting 
decisions in model 
cards (Mitchell et al., 
2019) 

facilitating the 
attribution of 
accountability 

Actions that enhance 
auditability, explaina-
bility, and transparency 
of AI-based systems. 

Implementing tracea-
ble logging mecha-
nisms (Sanderson et 
al., 2023) 

2.3. Governance mechanisms for PAIAB 

Given the promises of PAIAB for organizational 
risk management, there is a need to identify govern-
ance mechanisms that facilitate proactive behaviors. 
One promising governance mechanism is issuing re-
wards (e.g., money or positive performance feedback; 
Ryan & Deci, 2000), which motivates developers to 
engage in proactive behaviors that foster AI accounta-
bility. Prior research has often demonstrated that re-
wards foster behavior in individuals they would other-
wise not be motivated to do (e.g., Ryan & Deci, 2000).  

However, organizations should be careful when 
issuing rewards to foster PAIAB. Literature on proac-
tive work behavior frequently highlights inherent risks 
of extra-role behavior that may occur despite employ-
ees' best intentions (e.g., Grant & Ashford, 2008). For 
instance, if AI developers proactively incorporate ad-
ditional transparency measures to foster AI accounta-
bility (i.e., extra-role behavior), they could worsen an 
AI system’s performance at the same time. Engaging 
in proactive actions beyond their job role may also re-
sult in developers losing focus on core functionality or 
fixing critical development issues (i.e., in-role behav-
ior). Consistent with previous research, we believe that 
organizations should not blindly incentivize PAIAB 
with rewards but should also consider corrective gov-
ernance mechanisms like sanctions that act as guard-
rails for harmful proactive behavior. Sanctioning an 
AI developer who engaged in harmful proactive be-
havior could signal that such behavior is discouraged, 
which then deters AI developers from repeating harm-
ful proactive behaviors. By employing a dual perspec-
tive, comprising rewards and sanctions as governance 
mechanisms, organizations ensure that they fully lev-
erage proactive work behavior while preventing em-
ployees' potentially reckless or damaging behavior. 

3. Research model 

Next, we develop a research model explaining the 
emergence of PAIAB (Figure 1). ProMT distinguishes 
three proactive motivational states to explain employ-
ees’ initiatives: can-do, reason-to, and energized-to 
(Bindl et al., 2012). First, can-do motivation refers to 
the perception of one’s ability to behave proactively 
during work (e.g., self-efficacy; Parker et al., 2006). 
Second, reason-to motivation concerns the internal 
means to enact proactive behavior while working (e.g., 
flexible role orientation). Third, the energized-to mo-
tivational state reflects an emotional state that can lead 
to proactive work behavior (e.g., positive affect; Seo 
et al., 2004). We contextualize these three motiva-
tional states to AI development (Table 2): AI develop-
ment role-breadth self-efficacy (RBSE; can-do), flex-
ible AI development role orientation (reason-to), and 
positive affect (energized-to), as explained below. 

Table 2. Contextualized ProMT constructs. 
Motivational state Contextualized construct 
Can-do: Perception of one’s 
ability to behave proactively 
(Parker et al., 2006) 

AI development RBSE: AI develop-
ers’ perception of their ability to carry 
out behaviors that extend beyond their 
prescribed AI development role 

Reason-to: Internal means to 
enact proactive behavior 
(Parker et al., 2006) 

Flexible AI development role orienta-
tion: AI developers’ feelings of owner-
ship of problems beyond their appar-
ent tasks or formal responsibilities 

Energized-to: Emotional 
state affecting proactive be-
havior (Seo et al., 2004) 

Positive affect: AI developers’ feelings 
of pleasure regarding AI development 
for their organization 

ProMT further suggests that contextual factors 
impact these motivational states. We build on the con-
textual factor of supervisory support to embed rewards 
and sanctions into our research model. Prior research 
has argued that supervisory support, such as positive 
or negative feedback, will impact motivational states 
(e.g., Wu & Parker, 2017). Overall, supervisors resem-
ble critical sources of employees’ perceptions of jus-
tice because supervisors resemble the primary channel 
through which organizations interact with individual 
employees (Byrne et al., 2012). Past studies stressed 
supervisors' roles in encouraging employees (e.g., 
through positive feedback) to achieve desired behav-
iors, such as proactivity (e.g., Madjar et al., 2002). 
Likewise, past studies highlighted the corrective im-
pact of negative feedback on extra-role behavior like 
proactivity (e.g., Su et al., 2021). We note that, guided 
by our focus on proactivity, we conceptualize sanc-
tions not as punishment for developers’ inaction, but 
as corrective feedback following proactive behavior 
with unintended and/or adverse outcomes. This con-
ceptualization aligns with viewing sanctions as guard-
rails against misguided extra-role initiatives. 
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Figure 1. Research model. 

3.1. Can-do motivation and PAIAB 

The first key motivational state that ProMT em-
phasizes is can-do motivation, which refers to the per-
ception of one’s abilities to behave proactively during 
work (Parker et al., 2006). Can-do motivation ensures 
that employees like AI developers remain confident in 
taking the proactive initiative despite potential risks. 
This concept is mainly operationalized through RBSE, 
defined as the “extent to which people feel confident 
that they are able to carry out a broader and more pro-
active role beyond traditional prescribed technical re-
quirements” (Parker, 1998, p. 835). The literature pro-
vides rich support for the relationship between RBSE 
and its outcomes, like proactive work behavior (Parker 
et al., 2010; Parker et al., 2006). Specifically, studies 
highlighted that employees with a high RBSE feel in 
control of the outcome and, thus, have a stronger belief 
in success. This belief helps them pursue proactive be-
haviors (Parker, 1998). Building on this evidence, we 
propose that with increased AI development RBSE, AI 
developers should feel encouraged to engage in 
PAIAB, such as documenting decisions for transpar-
ency, even when not required in the job role, and with 
risks of getting sanctioned for overstepping bounda-
ries. Thus, we propose H1a: A developer’s AI devel-
opment RBSE increases their engagement in PAIAB.  

Issuing rewards or sanctions may directly impact 
an AI developer’s RBSE. Rewarding an AI developer 
with positive feedback signals that the organization 
values the developer’s proactive behavior. With that 
feeling of positive reinforcement, the AI developer 
perceives a heightened sense of RBSE that enables 
them to engage in complex tasks beyond their original 
role (cf. Gabriel et al., 2014). Thus, when a supervisor 
praises an AI developer for assisting in an audit with 
their proactive documentation, developers perceive 
that they can even deal with AI auditing tasks, which 
go beyond their typical role as an AI developer. Prior 
research has consistently shown the benefits of posi-
tive feedback as rewards on RBSE (e.g., Wu & Parker, 
2017). Therefore, we conclude H2a: Issuing rewards 
increases an AI developer’s RBSE. 

In contrast, sanctioning a developer with a formal 
warning could directly signal that the organization dis-

courages the developer’s proactive behavior. The de-
veloper’s proactive actions could have backfired, re-
sulting in damages from a failed audit. The AI devel-
oper would doubt their abilities and feel a lower RBSE 
following this negative feedback loop. They would 
lack the confidence now to engage in more complex 
tasks beyond their role in fear of facing sanctions (e.g., 
getting fired eventually). The adverse impact of nega-
tive feedback as sanctions on RBSE has been con-
firmed in prior research (e.g., Su et al., 2021; Wu et 
al., 2024). Thus, we conclude H3a: Issuing sanctions 
decreases an AI developer’s RBSE. 

3.2. Reason-to motivation and PAIAB 

Besides can-do motivation, ProMT highlights rea-
son-to motivation, which reflects individuals’ required 
internal means (i.e., a reason) to engage in proactive 
behavior (Parker et al., 2006). A compelling reason is 
intrinsic motivation, which can heighten feelings of re-
sponsibility for issues beyond their immediate tasks, 
commonly referred to as flexible role orientation 
(Parker et al., 1997). Previous literature has investi-
gated the relationship between flexible role orientation 
and proactive work behavior (e.g., Parker et al., 2010; 
Parker et al., 2006). For instance, studies have shown 
that flexible role orientation fosters employees’ enthu-
siasm and sense of accomplishment needed to over-
come barriers when pursuing proactive goals (Parker 
et al., 2010). We propose that AI developers with a 
high level of flexible role orientation will feel this 
same responsibility toward PAIAB. They would prob-
ably view activities such as writing transparency state-
ments as part of their job, even if not required, and 
with the risk of overstepping boundaries. We propose 
H1b: A developer’s flexible AI development role ori-
entation increases their engagement in PAIAB.  

Rewards as a positive feedback mechanism could 
enhance AI developers’ intrinsic motivation (Ryan & 
Deci, 2000), giving them a reason to feel ownership 
for tasks beyond their original role. When an AI devel-
oper receives appreciative comments from a supervi-
sor for transparency improvements, which improved 
the AI-based system overall, they could feel intrinsi-
cally motivated to view such transparency-related 
tasks as their job and not someone else’s (i.e., they feel 
a more flexible role orientation). The benefits of posi-
tive feedback as rewards for flexible role orientation 
are prevalent across previous studies (e.g., Su et al., 
2021). We posit H2b: Issuing rewards increases an AI 
developer’s flexible AI development role orientation. 

Conversely, sanctioning an AI developer with 
harsh comments for their supposed transparency im-
provements, which led to worse model performance, 
results in the opposite. Following these sanctions, the 
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AI developer would feel a less flexible role orienta-
tion, as they would get the feeling that PAIAB is in-
deed not their job, and they would face sanctions if 
they felt like it is. Prior studies confirmed the adverse 
impact of negative feedback on flexible role orienta-
tion (e.g., Su et al., 2021; Wu et al., 2024). We con-
clude H3b: Issuing sanctions decreases an AI devel-
oper’s flexible role orientation. 

3.3. Energized-to motivation and PAIAB 

Finally, ProMT includes energized-to motivation, 
which primarily relates to a positive affective state that 
energizes employees to engage in proactive behavior 
(Russell, 2003). The related literature has consistently 
demonstrated a positive relationship between positive 
affect and proactive behavior because it broadens an 
employee's thinking, fosters optimism, and provides 
the necessary energy to pursue challenging goals, even 
in the face of potential risks (Seo et al., 2004). Follow-
ing this evidence, we propose that AI developers with 
high levels of positive affect should also feel energized 
to engage in PAIAB, viewing tasks such as imple-
menting model inference logs for traceability as less of 
an inconvenience. We posit H1c: A developer’s posi-
tive affect increases their engagement in PAIAB. 

A reward can enhance AI developers’ internal af-
fective state and energize them to proactively engage 
with tasks beyond their assigned job role (cf. Choi et 
al., 2018). When a supervisor compliments an AI de-
veloper for making outputs more traceable, they can 
feel activated and satisfied with their behavior. The 
positive effect of rewards on an employee’s emotional 
responses, such as positive affect, has been established 
in prior research (e.g., Belschak & Den Hartog, 2009; 
Choi et al., 2018). Thus, we propose H2c: Issuing re-
wards increases an AI developer’s positive affect. 

In contrast, when a supervisor sanctions an AI de-
veloper with demeaning remarks regarding the nega-
tive outcome of their proactive behavior (e.g., publicly 
stating this was a terrible idea), they should feel uncer-
tain about their behavior. AI developers often react 
with a negative emotional response. Prior studies have 
frequently highlighted the adverse impact of negative 
feedback on positive affect (e.g., Belschak & Den 
Hartog, 2009). We conclude H3c: Issuing sanctions 
decreases an AI developer’s positive affect. 

4. Research method 

We conducted an online experiment to test our hy-
potheses. We split participants into three groups and 
manipulated the presence of rewards and sanctions for 
two treatment groups. The third group was the control 
group, which received no rewards or sanctions. 

4.1. Experimental design and procedure 

We applied a scenario-based experimental design. 
We deliberately chose a scenario-based approach to 
carefully control the situation and clearly isolate the 
specific effects of rewards and sanctions, even though 
such a controlled environment may not fully replicate 
the complexity of a real-world workplace. The exper-
iment consisted of four steps. First, we onboarded par-
ticipants, introducing them to the study’s concepts, in-
cluding AI accountability and PAIAB. We also meas-
ured first control variables (i.e., job autonomy and pro-
active personality) and asked for their experience with 
AI (i.e., AI involvement and AI knowledge). We 
added an attention check to ensure participants read 
our introductory texts and understood PAIAB. 

Second, we introduced a baseline scenario con-
sistent across all three groups. The scenario asked par-
ticipants to imagine an AI development project where 
they support developing an AI model detecting fraud-
ulent customer transactions in a team led by a supervi-
sor named Jamie. They should imagine noticing poten-
tial bias in the data or model and decide to act proac-
tively by writing an internal report and implementing 
logging mechanisms. Afterward, we randomly as-
signed participants to one of our three groups. The 
control group moved on without manipulation, while 
the two treatment groups received additional text sum-
marizing the issuance of rewards or sanctions. In the 
reward treatment, the supervisor returns after one 
week to thank the developer for their proactive actions, 
framing it as a best practice and mentioning that their 
chances of promotion have increased. In the sanction 
treatment, the supervisor tells the developer that their 
proactive actions did not help and that the AI model 
had worsened. The supervisor warns other team mem-
bers to avoid following the developer’s example and 
states that the developer’s chances of getting a promo-
tion have decreased. After introducing the scenario to 
the two treatment groups, we included an attention 
check to ensure understanding of the texts. 

Third, we measured our dependent variable (i.e., 
PAIAB), followed by the motivational states (i.e., AI 
development RBSE, flexible AI development role ori-
entation, and positive affect). We concluded by meas-
uring demographic information, including age, gen-
der, job title, and job responsibility, followed by a de-
briefing for all participants. 

4.2. Measurement 

We used or adapted previously validated scales to 
measure our constructs with five-point Likert scales 
ranging from strongly disagree to strongly agree. It is 
important to note that such an approach relies on self-
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reported measures, which are effective for capturing 
behavioral intentions but do not represent directly ob-
served actions. To measure PAIAB, we adapted items 
for proactive work behavior in the IS context from Xu 
et al. (2024). The items for AI development RBSE, and 
flexible AI development role orientation were adapta-
tions based on Parker et al. (2006). We employed a 
five-point polarized scale from Warr (1990) to meas-
ure positive affect. We controlled for job autonomy 
(Morgeson & Humphrey, 2006), proactive personality 
(Claes et al., 2005), AI knowledge (Flynn & 
Goldsmith, 1999), and AI involvement (Schepman & 
Rodway, 2020). We pretested the experiment with 10 
faculty members and 90 respondents using a panel by 
Prolific. Based on the feedback, we improved the un-
derstandability and readability of our items and texts. 

4.3. Data collection and sample 

We used the online panel provider Prolific to re-
cruit a targeted sample with relevant experience in AI 
development and operation. We chose Prolific for its 
access to a diverse pool of technical professionals and 
its reputation for high-quality data.  

Our purposeful sampling strategy involved a 
multi-stage screening process to ensure the relevance 
and validity of our participant sample. First, we lim-
ited our sample to participants residing in the United 
States, the United Kingdom, or the European Union to 
control for differences in legal or cultural contexts. 
Second, we required participants to be in full-time or 
part-time employment, or starting a new role soon, to 
ensure a current professional context. Third, we 
screened for individuals in coding or systems admin-
istration roles, as these professionals are directly in-
volved in developing and operating AI-based systems, 
which aligns the sample with our research question. 

After the initial stage, we received 300 complete 
answers and manually checked the data for invalid re-
sponses to further refine our dataset. We removed 36 
responses based on three criteria: (1) insufficient do-
main knowledge (i.e., AI knowledge ≤ 2 on a 5-point 
scale), (2) irrelevant job titles or responsibilities (e.g., 
hardware procurer), and (3) inattentive responses (e.g., 
total time spent ≤ 6 minutes, considering a median 
time of 18 minutes). Our multi-stage selection process 
finally left us with 264 valid responses. 

The final sample included 180 males, 75 females, 
four non-binary participants, and one person who did 
not disclose their gender. The average age was 36 
(min. 18 years, max. 76 years). The majority of our 
participants (81%) work in AI development roles (e.g., 
data scientist, AI developer, or deep learning engineer) 
or in AI development-adjacent roles (e.g., quality as-

surance for AI; 19%). Their interest in AI is high (av-
erage for AI involvement is 4.10), and they are knowl-
edgeable about AI (average for AI knowledge is 4.04). 
We followed the best practices from Prolific to com-
pensate all our participants (i.e., 9£ per hour). The 
costs for the panel amounted to a total of 1651.45£. 

4.4. Measurement instrument validation 

We used IBM SPSS Statistics and Amos to ana-
lyze the data. First, we validated that all items had the 
absolute kurtosis and skewness value below the ac-
ceptable threshold (highest kurtosis value: 1.098; 
highest skewness value: 1.354; Kline, 2023).  

Second, we used the maximum likelihood extrac-
tion method for exploratory factor analysis (EFA). 
Bartlett’s test of sphericity was significant (p < 0.001), 
indicating that our data is suitable for factor analysis 
(Bartlett, 1954). The Kaiser-Meyer-Olkin (KMO) test 
value (KMO = 0.902) exceeded 0.5, thus supporting 
sampling adequacy (Hutcheson & Sofroniou, 1999). 

Third, we performed a confirmatory factor analy-
sis (CFA). We examined reliability and convergent 
and discriminant validity. The composite reliability 
(CR) exceeded the recommended 0.70 threshold 
(Nunnally, 1978). The average variance extracted 
(AVE) for the constructs exceeded the suggested 0.50 
threshold (Fornell & Larcker, 1981) except for the 
control variable proactive personality (AVE = 0.43), 
which is slightly below the 0.50 threshold but has a CR 
of 0.79. Therefore, we retained it in our model (Fornell 
& Larcker, 1981). All heterotrait–monotrait (HTMT) 
ratios of correlations were below 0.85 (Henseler et al., 
2015), suggesting no discriminant validity issues. The 
CFA model had a good model fit (χ²/df = 1.473; CFI = 
0.949; TLI = 0.944; RMSEA = 0.042). 

We employed procedural and statistical remedies 
to address the potential bias from common method 
variance (Podsakoff et al., 2024). We instructed par-
ticipants that the answers would be anonymized and 
used for scientific purposes only, and they should take 
the time to answer honestly and to the best of their 
ability. We used validated scales from the literature, 
randomized items, and placed independent and de-
pendent variables on different pages. As a statistical 
remedy, we followed a single common method factor 
approach (Podsakoff et al., 2024). We allowed all 
items in the CFA model to load onto an unmeasured 
common latent method factor and their intended latent 
constructs. The change in CFI (ΔCFI = 0.0004) was 
below the threshold of 0.01 (Cheung & Rensvold, 
2002), suggesting that the fit with the data was not sub-
stantially different when we included the method fac-
tor in the model. We conclude that common method 
bias is not a major concern in our study. 
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Finally, we checked whether our manipulations 
were successful. Data confirms that participants in the 
reward treatment perceived the supervisor’s feedback 
strongly as positive, appreciative, and encouraging. In 
contrast, participants perceived the feedback in the 
sanction treatment as negative, concerned, and critical. 

5. Results 

We used Amos to assess the significance of the 
structural path estimates in our theoretical model (Fig-
ure 2). The model has a good fit (χ²/df = 1.703; CFI = 
0.936; TLI = 0.929; RMSEA = 0.052). 

H1 examines the impact of motivational states on 
PAIAB. The standardized path coefficient between AI 
development RBSE and PAIAB is not statistically sig-
nificant (β = 0.091, p = 0.273), so H1a is not sup-
ported. The impact of flexible AI development role 
orientation on PAIAB is significant (β = 0.364; p < 
0.001), supporting H1b. Positive affect also has no sig-
nificant effect on PAIAB (β = 0.124, p = 0.273). H1c 
is not supported. 

H2 explored the influence of rewards on the mo-
tivational states. The path coefficient for rewards and 
AI development RBSE was positive and significant (β 
= 0.104; p = 0.034). H2a is supported. The effect of 
rewards on flexible AI development role orientation is 
also positive and significant (β = 0.165; p = 0.002), 
supporting H2b. The impact of rewards on positive af-
fect is positive and significant (β = 0.233; p < 0.001), 
supporting H2c. 

H3 hypothesized a negative relationship between 
sanctions and motivational states. The significant neg-
ative path coefficient for sanctions on AI development 
RBSE (β = -0.273; p < 0.001) shows that H3a is sup-
ported. Similarly, the effect of sanctions on flexible AI 
development role orientation was negative and signif-
icant (β = -0.109; p = 0.039), supporting H3b. Finally, 
the path coefficient of sanction and positive affect was 

negative and significant (β = -0.585; p < 0.001). H3c 
is supported. 

We controlled confounding variables to test the 
robustness of our model. Significant control variables 
include proactive personality increasing AI develop-
ment RBSE (β = 0.599; p < 0.001), flexible AI devel-
opment role orientation (β = 0.541; p < 0.001), and 
positive affect (β = 0.499; p < 0.001). AI Involvement 
negatively impacted PAIAB (β = -0.042; p < 0.001).  

As a post-hoc analysis, we assessed the indirect 
effects of rewards and sanctions on PAIAB through 
proactive motivational states. We used Amos’s ‘esti-
mands’ function with bootstrapping (5,000 repetitions, 
95% bias-corrected confidence intervals; MacKinnon 
et al., 2004). The direct effect of rewards on PAIAB is 
non-significant (β = 0.025; p = 0.749; bias-corrected 
confidence interval [-0.088; 0.162]). The indirect ef-
fect of rewards via flexible AI development role ori-
entation is statistically significant and positive (β = 
0.165; p = 0.017; [0.024; 0.261]), indicating a partial 
indirect effect of rewards on PAIAB via flexible AI 
development role orientation. In contrast, the direct ef-
fect of sanctions on PAIAB was significant (β =  
-0.195; p = 0.048, [-0.799; 0.002]). However, all indi-
rect effects of sanctions via proactive motivational 
states were non-significant, suggesting a direct-only 
effect of sanctions on PAIAB.  

6. Discussion  

6.1. Principal findings 

This study investigates how to foster PAIAB by 
examining AI developers’ motivational states and the 
impact of issuing rewards or sanctions while employ-
ing ProMT as a theoretical basis. Our findings present 
a nuanced picture that aligns with and diverges from 
studies applying ProMT (e.g., Xu et al., 2024). 

First, our study confirms that supervisory support, 
operationalized as rewards or sanctions, significantly 

 
Figure 2. Structural model with standardized path coefficients. 
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shapes the proactive motivational states of AI devel-
opers. The substantial positive impact of rewards and 
negative impact of sanctions on AI developers’ RBSE, 
role orientation, and positive affect underscores the 
criticality of supervisory support in ensuring PAIAB. 
Supervisors effectively build a motivational founda-
tion that encourages proactive behavior by rewarding 
proactive actions. Contrarily, supervisors can prevent 
harmful proactive behavior from AI developers by is-
suing sanctions as a corrective measure and guardrail. 

Second, diverging from the theoretical assump-
tions of ProMT (Parker et al., 2006), only AI develop-
ers’ role orientation significantly predicted PAIAB, 
while RBSE and positive affect remained non-signifi-
cant. A potential explanation for the non-significant 
effect of RBSE lies in the nature of our participant 
sample. With a high RBSE across all groups (M = 
3.87; SD = 0.88), our participants were highly special-
ized domain experts confident in their abilities. It ap-
pears plausible that engaging in PAIAB is doable for 
such a specialized and competent group of AI devel-
opers, making PAIAB less dependent on their self-ef-
ficacy as a motivator. Similarly, the lack of impact for 
positive affect could emerge from the overall high-
stakes nature of AI accountability. AI accountability 
may already be perceived as highly important due to 
regulatory and industry pressures that override affec-
tive states. For instance, participants reported strong 
expectations for acting proactively from their organi-
zation (M = 3.76; SD = 1.07). AI developers may feel 
a compelling and cognitively driven responsibility to 
act proactively regardless of their daily emotions.  

Third, we uncovered a direct negative relationship 
between sanctions and PAIAB. This finding indicates 
that sanctions play a larger role beyond just diminish-
ing an AI developer’s motivation. A sanctioned AI de-
veloper is thus likely to adopt the rational choice to 
avoid future proactive behaviors (e.g., out of fear) to 
protect themselves from sanctions.  

6.2. Implications for research and practice 

Our study provides three key implications for fu-
ture research. First, in contrast to prior research that 
addresses AI accountability reactively (e.g., Brundage 
et al., 2020), we propose and conceptualize PAIAB. 
This conceptualization provides a promising avenue 
for future research as it operationalizes the virtue di-
mension of accountability (Bovens, 2010), which has 
remained neglected. Our study provides a foundation 
to further explore AI accountability as an intrinsic, for-
ward-looking virtue within AI development, shifting 
the focus from reactive to proactive approaches. 

Second, we develop and test a theoretical model 
explaining how PAIAB emerges by harnessing the 

principles of ProMT. Our contribution lies in provid-
ing and validating a theoretical explanation for the 
emergence of such behavior. Specifically, our findings 
uncover the critical role of flexible AI development 
role orientation as the primary driver of PAIAB.  

Third, we extend the current literature by examin-
ing rewards and sanctions as crucial governance mech-
anisms for PAIAB. We posit that effective PAIAB re-
quires both because rewards can encourage desired be-
haviors, while sanctions establish guardrails to prevent 
harmful proactive initiatives. By including rewards, 
we further advance current AI accountability research, 
which has mainly focused on sanctions (e.g., Knowles 
& Richards, 2021), thereby combating the negative 
connotation of AI accountability. This consideration 
of rewards allows research to investigate AI accounta-
bility as an enabler to improve AI systems rather than 
a restrictive constraint. 

Our study further offers two key implications for 
practitioners seeking to foster a culture of proactive AI 
accountability. First, our study provides guidance on 
implementing a balanced governance strategy using 
both rewards and sanctions to manage proactivity. 
While current practice often emphasizes sanctions 
(e.g., Knowles & Richards, 2021), our findings cau-
tion against this imbalance. An overemphasis on sanc-
tions can deter developers from engaging in proactive 
behaviors. We encourage a dual approach: consider re-
wards as effective facilitators of developers’ motiva-
tion, while sanctions serve as a necessary guardrail to 
prevent harmful initiatives. 

Second, our findings reveal the need to focus on 
cultivating AI developers’ role orientation. Our study 
showed this was the only motivational state directly 
translating into PAIAB. Therefore, a supervisor's goal 
should be to embed the belief that PAIAB is a core job 
responsibility (e.g., through rewards that signal that 
PAIAB is a valued and essential part of the job role). 

6.3. Limitations and future research 

Our study has limitations, presenting valuable fu-
ture research opportunities. First, our model focuses 
on supervisory feedback as the primary antecedent of 
proactive motivational states. While this focus cap-
tures a critical relationship between an AI developer 
and their immediate supervisor, it does not account for 
other interactions with other influential stakeholders, 
like peers (e.g., Parker et al., 2006) or the organization 
itself. Future research can address this by adopting a 
multilevel perspective (i.e., individuals: peers; depart-
ment: supervisors; organization: top management). 

Second, our study has methodological limitations 
inherent to its experimental design. While our hypo-
thetical scenario allowed for controlled manipulation, 
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it does not fully replicate the complex dynamics of a 
real-world AI development environment. However, 
we carefully considered the scenario’s authenticity, 
and participants rated its realism favorably (M = 4.07). 
Our experimental design also measures behavioral in-
tentions after a proactive event has occurred. Thus, our 
findings explain how developers adjust their future 
proactive behavior in response to subsequent feedback 
(or a lack thereof, as in our control group), rather than 
explaining their initial decision to act proactively in a 
neutral context. Moreover, we mainly relied on self-
reported measures of PAIAB, which capture behav-
ioral intentions rather than directly observed actions. 
Finally, we tested specific manifestations of sanctions 
and rewards that warrant careful consideration. We 
operationalized sanctions as a response to proactive 
behavior with a negative outcome, not as a response to 
inaction. Consequently, our findings on sanctions gen-
eralize primarily to contexts where extra-role initia-
tives are discouraged after failure, highlighting the 
need for future research to investigate how different 
types of sanctions (e.g., for proactivity vs. for non-
compliance) affect employee motivation. To address 
these design-related limitations, we advise future re-
search to employ field experiments or observational 
studies measuring actual PAIAB in authentic settings. 

7. References  

Bartlett, M. S. (1954). A Note on the Multiplying Factors for 
Various χ2  Approximations. J. R. Stat., 16(2), 296-298.  

Belschak, F. D., & Den Hartog, D. N. (2009). Consequences 
of Positive and Negative Feedback: The Impact on 
Emotions and Extra-Role Behaviors. Appl. Psychol., 
58(2), 274-303.  

Bindl, U. K., Parker, S. K., Totterdell, P., et al. (2012). Fuel 
of the self-starter: how mood relates to proactive goal 
regulation. J. Appl. Psychol., 97(1), 134-150.  

Bovens, M. (2007). Analysing and Assessing 
Accountability: A Conceptual Framework. ELJ, 13(4), 
447-468.  

Bovens, M. (2010). Two Concepts of Accountability: 
Accountability as a Virtue and as a Mechanism. West 
Eur. Polit., 33(5), 946-967.  

Brundage, M., Avin, S., Wang, J., et al. (2020). Toward 
Trustworthy AI Development: Mechanisms for 
Supporting Verifiable Claims. ArXiv, abs/2004.07213.  

Busuioc, M. (2021). Accountable Artificial Intelligence: 
Holding Algorithms to Account. Public Adm. Rev., 
81(5), 825-836.  

Busuioc, M., Curtin, D., & Almada, M. (2022). Reclaiming 
transparency: contesting the logics of secrecy within the 
AI Act. ELO, 2(1), 79-105.  

Byrne, Z. S., Pitts, V. E., Wilson, C. M., et al. (2012). 
Trusting the fair supervisor: the role of supervisory 
support in performance appraisals. Hum. Resour. 
Manag. J., 22(2), 129-147.  

Cheung, G. W., & Rensvold, R. B. (2002). Evaluating 
Goodness-of-Fit Indexes for Testing Measurement 
Invariance. Struct. Equ. Model., 9(2), 233-255.  

Choi, E., Johnson, D. A., Moon, K., et al. (2018). Effects of 
Positive and Negative Feedback Sequence on Work 
Performance and Emotional Responses. J. Organ. 
Behav. Manage., 38(2-3), 97-115.  

Claes, R., Beheydt, C., & Lemmens, B. (2005). 
Unidimensionality of Abbreviated Proactive 
Personality Scales across Cultures. Appl. Psychol., 54.  

Crant, J. M. (2000). Proactive Behavior in Organizations. J. 
Manag., 26(3), 435-462.  

Du, G., Lins, S., Blohm, I., et al. (2024). My Fault, Not AI's 
Fault. Self-serving Bias Impacts Employees' 
Attribution of AI Accountability. ICIS 2024 
Proceedings, Bangkok, Thailand. 

Flynn, L. R., & Goldsmith, R. E. (1999). A Short, Reliable 
Measure of Subjective Knowledge. J. Bus. Res., 46(1).  

Fornell, C., & Larcker, D. F. (1981). Evaluating Structural 
Equation Models with Unobservable Variables and 
Measurement Error. J. Mark. Res., 18(1), 39-50.  

Gabriel, A. S., Frantz, N. B., Levy, P. E., et al. (2014). The 
supervisor feedback environment is empowering, but 
not all the time: Feedback orientation as a critical 
moderator. J. Occup. Organ. Psychol., 87(3), 487-506.  

Grant, A. M., & Ashford, S. J. (2008). The dynamics of 
proactivity at work. Res. Organ. Behav., 28, 3-34.  

Henseler, J., Ringle, C. M., & Sarstedt, M. (2015). A new 
criterion for assessing discriminant validity in variance-
based structural equation modeling. J. Acad. Mark. Sci., 
43(1), 115-135.  

Hutcheson, G. D., & Sofroniou, N. (1999). The multivariate 
social scientist: Introductory statistics using 
generalized linear models. Sage Publications.  

Kline, R. B. (2023). Principles and practice of structural 
equation modeling. The Guilford Press.  

Knowles, B., & Richards, J. T. (2021). The Sanction of 
Authority: Promoting Public Trust in AI Proceedings of 
the 2021 ACM FAccT, Virtual Event, Canada.  

MacKinnon, D. P., M., L. C., & and Williams, J. (2004). 
Confidence Limits for the Indirect Effect: Distribution 
of the Product and Resampling Methods. Multivar. 
Behav. Res., 39(1), 99-128.  

Madjar, N., Oldham, G. R., & Pratt, M. G. (2002). There's 
No Place like Home? The Contributions of Work and 
Nonwork Creativity Support to Employees' Creative 
Performance. AMJ, 45(4), 757-767.  

Mitchell, M., Wu, S., Zaldivar, A., et al. (2019). Model 
Cards for Model Reporting Proceedings of the 2019 
ACM FAccT, Atlanta, USA.  

Morgeson, F. P., & Humphrey, S. E. (2006). The Work 
Design Questionnaire (WDQ): Developing and 
validating a comprehensive measure for assessing job 
design and the nature of work. J. Appl. Psychol., 91(6).  

Morrison, E. W., & Phelps, C. C. (1999). Taking Charge At 
Work: Extrarole Efforts to Initiate Workplace Change. 
AMJ, 42(4), 403-419.  

Nguyen, L. H., Lins, S., Renner, M., et al. (2024). 
Unraveling the Nuances of AI Accountability: A 
Synthesis of Dimensions Across Disciplines. ECIS 
2024 Proceedings, Paphos, Cyprus. 

Page 798



Novelli, C., Taddeo, M., & Floridi, L. (2023). 
Accountability in Artificial Intelligence: What it is and 
how it works. AI Soc., 1-12.  

Nunnally, J. C. (1978). Psychometric Theory (2nd ed.). New 
York: McGraw-Hill.  

Parker, S. K. (1998). Enhancing role breadth self-efficacy: 
The roles of job enrichment and other organizational 
interventions. J. Appl. Psychol., 83(6), 835-852.  

Parker, S. K., Bindl, U. K., & Strauss, K. (2010). Making 
Things Happen: A Model of Proactive Motivation. J. 
Manag., 36(4), 827-856.  

Parker, S. K., Wall, T. D., & Jackson, P. R. (1997). “That's 
not My Job”: Developing Flexible Employee Work 
Orientations. AMJ, 40(4), 899-929.  

Parker, S. K., Williams, H. M., & Turner, N. (2006). 
Modeling the antecedents of proactive behavior at 
work. J. Appl. Psychol., 91(3), 636-652.  

Podsakoff, P. M., Podsakoff, N. P., Williams, L. J., et al. 
(2024). Common Method Bias: It’s Bad, It’s Complex, 
It’s Widespread, and It’s Not Easy to Fix. Annu. Rev. 
Organ. Psychol. Organ. Behav., 11(1), 17-61.  

Rai, A., Constantinides, P., & Sarker, S. (2019). Next 
generation digital platforms: toward human-AI hybrids. 
MISQ, 43(1), iii-ix.  

Rakova, B., Yang, J., Cramer, H., et al. (2021). Where 
Responsible AI meets Reality: Practitioner Perspectives 
on Enablers for Shifting Organizational Practices. Proc. 
ACM Hum. Comput. Interact., 5(CSCW1), 1-23.  

Russell, J. A. (2003). Core affect and the psychological 
construction of emotion. Psychol. Rev., 110(1), 145-
172.  

Ryan, R. M., & Deci, E. L. (2000). Intrinsic and Extrinsic 
Motivations: Classic Definitions and New Directions. 
Contemp. Educ. Psychol., 25(1), 54-67.  

Sanderson, C., Douglas, D., Lu, Q., et al. (2023). AI Ethics 
Principles in Practice: Perspectives of Designers and 
Developers. IEEE-TTS, 4(2), 171-187.  

Schepman, A., & Rodway, P. (2020). Initial validation of the 
general attitudes towards Artificial Intelligence Scale. 
Comput. Hum. Behav. Rep., 1, 100014.  

Schmidt, J.-H., Bartsch, S. C., Adam, M., et al. (2025). 
Elevating Developers’ Accountability Awareness in AI 
Systems Development. BISE, 67.  

Seo, M.-G., Barrett, L. F., & Bartunek, J. M. (2004). The 
Role of Affective Experience in Work Motivation. 
AMR, 29(3), 423-439.  

Su, W., Yuan, S., & Qi, Q. (2021). Different Effects of 
Supervisor Positive and Negative Feedback on 
Subordinate In-Role and Extra-Role Performance: The 
Moderating Role of Regulatory Focus. Front. Psychol.  

Warr, P. (1990). The measurement of well-being and other 
aspects of mental health. J. Occup. Psychol., 63(3), 193-
210.  

Wieringa, M. (2020). What to account for when accounting 
for algorithms: a systematic literature review on 
algorithmic accountability. Proceedings of the 2020 
ACM FAccT, Barcelona, Spain. 

Wu, C.-H., & Parker, S. K. (2017). The Role of Leader 
Support in Facilitating Proactive Work Behavior: A 
Perspective From Attachment Theory. J. Manag., 
43(4), 1025-1049.  

Wu, S., Zhang, Y., Yang, H., et al. (2024). The double-edged 
sword: investigating when and why supervisor negative 
feedback promotes versus inhibits employee 
performance. J. Manag. Psychol., 39(4), 452-468.  

Xu, F., Hsu, C., Wang, T., et al. (2024). The antecedents of 
employees' proactive information security behaviour: 
The perspective of proactive motivation. ISJ, 34(4), 
1144-1174.  

Appendix: measurement instruments 

PAIAB (Xu et al., 2024) 
I would proactively change the way AI development tasks are performed 
to enhance AI accountability (e.g., improving how model decisions are 
documented). 
I would take the initiative to implement new work methods that improve 
AI accountability, such as introducing transparent decision-making tools 
(e.g., logging mechanisms). 
I would proactively suggest improvements to procedures that support AI 
accountability (e.g., revising documentation standards). 
I would take action to correct development practices that could hinder 
AI accountability, even if my supervisor does not ask me to (e.g., not ne-
glecting documentation anymore). 
Even if it's not required, I would voluntarily eliminate redundant steps 
that hinder AI accountability (e.g., cutting vague documentation). 
AI development RBSE (Parker et al., 2006): I would feel capable of... 
Presenting new AI development methods or tools to colleagues (e.g., 
useful software). 
Helping to set goals to make AI development faster or better (e.g., im-
proving code quality). 
Designing better ways to manage the AI development workflow (e.g., 
organizing tests, improving code checks). 
Talking with people outside my team about AI development problems or 
connections (e.g., infrastructure team). 
Analyzing complex AI development problems to find solutions (e.g., ex-
ploring new tools). 
Representing my team in front of leaders about AI development plans 
(e.g., discussing future directions). 
Suggesting ways for different teams to work together better on AI devel-
opment (e.g., improving teamwork). 
Flexible AI development role orientation (Parker et al., 2006) 
If some colleagues were not contributing effectively to AI development 
(e.g., low code quality), I would feel it's my responsibility to help im-
prove the situation. 
A high rate of bugs or performance issues in the team's AI work is a 
problem I feel personally responsible for. 
I feel a responsibility to contribute ideas for improving the overall qual-
ity of our team's AI systems beyond my specific tasks. 
I feel a personal sense of responsibility when our team consistently fails 
to meet its AI development goals or deadlines. 
Identifying and raising potential technical risks in our team's AI projects 
is something I see as part of my responsibility. 
When users are dissatisfied with our team's AI features, I feel a personal 
responsibility to understand and help address the issues. 
Affect (Warr, 1990): How do you feel on a typical working day? 
Positive: Excited, Joyful, Inspired 
Negative: Unmotivated, Miserable, Discouraged 
Controls 
Job autonomy (Morgeson & Humphrey, 2006): My job gives me a 
chance to use my personal initiative or judgment in carrying out the 
work.; My job allows me to make a lot of decisions on my own.; My job 
provides me with significant autonomy in making decisions. 
Proactive personality (Claes et al., 2005): I am constantly on the look-
out for new ways to improve my life.; If I see something I don’t like, I 
fix it.; No matter what the odds, if I believe in something I will make it 
happen.; I excel at identifying opportunities; I am always looking for 
better ways to do things. 
AI knowledge (Flynn & Goldsmith, 1999): Among my friends, I am 
one of the “experts” on AI.; I feel very knowledgeable about AI.; Com-
pared to most other people, I know much about AI.; I know pretty much 
about AI. 
AI involvement (Schepman & Rodway, 2020): I have a strong interest 
in AI.; For me, AI matters a lot.; AI is very important to me. 
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