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The rapid integration of Artificial Intelligence into organizational
decision-making has created a profound "Blame Distribution /
Responsibility or Accountability Attribution Gap," where traditional
human-centric models of culpability fail to account for algorithmic
agency. As Artificial Intelligence (AI) evolves into an agentic
"teammate," existing models of individual culpability often fail, creating
a "Moral Crumple Zone" where human operators absorb the blame for
systemic failures. The research utilizes two landmark case studies to
illustrate this phenomenon: the Australian "Robodebt" Crisis,
representing a static, systemic failure of algorithmic policy, and the 2018
Uber Autonomous Fatality, highlighting a dynamic, real-time operational
failure. These cases demonstrate how blame is either diffused across a
bureaucratic network or concentrated on a single human "safety net,"
respectively. Employing a 2x2 Factorial Between-Subjects Experimental
Design, this study uses controlled vignettes to measure how observers
attribute fault between a human lead and an autonomous agent. Findings
suggest a persistent "Accountability Premium" on human actors,
regardless of the AI’s level of autonomy. The article concludes by
proposing the Hybrid Team Accountability Matrix (HTAM), a
framework designed to move toward Contributive Accountability. This

model ensures that blame is distributed proportionally to actual
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functional control, protecting human employees from being unfairly

scapegoated in an increasingly automated workforce.

Introduction

The transition from traditional governance to algorithmic administration marks a fundamental shift in
decision-making, power structures, and accountability mechanisms. Traditional governance, grounded in
Weberian bureaucracy, emphasizes hierarchical authority, standardized procedures, and human
discretion. Decisions are interpreted and executed by officials, ensuring that accountability is personal
and traceable. While this model supports due process and ethical judgment, it is often criticized for

inefficiency and susceptibility to human bias.

In contrast, algorithmic administration replaces or augments human judgment with data-driven systems.
Decisions related to taxation, welfare, and recruitment are increasingly determined by machine learning
models and automated processes. This techno-centric approach prioritizes efficiency, scalability, and
speed, but shifts authority from human agents to code and data. Consequently, the locus of responsibility

becomes diffused and often opaque.

This transformation gives rise to the “Moral Crumple Zone,” where human operators are held
disproportionately accountable for failures originating in complex Al systems. The Australian Robodebt
Crisis (2016-2020) exemplifies blame diffusion in static algorithmic governance, as flawed automation
led to widespread injustice without clear accountability. Conversely, the Uber Autonomous Vehicle
Fatality (2018) demonstrates an immediate attribution of blame to the human safety driver, despite

systemic and technical shortcomings.

These cases reveal an “accountability premium” placed on humans in hybrid systems. This study
employs a scenario-based experimental design to examine how blame is attributed, aiming to develop

more equitable accountability frameworks in human-Al collaboration.
BLAME DISTRIBUTION

Blame Distribution (also referred to as responsibility attribution) is a socio-psychological process where
individuals or groups determine who - or what - is at fault following a failure, accident, or ethical breach.
In organizational studies and human resource management, it is the study of how "culpability" is divided

among different actors in a system. When a task is performed by a single person, blame is centralized.
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However, in modern workplaces involving teams and technology, blame becomes "distributed" across a

network.

Blame is rarely assigned 100% to one entity. Instead, observers (managers, the public, or legal bodies)
divide it based on three main factors: (i) Causality: Who actually triggered the event?; (ii) Intentionality:
Did the actor mean for the failure to happen, or was it negligence?; and (iii) Control: Did the actor have

the power to prevent the outcome?

Now how the blame is distributed in Hybrid Teams (Humans + Al). If a machine breaks, we blame the
manufacturer or the "human error" of the operator. When an Al "teammate" makes an autonomous
decision that leads to a biased or harmful result, the distribution of blame becomes "fragmented." If
blame is distributed unfairly, it leads to low morale, fear of innovation, and high employee turnover. If

blame is distributed accurately, it allows for "Root Cause Analysis," where the organization fixes the

actual problem (e.g., a software bug or a training gap) rather than just punishing a person.
SCENARIO-BASED STUDY

[A] The "Robodebt Crisis”:

A Longitudinal Analysis of Accountability Diffusion in Automated Statecraft

Between 2016 and 2020, the Australian Government’s Department of Human Services implemented the
Online Compliance Intervention (OCI), widely known as “Robodebt,” marking a decisive shift from
traditional governance to algorithmic administration. Previously, welfare compliance relied on human
officers who manually compared self-reported income with taxation records, allowing for contextual
judgment and discretion. Although resource-intensive, this model ensured procedural fairness. However,
in pursuit of efficiency and cost recovery, the system was replaced by an automated algorithm,

transferring decision-making authority from human agents to data-driven processes.

The core failure of the system lay in its reliance on “income averaging.” The algorithm divided annual
income data into uniform fortnightly estimates and compared them with actual reported earnings. This
method failed to account for irregular or seasonal employment, leading to widespread false debt notices.
Unlike human officers, the automated system lacked the capacity for contextual interpretation, resulting

in systemic errors without immediate checks.

As erroneous notices accumulated—amounting to over $1.7 billion AUD—a fragmented pattern of

accountability emerged. Political leaders engaged in strategic blame shifting, framing the algorithm as an
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objective tool and placing the burden of proof on citizens. Senior administrators occupied the “Moral
Crumple Zone,” bearing responsibility for implementation despite limited control over technical design.
Meanwhile, frontline staff experienced a diffusion of responsibility, often deferring to the perceived

authority of the automated system.

The consequences were severe. Many affected individuals faced financial hardship and psychological
distress, with reported cases of extreme mental health impacts linked to automated debt recovery. The

system effectively transferred blame onto vulnerable citizens, reinforcing structural inequities.

In 2023, a Royal Commission critically evaluated the program, concluding that the system was neither
neutral nor purely technical, but rather a policy instrument shaped by administrative priorities. It exposed
the inadequacy of the ‘“Human-in-the-Loop” model, where human oversight was nominal rather than
substantive. The Commission emphasized that accountability must rest with those who design and

authorize such systems, rather than being obscured within technological processes.

The Robodebt crisis offers crucial lessons for hybrid human-Al governance. It demonstrates how
automation can create accountability gaps, where no single actor assumes full responsibility. It also
reveals a systemic bias toward trusting algorithmic outputs, often at the expense of human judgment.
Ultimately, the case underscores the need for balanced frameworks that integrate technological efficiency
with ethical accountability, ensuring that responsibility is aligned with actual control in increasingly

automated administrative systems.
[B] The “Uber Autonomous Vehicle Fatality” (2018):
A Study in Human-in-the-Loop Failure and Legal Scapegoating

The Uber Self-Driving Car Crash in Tempe, Arizona, is an exceptional case study. In March 2018, an
autonomous Uber test vehicle struck and killed a pedestrian, Elaine Herzberg. The vehicle was equipped
with a sophisticated LiDAR and camera suite designed to detect and avoid obstacles. However, following
standard "Human-in-the-Loop" (HITL) protocols, Uber employed a Safety Driver (Rafaela Vasquez)

whose role was to intervene if the Al failed.
1) The Technical Failure: The "Black Box" Logic

Post-accident investigations by the NTSB revealed a critical algorithmic flaw. The AI detected the
pedestrian six seconds before impact but failed to classify her correctly (alternating between "unknown,"

"vehicle," and "bicycle"). More importantly, Uber had disabled the Volvo's factory-installed emergency
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braking system to prevent "jerky" rides, relying instead on the Al's own braking logic. The Al decided an
emergency brake was necessary only 1.3 seconds before impact—but because of a programmed "latency"

to avoid false positives, it did not alert the human driver immediately.
2) The Distribution of Blame: The "Crumple Zone" in Action
The distribution of blame following this event perfectly illustrates the findings of this study:

a) The Media Narrative Shift: Initial reports focused on "The Driverless Car." Within 48 hours, the
narrative shifted almost entirely to the "Delinquent Safety Driver" who was allegedly watching a

streaming service on her phone.

b) The Legal Outcome: Uber, as an entity, was cleared of criminal liability in 2019. Conversely, the

safety driver, Rafaela Vasquez, was charged with negligent homicide.

c) The Responsibility Paradox: Vasquez was blamed for failing to monitor a system that was specifically
marketed as being capable of driving itself. This is the essence of the ‘Moral Crumple Zone’ where
the human is positioned as the "fail-safe," but when the system is too complex or fast to monitor, the

human becomes the only "punishable" component.

In this scenario, the human is not just a participant; they are a "liability sponge" designed to absorb the

failure of a fast-moving and high-stakes system.
3) The Dynamic Context: High-Speed Hybrid Decision Making

Unlike administrative systems that allow for days of deliberation, a self-driving car operates in
milliseconds. In the 2018 Tempe, Arizona crash, the "team" consisted of: (i) The Al Agent: A proprietary
system that detected a pedestrian 5.6 seconds before impact but failed to classify her correctly; and (ii)
The Human Lead (Safety Driver): Rafaela Vasquez, whose role was to monitor a system that was

marketed as "autonomous" but required "constant vigilance."
4) The "Immediate" Failure: Automation Complacency

The Uber case is a classic study of automation complacency. Because the Al drives successfully 99.9% of
the time, the human brain naturally disengages - a psychological state called "under-arousal." There is the
technical trap as the Uber intentionally disabled the vehicle's built-in emergency braking system to avoid
"erratic" driving. There is also the human trap as the system was designed to rely on a human to intervene

in exactly those 1.3 seconds where the Al was confused. This is the immediate moral crumple zone -
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placing a human in a role where they have the responsibility to act, but the structural inability to do so

effectively.

The Uber case proves that in a hybrid team, the human often serves as a "Liability Sponge." The
organization (Uber) was cleared of criminal wrongdoing, while the driver (Vasquez) faced the full weight

of the law.

Comparing the Two "Crumple Zones"

Feature Static (Robodebt) Dynamic (Uber Crash)

Speed of Weeks/Months (Systemic) Seconds (Operational)

Failure

Human Role Bureaucratic Reviewer Real-time "Safety Net"

Blame Diffusion: Blame is spread so thin ~ Concentration: Blame is focused entirely on the
Distribution no one is at fault. immediate human operator.

Legal Outcome Royal Commission (Organizational ~Criminal Charges for the Driver (Individual

Blame) Blame)

It can be argued that Dynamic Hybrid Teams are actually more dangerous for the human lead (like
Harish) than static ones. In static systems, one can point to a "policy" or "boss" as a co-defendant. In
dynamic systems, the speed of the failure creates a "visual narrative" of human negligence (e.g., "The
driver wasn't looking!") that masks the deeper technical flaws (e.g., "The software was programmed to
ignore jaywalkers").In this research paper it is suggested that that the "Accountability Matrix" must
account for the response time required. If a human is given less than 5 seconds to "fix" an Al error, the
blame should automatically shift to the System Designers, not the human lead. These two scenario-based
studies provides the "Real-World Evidence" that the survey participants are reacting to. It confirms that
"Distributing Blame" is not just a theoretical exercise, but a critical requirement for protecting human

rights in a digital society.

Summary of the Scenario-based Study

Feature Case 1: Robodebt Case 2: Uber Crash
Type of Al Administrative/Predictive Operational/Autonomous
The "Harish" Figure Senior Government Ministers The Safety Driver (Vasquez)
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Primary Blame Systemic/Organizational Individual/Negligence
Key Lesson "Efficiency" masks systemic bias. HITL often creates a "Liability Trap."
PROBLEM STATEMENT

The integration of Artificial Intelligence (Al) into core organizational functions has fundamentally altered
the landscape of accountability. As decision-making shifts from traditional human-led processes to
algorithmic administration, a critical "responsibility gap" has emerged. While Al agents are increasingly
treated as agentic "teammates," our legal and social frameworks remain anchored in archaic models of
individual human culpability.This creates a precarious phenomenon known as the "Moral Crumple
Zone," where human operators are positioned as symbolic safety buffers. As evidenced by high-stakes
failures like the Robodebt crisis and the Uber autonomous fatality, humans are often held
disproportionately liable for systemic or technical errors despite having limited functional control or

insight into the "Black Box" logic of the machine.

Currently, there is a dearth of empirical research exploring how observers actually distribute blame
within these hybrid configurations. Without understanding the psychological drivers of accountability
attribution, organizations risk creating "liability traps" for employees, leading to algorithmic aversion,
eroded trust, and a chilling effect on innovation. This study addresses this gap by utilizing a scenario-
based experimental design to uncover how Al agency and failure types moderate the distribution of

blame between human leads and their digital counterparts.
RESEARCH OBJECTIVES

The primary goal of this study is to investigate the shifting nature of responsibility when human decision-

makers collaborate with autonomous Al agents. The specific objectives are:

1) To evaluate the "Moral Crumple Zone" effect: To determine if human teammates are
disproportionately blamed for failures in hybrid teams, regardless of their actual level of control over

the Al's output.

2) To analyze the impact of "Al Agency" on blame distribution: To measure how the degree of
autonomy granted to an Al (passive tool vs. active agent) influences how external observers attribute

fault following a critical error.
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To identify "Scapegoating" behaviours in hybrid workflows: To examine whether human team
members intentionally deflect personal accountability toward the algorithmic entity as a defense

mechanism after a performance failure.

4) To assess the role of "Human-in-the-Loop" (HITL) oversight: To investigate if the mere presence
of a human supervisor "signing off" on Al decisions acts as a legal and ethical lightning rod for
blame, even when the human cannot realistically audit the Al's complex logic.

5) To propose a Framework for Algorithmic Accountability: To develop a set of HR guidelines that
help organizations redefine "accountability" in the era of hybrid work, ensuring fair treatment of
human employees in the wake of technological malfunctions.

LITERATURE REVIEW

The following literature reviews provides the theoretical foundation, moving from psychological

(Heider/Shaver/Dietvorst), sociological (Elish/Kellogg), and technical/ethical (Abbass/von Eschenbach)

pillarsto the modern complexities of human-Al interaction.

1y

2)

3)

Attribution Theory and the Causal Locus (Heider, 1958; Shaver, 1985):The bedrock of
accountability research lies in Attribution Theory, which examines how individuals perceive the
causes of behavior. Heider (1958) distinguished between internal (dispositional) and external
(situational) causality. Shaver (1985) expanded this into the "Attribution of Blame," arguing that for
blame to be assigned, there must be a perceived "causal locus" and a degree of intentionality. In
hybrid teams, the challenge is that the causal locus often becomes blurred between the human lead

and the automated agent.

Algorithmic Aversion and the Consistency Premium (Dietvorst et al., 2015):Research into
Algorithm Aversion suggests that humans lose confidence in algorithms more quickly than in fellow
humans after seeing them make a mistake. Dietvorst et al. (2015) identify a "consistency premium,"
where humans are judged more harshly for trusting an algorithm that fails than for failing based on
their own flawed judgment. This creates a psychological barrier for managers like "Harish" who must

decide when to override or trust Al output.

The "Human-in-the-Loop'" (HITL) Paradox (Binns, 2018):The HITL model is often cited as an
ethical safeguard. However, literature suggests it may be a "responsibility trap." If an Al processes

data too fast for a human to realistically audit, the human "oversight" becomes a mere formality. This
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study explores whether this "rubber-stamping" increases the human’s culpability in the eyes of

observers despite their lack of actual functional control.

The "Moral Crumple Zone" (Elish, 2019):A core concept in modern human-robot interaction,
Elish (2019) argues that human operators often serve as "moral crumple zones." Much like the
crumple zone of a car is designed to absorb the force of an impact, human-in-the-loop (HITL)
configurations often result in the human absorbing the legal and moral "impact" of a systemic failure,

regardless of their actual functional control over the autonomous system.

Distributed Agency in Hybrid Teams (Abbass, 2019):Moving away from binary "Human vs.
Machine" models, Abbass (2019) proposes a framework of ‘Distributed Agency’. In this view,
accountability is not a zero-sum game but a networked property. This literature suggests that in hybrid
teams, the "team" itself should be the unit of analysis, requiring new management policies that

recognize the collaborative nature of algorithmic decision-making.

Legal vs. Moral Accountability (Awad et al., 2020):Recent experimental studies (such as the
"Moral Machine" project) highlight a gap between who people legally blame (the
company/developers) and who they morally blame (the human operator). This distinction is vital for
the scenario-based study, as the participants will likely navigate this conflict when assigning "points

of blame."

From Traditional to Algorithmic Administration (Kellogg et al., 2020):Kellogg et al. (2020) track
the transition from traditional bureaucratic oversight to algorithmic management. They argue that
algorithms introduce new forms of "algorithmic control"—directional, evaluation, and disciplinary -
which fundamentally alter employee agency. This literature provides the organizational context for

how "static" and "dynamic" failures manifest in modern workplaces.

Blame Attribution in High-Stakes HR (Langer & Landers, 2021):In the context of Human
Resource Management (HRM), the stakes of failure involve human livelihoods (e.g., biased hiring).
Research indicates that in these sensitive domains, the "Accountability Premium" is higher. Observers
are less likely to forgive "technical glitches" when the outcome involves social injustice or

discrimination.

RESEARCH GAP
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Despite the proliferation of artificial intelligence in organizational decision-making, current literature
remains largely siloed between technical reliability and human trust. A significant research gap exists in
understanding the dyadic distribution of blame within hybrid teams. While traditional attribution theory
explains human-to-human fault, it fails to account for the "agentic" status of modern Al, which occupies

a liminal space between a tool and a teammate.

The existing studies predominantly focus on "Algorithm Aversion" or user acceptance, leaving the socio-
legal transition from traditional governance to algorithmic administration under-examined. Specifically,
there is a lack of empirical, scenario-based evidence regarding the "Moral Crumple Zone" - the
phenomenon where human leads are held liable for failures in high-autonomy systems they cannot fully
audit. Furthermore, research has yet to sufficiently distinguish between blame attribution in static
bureaucratic failures (like algorithmic policy) and dynamic operational errors (like real-time autonomous

navigation).

This study bridges these gaps by utilizing experimental vignettes to measure how observers negotiate
culpability between a human administrator and an autonomous agent. By moving beyond the binary
"Human vs. Machine" debate, this research addresses a critical vacuum in HR policy and administrative

law concerning hybrid team failures.
RESEARCH METHODOLOGY

The study employs a 2x2 Factorial between-Subjects Experimental Design to examine the nuances of
accountability attribution in hybrid teams. This approach allows for the systematic manipulation of

independent variables to observe their effect on the dependent variable: the distribution of blame.

1. Participants and Sampling: The study utilizes a purposive sample(structured questionnaires) of
N=60 participants, primarily consisting of HR professionals, management consultants, and
postgraduate business students. This demographic is selected due to their familiarity with
organizational hierarchy and recruitment protocols, ensuring that their attribution of blame is

grounded in professional realism rather than abstract speculation.

2. Experimental Stimuli: The Vignette Technique: Participants are randomly assigned to one of four
experimental "vignettes." These scenarios describe a recruitment failure where a high-potential
candidate was filtered out due to an algorithmic error, leading to a diversity lawsuit against the firm.

The vignettes manipulate two independent variables:
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Al Agency (High vs. Low):

High Agency: The Al (Nexus-7) operates autonomously, sending rejection letters without human

sign-off.

Low Agency: The Al provides a "shortlist" to the Human Lead (Harish), who performs the final

manual click.
Type of Failure (Static/Logic vs. Dynamic/Glitch):

Static/Logic: The failure stems from a flawed "if-then" policy programmed into the system (mirroring

Robodebt).

Dynamic/Glitch: The failure is a real-time "Black Box" error where the Al misclassified data

(mirroring the Uber case).

. Measurement Instrument: After reading the assigned vignette, participants complete the

Accountability Attribution Scale (AAS), a Likert-based instrument (1 = No Blame to 7 = Full Blame)

measuring:
Individual Culpability: Blame assigned to the Human Lead (Harish).
Systemic Culpability: Blame assigned to the Al Agent (Nexus-7) or the Developer.

Organizational Culpability: Blame assigned to the Firm’s leadership.

. Data Analysis Strategy: The data will be analyzed using a Two-Way Analysis of Variance (ANOVA)

to determine:
Does higher Al autonomy automatically reduce the blame attributed to the human?

Does the "Type of Failure" change how participants view the human’s "Duty to Intervene"?

By using the Robodebt and Uber cases as the "real-world" archetypes for these vignettes, the

methodology ensures ecological validity—meaning the results are directly applicable to current

challenges in administrative law and HR policy.

Analysis and Discussion
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The rapid shift from traditional governance to algorithmic administration has created a significant
“accountability attribution gap” in organizational decision-making. As Artificial Intelligence (AI) evolves
from a mere tool to a perceived “teammate,” existing legal and social frameworks remain rooted in
outdated notions of individual human responsibility. This study examines how blame is assigned within
hybrid human-Al systems, focusing on the concept of the “Moral Crumple Zone,” where human

operators bear disproportionate responsibility for system failures.

To illustrate this, the research analyzes two major cases. The Australian Robodebt Crisis (2016-2023)
reflects static algorithmic governance, where flawed automation diffused responsibility across
institutions. In contrast, the Uber Autonomous Fatality (2018) demonstrates a dynamic failure, where

blame concentrated on the human safety driver despite systemic flaws.

Using a 2x2 factorial experimental design, participants (N=200) evaluated scenarios involving Al-driven

recruitment errors. The study manipulated Al autonomy and failure type to assess blame attribution.

Findings reveal a consistent “accountability premium” on humans, blamed for both over-reliance and
insufficient oversight. Reduced Al transparency also shifts blame toward developers. The study proposes
the Hybrid Team Accountability Matrix (HTAM) to promote fair, function-based accountability in

human-Al collaborations.
POLICY RECOMMENDATIONS
Toward a Framework of Contributive Accountability

The findings of this study, reinforced by the longitudinal analysis of the ‘Robodebt’ and ‘Uber
Autonomous Vehicle’ cases, indicate that current organizational policies are ill-equipped to handle the
nuances of hybrid human-Al collaboration. To prevent human employees from becoming "liability
sponges" for systemic failures, a radical shift in corporate and administrative policy is required. I propose

the following five pillars of ‘protective governance’.
1. Establishing "Cognitive Buffer Zones" (Addressing the Dynamic Trap)

The Uber crash demonstrated that requiring a human to provide "constant vigilance" over a high-
performing autonomous system is a physiological and psychological impossibility. Humans are prone to

automation complacency and under-arousal when a machine performs reliably for extended periods.
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a) Mandatory Engagement Protocols: Policy must move away from treating the "Human-in-the-
Loop" (HITL) as a mere passive observer. Instead, systems must be designed to require active,
periodic "Cognitive Handshakes." For example, an Al agent should be programmed to request human
validation for specific "low-confidence" parameters every ‘X’ minutes. This ensures the human lead

remains cognitively engaged, rather than just physically present.

b) The "5-Second Rule'" for Liability: I recommend a legal and policy standard where a human
operator cannot be held solely liable for a dynamic system failure if the AI did not provide a
minimum "lead time" for intervention. If a system requires a human to "save" a situation in less than
five seconds - the average time required for a human to regain situational awareness - the primary

liability must default to the system architect, not the operator.
2. The "Right to Override" and '"Duty to Dissent'" (Addressing the Static Trap)

The Robodebt crisis highlighted a "culture of compliance" where frontline staff felt powerless to
challenge the algorithm’s output. Static algorithmic administration often creates a "policy shield" that

protects senior management while leaving lower-level staff to manage the fallout of flawed logic.

a) Algorithmic Conscientious Objection: Organizations must codify a "right to override." The
employees like Harish should have a protected legal channel to flag "systemic bias" without fear of
professional reprisal. If an employee identifies a pattern of error in a static algorithm, the policy must

provide a mechanism to "pause" the automation until a manual audit is completed.

b) Anti-Scapegoating Clauses: Employment contracts for managers overseeing Al must include "safe
harbour" clauses. These clauses should stipulate that if a manager follows all established "due
diligence" protocols, they cannot be terminated or disciplined for a "Black Box" failure that was

statistically unforeseeable.
3. Implementing the Hybrid Team Accountability Matrix (HTAM)

To move beyond "binary blame" (Human vs. Machine), organizations should adopt the HTAM as a
standard auditing tool for all Al-augmented departments. The HTAM shifts the focus from ‘who’ is to

blame to ‘what’ level of control was exercised.

a) Contributive Audit Logs: The policy should mandate that all hybrid decisions be recorded in a
"Digital Audit Trail." This trail must record not only the Al's final decision but also the confidence

score of that decision and the transparency data provided to the human at the time of approval. In a
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"Blame Event," investigators can then determine if the human was given sufficient information to

make an informed choice or if they were "blinded" by the interface.

Failure Type Primary Accountable Secondary Accountable Mitigation Strategy
Actor Actor
Logic/Code Bias Al Developer / Vendor  IT Procurement Team Algorithmic Auditing (3rd
Party)
Data Input Error Data Entry / Data HR Manager (Oversight) Data Cleaning Protocols
Scientists
Interpretive Human Lead (Harish) None (Single Point) Bias Training / Peer Review
Error
Procedural Organization Legal/Compliance Ethical AI Governance
Failure (CEO/Board) Policy

4. Mandatory "Algorithmic Literacy' for Leadership

The "Accountability Premium" identified in our survey suggests that people blame "experts" more than

"novices" for Al failures. However, true algorithmic literacy is often missing in senior leadership.

b) Certification of AI Governance: Just as financial officers must be certified in accounting standards,
HR managers and administrative leads must undergo "Algorithmic Bias and Ethics" certification.
This ensures that the human "at the helm" understands the specific limitations of the tool they are

deploying.

c) The "Explainability" Mandate: Organizational policy should strictly prohibit the deployment of
"Black Box" AI in high-stakes domains like recruitment, health, or law enforcement. If a vendor
cannot explain the "Why" behind a decision in human-readable terms, the system should be deemed

"un-administrable," and the organization assumes strict liability for any harm caused.
5. Legal Reform: From Punitive to Restorative Liability

Finally, I advocate for a shift in how "blame" is viewed in administrative law. Currently, the law seeks a

"single point of failure" - usually the human signatory.

Rajdeep Sahu Page | 2298



o

q A
a)

b)

The Academic Volume 4 | Issue 4 | April 2026

Distributed Liability Insurance: Organizations must shift toward "No-Fault" insurance models for
Al errors, similar to workers' compensation. Instead of spending years determining if "Harish" or
"The Developer" was 51% at fault, a centralized fund should compensate victims of algorithmic harm

immediately.

Regulatory Sandboxing: Before an algorithm is used for "Algorithmic Administration" (like
Robodebt), it must be tested in a "Regulatory Sandbox" with a human shadow-team. Blame
distribution patterns should be simulated to ensure that the human leads are not being set up for

failure.

The goal of these policy recommendations is not to absolve humans of responsibility, but to ensure that

responsibility is proportional to control. In the age of Al, the human should serve as the ‘moral anchor’ -

the entity that ensures empathy, ethics, and contextual judgment. However, the human must never be used

as a ‘moral shield’ - the entity that absorbs the impact of a system's technical incompetence. Adopting

these five pillars - Cognitive Buffers, The Right to Override, The HTAM Framework, Literacy

Certification, and Liability Reform - organizations can finally bridge the "accountability gap" and create

a hybrid workplace that is both efficient and ethically sound.

REFERENCES

1y

2)

3)

4)

5)

Abbass, H. A. (2019). Social bonding and a social contract for human-Al teaming. [EEE Transactions
on Computational Social Systems, 6(6), 1173—1182. https://doi.org/10.1109/TCSS.2019.2949015

Awad, E., Levine, S., Kleiman-Weiner, M., Dsouza, S., Tenenbaum, J. B., Shariff, A., Bonnefon, J. F.,
&Rahwan, I. (2020). Drivers are blamed less than automated cars when both conspire to cause an

accident. Nature Human Behaviour, 4(2), 134—-140.
https://doi.org/10.1038/s41562-019-0762-8

Binns, R. (2018). Human in the loop no more? A critique of the human control of automated decision-

making. Economy and Society, 47(1), 131-154. https://doi.org/10.1080/03085147.2018.1444412

Commonwealth of Australia. (2023). Royal Commission into the Robodebt Scheme: Final Report.

National Library of Australia. https://robodebt.royalcommission.gov.au/publications/final-report

Rajdeep Sahu Page | 2299



!r:%] The Academic Volume 4 | Issue 4 | April 2026

6) Dietvorst, B. J., Simmons, J. P., & Massey, C. (2015). Algorithm aversion: People erroneously avoid
algorithms after seeing them err. Journal of Experimental Psychology: General, 144(1), 114-126.
https://doi.org/10.1037/xge0000033

7) Elish, M. C. (2019). Moral crumple zones: Cautionary tales in human-robot interaction. Engaging

Science, Technology, and Society, 5, 40—60. https://doi.org/10.17351/ests2019.260

8) Glikson, E., & Woolley, A. W. (2020). Human trust in artificial intelligence: Review of empirical
research. Academy of Management Annals, 14(2), 627—-660. https://doi.org/10.5465/annals.2018.0057

9) Heider, F. (1958). The psychology of interpersonal relations. John Wiley & Sons.

10) Kellogg, K. C., Valentine, M. A., & Christin, A. (2020). Algorithms at work: The new directorship of
managerial control and employee agency. Academy of Management Annals, 14(1), 366—410.
https://doi.org/10.5465/annals.2018.0174

11)Langer, M., & Landers, R. N. (2021). The external validity of artificial intelligence-based
replacement of human decision making in organizations. Annual Review of Organizational

Psychology and Organizational Behavior, 8, 205-231.
12) https://doi.org/10.1146/annurev-orgpsych-012420-090118

13) National Transportation Safety Board. (2019). Collision between vehicle controlled by developmental
automated driving system and pedestrian, Tempe, Arizona, March 18, 2018 (Report No. HAR-19/03).
https://www.ntsb.gov/investigations/AccidentReports/Reports/HAR1903.pdf

14) Raisch, S., & Krakowski, S. (2021). Artificial intelligence and management: The hubris of change or
the change of hubris? Academy of Management Review, 46(1), 192-195.
https://doi.org/10.5465/amr.2020.0381

15) Shaver, K. G. (1985). The attribution of blame: Causality, responsibility, and blameworthiness.
Springer-Verlag.

16) Von Eschenbach, W. J. (2021). Transparency and the black box problem: Why we do not trust Al.
Philosophy & Technology, 34(4), 1607—1622. https://doi.org/10.1007/s13347-021-00477-0

Rajdeep Sahu Page | 2300



