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Abstract

AI is transforming the healthcare domain and is increas-
ingly helping practitioners to make health-related decisions.
Therefore, accountability becomes a crucial concern for crit-
ical AI-driven decisions. Although regulatory bodies, such
as the EU Commission, provide guidelines, they are high-
level and focus on the “what” that should be done and less
on the “how”, creating a knowledge gap for actors. Through
an extensive analysis, we found that the term accountability is
perceived and dealt with in many different ways, depending
on the actor’s expertise and domain of work. With increas-
ing concerns about AI accountability issues and the ambigu-
ity around this term, this paper bridges the gap between the
“what” and “how” of AI accountability, specifically for AI
systems in healthcare. We do this by analysing the concept
of accountability, formulating an accountability framework,
and providing a three-tier structure for handling various ac-
countability mechanisms. Our accountability framework po-
sitions the regulations of healthcare AI systems and the mech-
anisms adopted by the actors under a consistent accountabil-
ity regime. Moreover, the three-tier structure guides the ac-
tors of the healthcare AI system to categorise the mechanisms
based on their conduct. Through our framework, we advocate
that decision-making in healthcare AI holds shared depen-
dencies, where accountability should be dealt with jointly and
should foster collaborations. We highlight the role of explain-
ability in instigating communication and information sharing
between the actors to further facilitate the collaborative pro-
cess.

1 Introduction
In critical AI systems, the accountability of AI-assisted de-
cisions is a big concern. The contribution of AI is growing
in many fields, given its ability to find correlations from data
and make accurate predictions. In the healthcare industry, a
critical application area, AI can assist in early disease pre-
diction and aid diagnosis and treatment plans (Jiang et al.
2017). However, since healthcare decisions correspond to an
individual’s health, the accountability of such decisions is of
the utmost importance. Moreover, when these decisions are
made with AI agents, the decision-making process is influ-
enced, and the concerns of accountability become even more
complex and ambiguous.
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The concerns of AI involved system accountability are
even more evident when compared with the conventional
healthcare system. In a traditional healthcare system, the
decision-making power is held by the healthcare providers,
where patients depend on them to receive the needed treat-
ment and care. For such a system, the accountability mech-
anisms are well-established and mature (Shortt and Mac-
donald 2002; WHO). In such a setting, there are multiple
levels of authority-holding organisations ( WHO), and pub-
lic health ministries (Government of the Netherlands 2024)
to ensure the rights of the patients. However, as AI agents
are involved in this decision-making process, the nature of
accountability becomes more complicated (Habli, Lawton,
and Porter 2020) due to the limited transparency of complex
models and the uncertainties involved around it. This evolv-
ing nature of AI systems in healthcare can alter the benefits
and risks of the decision-making process. Because of this,
there is a need to understand how this system is evolving,
what accountability in such a system would look like, the
possible challenges involved, and approaches to solve them.

Many regulatory bodies have provided their recommen-
dations and guidelines to address this accountability aspect.
Regulations, such as the HIPAA and EU GDPR ( ASPE; Eu-
ropean Commission 2016), provide standards for data pro-
tection and privacy. The Ethics guidelines for Trustworthy
AI and the AI Act (European Commission 2019, 2024b) pro-
vide guidelines and directives for making the AI trustworthy
and accountable against the AI decisions. These recommen-
dations have also been supported by various AI and global
health communities ( USACM; team: Health Ethics & Gov-
ernance WHO-HEG).

Often, such regulatory perspectives and guidelines offer
a top-down approach, providing a high-level outlook (Eu-
ropean Commission 2024b; WHO; team: Health Ethics &
Governance WHO-HEG). However, they are too far from
the implementation realities, and there is a clear need for
closing this accountability gap by incorporating them in the
AI development cycle (Jackson et al. 2025; Hajric 2021).
Thus, in this paper, we argue for a bottom-up approach from
an actor’s perspective, where we highlight mechanisms and
tools that the respective actors can utilise for accountabil-
ity by providing justifications for their actions. Often, reg-
ulations are provided from an authoritative perspective and
provide mechanisms on ”what” should be done. However,
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the ”how” part is left up to the actors to generate actionable
items. This gap generates ambiguity in the way accountabil-
ity is interpreted by the actors, and gives rise to many dif-
ferent interpretations. This paper highlights these interpreta-
tions and attempts to provide a bridge between the ”what”
and the ”how”, particularly for the Healthcare AI domain.

Moreover, as the black-box nature of machine learning
models is considered one of the major bottlenecks for ac-
countability in AI-based systems, explainability methods
have gained a lot of traction. Explainable AI (XAI) is in-
creasingly getting used as one of the popular accountability
mechanism, as it can provide insights into the AI decision-
making processes (Casalino et al. 2024; Knof et al. 2023;
Parra-Mora and Da Silva Cruz 2022; Larasati 2022; Pawar
et al. 2020; Mohseni, Zarei, and Ragan 2021; Barredo Arri-
eta et al. 2020a,a; Kim, Park, and Suh 2020).This increased
transparency in the AI decisions is considered to help the
decision-makers take more responsibility for decisions made
with the assistance of AI recommendations. However, in this
paper, we argue that explainability is only a tool to provide
accountability for decisions between the agents of a system,
and is not a standalone solution for all the accountability is-
sues in AI-based systems.

The critical challenge we aim to tackle in this paper is:
How to facilitate accountability for decision making in
healthcare AI systems?

For this challenge, we explore the following questions:

1. In what form does accountability exist in the healthcare
AI context, and what are the mechanisms in practice to
ensure this accountability?

2. What are the practical challenges for accountability in
healthcare AI systems?

3. How can explainability address these challenges and con-
tribute towards accountability in decision making?

While finding answers to these questions, we came across
accountability from different domains, what they mean in
different fields, and this paper provides a structured way to
present this interdisciplinary study. We start by giving an
overview of the different interpretations of accountability in
the Section 2. We observed that there is a lot of ambiguity
in the literature around this term, and hence, as a next step
towards our framework, we first define what accountability
means from an administrative viewpoint. This is executed
with the help of some foundational work by Boven (Bovens
2007), Roberts (Roberts 2002), Lindberg (Lindberg 2013),
and Novelli et.al (Novelli, Taddeo, and Floridi 2023) in Sec-
tion 3. Further, we build upon the fundamental understand-
ing of accountability to derive a framework for accountabil-
ity in the healthcare AI system in Section 4. In this section,
we describe the actors of the system, the role of the patients
as the principal, and the different authorities for providing
compliance mechanisms to ensure accountability. Further, in
Section 5, we discuss the challenges that this system faces
to ensure accountability. Followed by this, we provide some
suggestions on how explainability can address these chal-
lenges by introducing the three-tier accountability model in
Section 6. We also advocate for joint accountability for the
decisions taken under the influence of AI assistance as a

measure to promote healthy use of AI, and to avoid blam-
ing and scapegoating. Finally, we provide our concluding
remarks.

2 Background
The concerns around algorithmic accountability and the
need for developing an accountable AI system are at the
forefront, and confirmed as a critical topic by various user
studies about risks of AI in the medical domain (Sonawane
et al. 2023; Kader et al. 2022; Goetz et al. 2020; Razai et al.
2024). In the literature, one can find various forms of ac-
countability discussed. The term ”accountability” is often
used to convey underlying concepts such as liability, respon-
sibility, transparency, or answerability (Javier and Mónica
2022; Bovens 2007). As there has been a push to make
AI systems more accountable, attempts have been made to
quantify this term in technical implementations by introduc-
ing reliability, stability, or replicability as the measurable en-
tities (Zhdanov, Bhattacharjee, and Bragin 2022). Below, we
discuss the various forms of accountability found in our lit-
erature study, focusing on three key themes: ”accountabil-
ity”, ”healthcare”, and ”artificial intelligence”.

FAT(E) concept: AI regulatory agencies provide guide-
lines for accountability, and group it in acronyms like FAT or
FATE (Fairness, Accountability, Transparency, and Explain-
ability / Ethics), highlighting the socio-technical challenges
of AI (European Commission 2019; USACM; Werder,
Ramesh, and Zhang 2022; Murphy et al. 2024; Filippi et al.
2023; Chan et al. 2023). This leads to accountability being
discussed in the context of fairness, where a core topic is
how AI should ensure accountability measures for uphold-
ing individual rights in the data collection process (consent),
data security, and ensuring that usage of AI does not impact
marginalised groups (Tornimbene et al. 2025).

Transparency: Several other studies, including from the
global health organisation, have advocated for transparency
in the AI development process to address the accountabil-
ity issue raised by multiple actors working together under
different jurisdictions (Shaw et al. 2024; Chaudhary 2024;
Murphy et al. 2024; Thomas and Duela 2024). S. Zyryanov
(2023), however, argues that in some cases, this might not be
possible due to the presence of non-disclosure agreements,
trade secrets, or technical complexity. This also opens up
the discussion for the trade-off between having transparency
for accountability and adhering to data privacy concerns.
On the other hand, Bickley and Torgler ((Bickley and Tor-
gler 2023)) argue that transparency is a necessary condition
for accountability, but not sufficient. For confidential or data
with intellectual properties, they coin the term opaque trans-
parency, where insights are presented without full disclo-
sure.

Responsibility: Accountability is also closely related to
responsibility, where it is needed to understand the respon-
sible party for the algorithmic judgements (Moodley 2023;
Garcı́a-Gómez, Blanes-Selva, and Doñate-Martı́nez 2024;
Goetz et al. 2020; Agarwal et al. 2024).

There is an ongoing discussion about whether to address
the accountability gap by clearly distributing responsibil-
ities among the actors (Garcı́a-Gómez, Blanes-Selva, and
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Doñate-Martı́nez 2024; Bota et al. 2024), or to handle it
by sharing them (Bell et al. 2011; Jackson et al. 2025).
Moreover, C. Ewuoso (2023) highlights the dilemmas of ac-
countability in the healthcare AI scenario. They argue that
healthcare professionals cannot be completely accountable
for decisions taken with AI assistance, as the black-box AI
poses problems. Under such circumstances, it is difficult to
achieve the two critical requirements for accountability, i.e.
the decision-maker having control over the decisions and be-
ing aware of the consequences thereof. In contrast to the ac-
countability of human experts, F. Karimov (2024) discusses
algorithmic accountability, described as the difficulty in as-
signing responsibility for AI decisions. As an algorithm can-
not be held accountable for its decisions, clear human over-
sight is necessary for such scenarios. Along similar lines, A.
Chan et al. (2023) argue about the increasing agency of AI
systems, and yet assert to pass the moral responsibility (and
thus accountability) to human developers.

2.1 Addressing Accountability through Technical
Implementations

The need for accountable systems has led to a number of
technical solutions that reflect this need. From an organ-
isational point of view in the AI industry, accountability
may commonly be understood as the ability to ensure qual-
ity, responsibility, and protection over the data, algorithms
and results of the AI in question (Javier and Mónica 2022).
Throughout the literature, a number of solutions claim to
contribute to accountability and propose solutions as a step
closer to addressing this issue. Table 1 provides an overview
of the technologies that claim to address this issue with their
technical implementations and their implicit arguments to
contribute to accountability.

From the Table 1, five main technologies are observed
to contribute to accountable systems: data quality mecha-
nisms, federated learning, blockchain, XAI, and humans in
the loop. The table also provides underlying concepts be-
neath their arguments, which relate to accountability. Var-
ious mechanisms for ensuring data quality have been dis-
cussed, such as data trusts (Alison Paprica et al. 2020),
data provenance (Werder, Ramesh, and Zhang 2022) and
data logger(Skerlj et al. 2023). Ensuring the data quality in
terms of biases, trustworthy sources and verified labelling
(Groh et al. 2022) processes ensures that the data models
are built on fair, trustworthy data. Using data logger and
data provenance methods promotes data traceability to en-
sure data quality (Werder, Ramesh, and Zhang 2022; Skerlj
et al. 2023). Additionally, data trusts provide safe and secure
data sharing arrangements, necessary specifically for health
data (Alison Paprica et al. 2020).

It has been argued that XAI has the potential to provide
insights into the working of AI algorithms and thus can help
in accountability justifications (Casalino et al. 2024; Knof
et al. 2023; Parra-Mora and Da Silva Cruz 2022; Larasati
2022; Pawar et al. 2020). However, truthfulness, human in-
terpretability, and causality are some properties that help
make them suitable for this (Akter and Mustafa 2024; Man-
nava 2024). Federated Learning, another widely used tech-
nique in distributed environments, supports privacy protec-

tion mechanisms and provides resilience against data at-
tacks. This contributes to the accountability issues related
to data protection and privacy preservation as mentioned
in the HIPAA regulations (ASPE) or the EU GDPR (2016
(Kukreja et al. 2025)). On similar lines, Blockchain and ad-
vanced blockchain also provide decentralised data storage,
and additionally, ensure data authenticity and accountability
in the hands of the people involved. Thus, it also contributes
to the accountability of data, ensuring its security, accuracy,
traceability and transparency in data sharing (Ali et al. 2025;
Kalita, Chettri, and Deka 2023; Liu et al. 2020).

2.2 AI Regulations for Accountability in
Healthcare AI Systems

In the EU, the Ethics guidelines for Trustworthy AI (2019),
and the AI act (2024b) provide high-level guidelines and
compliance mechanisms for accountability measures in AI
systems. According to the AI Act (2024b), healthcare sys-
tems are classified as critical systems and impose strict com-
pliance with them. Additionally, for regulating the data,
the Data Act (2024a), the European Data Governance Act
(2023), and the EU GDPR (2016) are also relevant.

Ethics Guidelines for Trustworthy AI In 2019, the
Ethics Guidelines for Trustworthy AI (2019) provided seven
non-binding principles for trustworthy AI: human agency
and oversight; technical robustness and safety; privacy and
data governance; transparency; diversity, non-discrimination
and fairness; societal and environmental well-being and ac-
countability. Further, it also provides the following require-
ments for AI accountability:

• Auditability: Allowing audits by internal or external au-
ditors to assess data, algorithms, and design processes.

• Minimisation and reporting of negative impacts: Identi-
fying, assessing, documenting and minimising potential
risks, and allowing external parties to report harmful im-
pacts.

• Trade-offs: The trade-offs faced during the implementa-
tion of these requirements must be acknowledged and
evaluated against ethical principles.

• Redress: In case of adverse impacts, mechanisms for re-
dress should be ensured.

These guidelines serve as the basis for providing many
regulations, as also observed in the AI ACT (2024b). How-
ever, the enforcement mechanisms became concrete, as the
principles provide non-binding guidelines compared to the
AI ACT, which contains compliance mechanisms for high-
risk systems.

AI Act The AI Act (2024b) classifies AI systems accord-
ing to their risks, and provides regulations for AI systems in
three levels of risk classification: general purpose, high risk,
and prohibited AI systems. According to this classification,
the healthcare AI systems are considered as high risk sys-
tems.This obligates the developers of AI systems to ensure
the following:

• Establish a risk management system that is continuously
maintained, documented, and implemented, where the
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Implemented
Technology

Arguments contributing to accountability Underlying con-
cept relating to
accountability

References

Data Trust Data trusts are mechanisms that enable fair, safe
and equitable sharing of data

data safety & secu-
rity

(Alison Paprica et al.
2020)

Data Provenance Data provenance methods facilitate record keep-
ing about the origin and processing of data. This
ensures data traceability, essential for maintaining
data quality, and in turn ensures the fair and trans-
parent use of data.

Data Traceability (Werder, Ramesh, and
Zhang 2022)

Data Logger Data recorder is a data logging technique used in
robotics for ex-post investigation (similar to flight
data recorders)

Data Traceability (Skerlj et al. 2023)

Federated learning Federated learning offers a privacy-preserving, dis-
tributed approach to learning, where multiple con-
nected devices collaboratively train a model, with-
out sharing their data. This is in accordance with
the HIPAA regulations imposing resistance to at-
tacks, algorithmic accountability, and data security.

Data privacy and
resilience to at-
tacks.

(Kukreja et al. 2025)

Blockchain Blockchain facilitates decentralised data storage
and secures it against data attacks. The computa-
tions are transparent, and all involved parties are
accountable for their actions, fostering traceability,
authenticity, and data accuracy.

Data security,
transparency,
responsibility,
authenticity, trace-
ability, and data
accuracy

(Ali et al. 2025; Kalita,
Chettri, and Deka 2023)

Advanced
blockchain

Advanced blockchain enables virtualised logging
service, automatic scaling and resiliency for e-
health monitoring solutions. This also helps audit-
ing processes

Traceability and
resilience

(Liu et al. 2020)

XAI XAI enables understanding AI decision-making
processes by providing insights into how and why
specific outcomes are reached. This transparency
offers a solution to the accountability issue.

Transparency (Casalino et al. 2024;
Knof et al. 2023; Parra-
Mora and Da Silva Cruz
2022; Larasati 2022;
Pawar et al. 2020;
Mohseni, Zarei, and
Ragan 2021; Barredo
Arrieta et al. 2020a)

XAI and user stud-
ies

Verify the correctness of explanations by mapping
to the expert opinions or the users. If explanations
align well with the expert opinion, they are more
likely to use them to justify their accountability.

Expert-aligned ex-
planations / truth-
ful explanation

(Akter and Mustafa
2024)

Causal inference Causal explanations are more likely to be truthful
and are suitable for providing justifications for AI-
assisted decisions.

Truthful explana-
tions

(Mannava 2024)

Counterfactual ad-
versarial examples

Training a model to account for adversarial exam-
ples can ensure risk management for critical sce-
narios in the medical domain.

Resiliency (Papangelou et al. 2019)

Human in the loop Human in the loop ensures safety and alleviates the
ambiguity around accountability. Compliant with
USAID’s guide to machine learning.

Human oversight (Gupta et al. 2023)

Table 1: Technical implementations addressing accountability, their arguments for the contributions, and the underlying concept
relating to accountability
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reasonably foreseeable risks are identified, estimated,
and mitigated in the system.

• Conduct data governance, ensuring that datasets are rele-
vant, sufficiently representative, error-free and complete
according to the intended purpose.

• Draw up technical documentation to demonstrate com-
pliance, and provide authorities with the information to
assess that compliance.

• Maintain records of events relevant for identifying risks
and substantial modifications throughout the system’s
lifecycle.

• Provide sufficient transparency for deployers and provide
clear, complete and concise instructions for the users of
the system.

• Enable ways for human oversight, so that natural persons
can intervene to prevent and minimise risks to health,
safety, or fundamental rights.

• Maintain appropriate levels of accuracy, robustness, and
cybersecurity, in cooperation with relevant stakeholders
and benchmarking authorities.

• Establish a quality management system to ensure com-
pliance with these regulations.

3 What Is Accountability?
Accountability is a broad term, connected to many under-
lying concepts as ”answerability”, ”responsibility”, ”trans-
parency”, ”responsiveness” and ”integrity” (Javier and
Mónica 2022; Bovens 2007). This creates ambiguity, as it
occurs in various forms. For example, the formal mecha-
nisms such as the judicial or legislative processes have high-
order compliance mechanisms in place, and the informal
mechanisms such as in the executive, or societal procedures,
are derived from the broad-level professional work culture,
and societal ethical concerns (Bovens 2007). The nature of
accountability also depends on various other factors like the
presence of an authoritative control, the the degree of com-
pliance, the nature of actors and conduct (Roberts 2002;
Bovens 2007), and whether it is forward or backward look-
ing (Novelli, Taddeo, and Floridi 2023). Despite such a wide
variation and complex nature of existence, the following def-
initions provide a general understanding of accountability :

Accountability is the obligation to answer for one’s
actions or inaction and to be responsible for their
consequences (Roberts 2002).

Accountability is commonly understood as the obligation
of providing justifications for one’s actions (or inactions)
(Roberts 2002). This obligation can be of a person, a group
of people or an organisation, and are referred to as the actors
in the definitions (refer to Fig. 1).

Accountability is a relationship between an actor and
a forum, in which the actor has an obligation to ex-
plain and to justify his or her conduct, the forum can
pose questions and pass judgment, and the actor may
face consequences (Bovens 2007).

Additionally, Boven (Bovens 2007) provides the three ele-
ments of accountability as the actor, the forum (also referred
to as the authority in control), and the relationship between
them, where the actor has the obligation to provide answers
and has to face consequences posed by the forum based on
their judgment. Boven’s work highlights an explicit pres-
ence of an authority to provide compliance mechanisms and
to pass judgments as observed in a formal setting. In con-
trast, Robert (Roberts 2002), poses it as a virtue of the actor,
regardless of the presence of the forum. The differences in
definitions arise due to the different forms of accountability
discussed in their work.

When decision-making power is transferred from a
principal (e.g. the citizens) to an agent (e.g., the gov-
ernment), there must be a mechanism in place for
holding the agent accountable for their decisions and
tools for sanctioning (Lindberg 2013).

Moreover, according to Lindberg (Lindberg 2013), the
question of accountability arises in a principal-agent rela-
tionship, where an agent A is delegated with certain pow-
ers by the principal P, in order to perform specific tasks
and responsibilities, and the mechanism of accountability is
needed to keep this power in check. However, their work
does not reflect upon the presence of the forum, or any other
authority in control. As observed, their discussions are heav-
ily based on political science, where the government serves
as agent A, and citizens as principal P, and by electing the
government, the citizens delegate the power of governance
to the democratic body. According to their work, the prin-
cipal is the delegator of power as well as the one holding
rights to sanction the agent.

Novelli (Novelli, Taddeo, and Floridi 2023) builds on the
work by Bovens (Bovens 2007), Lindberg (Lindberg 2013),

Figure 1: A general understanding of accountability in a
healthcare AI context, showing the relationship between the
actor, authorities in control, and the implicit role of princi-
pal. Inspired by the accountability definitions (Bovens 2007;
Lindberg 2013; Novelli, Taddeo, and Floridi 2023).
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and Mulgan (Mulgan 2000), and redefines accountability
in the context of Artificial Intelligence. Their work distin-
guishes between the principal, who delegates the responsi-
bilities, and the forum, which is responsible for asking justi-
fications and providing sanctions. We build our work on this
definition of accountability, as in a healthcare AI context,
these tasks are also handled by different parties.

We distinguish between the principal, the agent, and the
forum, as these roles are performed by different organisa-
tions in a healthcare AI system. Figure 1 explains this with
a simplified conceptual illustration. In our given scenario,
the patients act as the principal, as they delegate the power
of taking care of their health into the hands of the experts
(healthcare experts, or more actors, as in the case of health-
care AI systems). These are the people who are affected by
the decisions taken by the experts, and can demand justice
for the decisions taken. However, there is a different set of
institutes (the forum) to ensure the work done by the agents
is justified, can ask for clarifications, and pose their judg-
ments. In a healthcare AI system, authority (or the forum)
may be at various levels, as there are multiple levels of ac-
countability in the system. We continue on this understand-
ing of accountability, and derive a detailed framework for
Healthcare AI in Section 4.

Accountability can also be of different types, such as le-
gal, political, administrative, bureaucratic, professional, so-
cial, or even moral (Bovens 2007; Roberts 2002). It may
even be a combination of these types. However, the enforce-
ment methods, the presence of standardised methods, and
the degree of implications on the agents all play a crucial
role in shaping it. As Roberts (Roberts 2002) discusses, be-
ing responsible indicates a person’s agency and authorship
over their actions. At the same time, it makes them answer-
able to a higher authority. This creates tension, as there ex-
ists a paradox between personal authorship and the obliga-
tion of accountability. In addition, scarcity of information,
unclear responsibilities, and loose enforcement methods are
some additional situations that give rise to scapegoating con-
ditions and the deterioration of personal and moral respon-
sibility. The challenge is to find a balance between agency,
obligation, and accountability.

4 A Framework for Accountability in
Healthcare AI Systems

We extend our understanding of accountability from the
foundational definitions and apply them to a healthcare AI
setting. We expand on the three important elements of ac-
countability: the actors, the authority in control, and the prin-
cipal. As depicted in Figure 2, the healthcare AI system con-
sists of all the actors present in the pipeline of AI devel-
opment and deployment. This process starts from the data
collection process, further into the development, and finally
into the deployment phase. The various institutions and au-
thorities governing these actors form the authority in control
of the whole ecosystem. As the patients are the delegators,
they act as the principal in the framework. Our framework
further highlights ”what” the governing bodies impose to en-
force the accountability mechanisms. These typically occur

as compliance mechanisms and regulations providing the di-
rectives and principles for the actors. Further, the measures
taken by the actors serve the purpose of justifications of their
actions.

In our framework, we consider the complete Healthcare
AI system as one complex set of actors, acting as agents, to
provide health benefits to the patients, acting as the princi-
pal. The rationale behind this is that the patients do not dis-
tinguish between the various actors present in this system. In
addition, each step in the pipeline serves as a stepping stone
for the next one. Thus, even though the actors work indepen-
dently, the system impacts the patient as a single entity. As a
result, the healthcare industry is transforming as a smart in-
dustry along with the advancements in AI (Upadhyay et al.
2023). This emphasises the need to consider the system as
an interdependent set of actors working together.

The healthcare AI system (acting as agent A) consists of
a series of interdependent processes, namely, data collec-
tion, data processing, AI modelling, and model deployment.
These processes may involve one or more organisations. The
Figure 2 further highlights the organisations and actors in
a colour-coded fashion. For example, the data may be col-
lected in the hospital, as in the case of Electronic Health
Data, or outside the hospital setting by IoT devices. The data
processing and modelling are typically the responsibility of
a team of data scientists and engineers, and finally, the sys-
tem is deployed in the application scenario to make health-
related decisions, where the healthcare experts are involved
in the decision-making process. Thus, the whole system con-
tains a range of experts, including lay participants using the
IoT devices, technical experts on AI, and healthcare experts.

Presently, depending on the types of organisations, cor-
responding governing authorities act as the authority in con-
trol. For example, the healthcare experts are governed by the
hospital norms, and the AI experts by their corresponding or-
ganisations. Although the various stages are interlinked and
interdependent on each other, there is no governing body
which oversees the whole system. This is one of the ma-
jor issues faced by the AI industries, as they have little to
no control over the application domain, sometimes lack the
expertise in that area, and further face model deployment is-
sues due to the dynamic nature of the real-time data.

In Figure 2, we also highlight some of the regulations,
guidelines and recommendations from the regulatory boards
and institutes in authority as the means of control. These
constitute the standards for compliance, one of the important
features discussed by Novelli (Novelli, Taddeo, and Floridi
2023). For the Healthcare AI industry, these may consist of
the EU GDPR (European Commission 2016) for regulat-
ing the use and protection of data, the AI Act (European
Commission 2024b) and EU Guidelines (European Com-
mission 2019) for enforcing the safe use of AI systems, and
the hospital and other government-level regulations for en-
suring public health. Although the regulatory bodies may
refer to these documents when raising accountability ques-
tions, there are different mechanisms adopted by the actors
to provide their justifications, referred to as tools to pro-
vide justifications in the figure. Some examples of such tools
as observed from the literature are data provenance meth-
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Figure 2: A framework for accountability in Healthcare AI systems, showing the various organisations acting as authority in
control and the roles of the actors. The means of control highlights the regulatiosn and guidelines imposed by the authority in
control to ensure accountability, and the tools to provide answers and justifications reflect various mechanisms in practice by
the actors. The organisations are colour coded: blue for the individuals and organisations providing data, orange for AI product
owners, and green for healthcare institutes.

ods for providing the quality of data (Werder, Ramesh, and
Zhang 2022), explainability methods for justifying the AI
decisions (Casalino et al. 2024; Knof et al. 2023; Parra-
Mora and Da Silva Cruz 2022; Larasati 2022; Pawar et al.
2020; Mohseni, Zarei, and Ragan 2021; Barredo Arrieta
et al. 2020a), and record-keeping (Cobbe, Lee, and Singh
2021) methods to provide process-level justifications.

As observed from our framework, there could be multi-
ple levels of authority in control from the government to the
organisational level, different levels of enforcement of stan-
dards, and various mechanisms to provide justifications for
accountability in the healthcare AI industry. As observed in
the background section, a number of different techniques are
used while referring to accountability methods. However,
the contribution of these mechanisms to accountability jus-
tifications is not always clear, leaving space for multiple ac-
countability interpretations. Thus, our framework provides
a baseline that may be used to understand how and why a
particular mechanism may contribute to accountability mea-
sures.

5 Challenges for Ensuring Accountability in
Healthcare AI Systems

Although we have corresponding governing authorities for
different organisations present in the system, we still lack

an overarching accountability mechanism, proper inter-
organisation communication, and mechanisms for joint ac-
countability. In this section, we discuss the challenges to
provide accountability for the Healthcare AI system as ob-
served from our framework.

5.1 Multiple Organisations with Independent
Authority in Control and Unclear Handover
Processes

From Figure 2, it can be derived that a Healthcare AI sys-
tem may have 2-3 institutions involved in the process: the
data collection group (or individuals), the AI organisations,
and the hospital staff. While the hospital industry is the
oldest, with reporting systems and governing regulations in
place, the regulations for the AI industry and data usage
are still fresh and constantly updated (European Commis-
sion 2024a,b). This causes the problem of many hands, and
the problem of many eyes (Bovens 2007; Wieringa 2020),
as there are many independent organisations present, gov-
erned by different regulatory bodies. Additionally. There is
a lack of central control, missing information from one pro-
cess level to another, and a lack of communication standards.
As a result, this provides opportunities for scapegoating, and
accountability gaps (Roberts 2002).
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5.2 Unclear Accountability Structure for Shared
Dependencies

Although the system is interdependent, the accountability
of the final decision is often borne by the healthcare pro-
fessionals. They always carry the risk, as the responsibility
of whether or not to act as per the AI decision also stays
with them (Razai et al. 2024). In an interdependent system,
however, the final decision is influenced by multiple factors.
Thus, it can be called into question whether accountability
for the final decision can really be attributed to a singular
party. Although each individual party may be held account-
able for the process they are responsible for, modern health-
care increasingly views accountability as shared between
groups of healthcare providers (Bell et al. 2011; Jackson
et al. 2025). Complex healthcare systems cause difficulty in
ascertaining the boundaries of individual accountability, if it
can be determined at all. As such, improving frameworks for
joint accountability is an important challenge to overcome.

5.3 Interdisciplinary Miscommunication
Even though the final decision is made by the practitioner,
their decision is a byproduct of the AI information handled
by many other people in the AI pipeline. As there is a lack
of handover processes within the organisations, the presence
of multiple disciplines makes the task even difficult. To add
to it, the black box nature of the machine learning models
makes this even more challenging. This occurs because of
the (necessarily) complex nature of the AI algorithms used
for decisions, and the inability to fully explain the reason-
ing behind a decision. Opaqueness contributes to a degree of
uncertainty about the correctness of AI outputs. Explainabil-
ity has been used as a means to address this issue. However,
what and how to explain remains a topic of research interest.
One reason behind this is that we often lack feedback pro-
cesses or a continuous development process to ensure the
information flows within organisations and different disci-
plines.

6 Three-Tier Accountability Structure: A
Bottoms-Up Approach

In this section, we provide a three-tier accountability struc-
ture for the actors of healthcare AI systems. We classify this
according to Boven’s classification of accountability based
on the aspect of conduct(Bovens 2007). According to their
definition of accountability, an actor is obliged to justify
their conduct, and this conduct may have various aspects
such as financial, procedural, product, and many more. On
similar lines, as depicted in Figure 3, we classify the con-
duct of our actors of the healthcare AI systems into three
categories: product, process, and decision level accountabil-
ity. We further map some mechanisms in practice to these
levels of accountability, to position them in our framework.

Product Level Accountability: Product level account-
ability corresponds to the three different products from the
actors of our healthcare AI system: the data, the AI model,
and the treatment plan from the healthcare practitioner. Each

of these is distinctive in its nature and expertise, and an inde-
pendent governing body may ensure their quality and safety
of the product. For e.g. the data regulations such as the EU
GDPR (European Commission 2016), the Data Act (Euro-
pean Commission 2024a), and the US HIPAA ( ASPE) en-
sure the governance and accountability measures of the data.
For the AI models, the emerging AI Act (European Com-
mission 2024b) ensures performance evaluations, risk as-
sessments and contractual obligations and promotes better-
performing models with risk minimisation and redressing
mechanisms. Finally, the treatment plans and medical proce-
dures are well governed by the healthcare departments. For
commercially viable products, ensuring product quality also
affects financial as well as its organisational reputation in the
market, leading to corporate accountability where the whole
organisation acts as a responsible actor (Bovens 2007). Such
factors lead to strong motivation for ensuring the product-
level accountability, which can also be observed from the
various methods for operationalisation in practice.

Process Level Accountability: Process level accountabil-
ity ensures that the processes for product development and
deployment ensure safety, risk minimisation, and benevo-
lence of the products. Traces of process-level accountabil-
ity have been observed in the AI Act (European Commis-
sion 2024b). We also observed work advocating for record
keeping and traceability as accountability measures for AI-
assisted systems (Kroll 2021). Jennifer Cobbe et. al. (Cobbe,
Lee, and Singh 2021), also provide a framework for account-
ability in algorithmic systems, where reviewability across
the AI life cycle is promoted. These measures promote trans-
parency in the process of AI development rather than just the
product. This may include, for e.g. logs of decisions made
during the processes, details of the operating procedures, it-
erations of the development process and other relevant de-
tails for bringing meaningful transparency. It also provides
details on the steps involved during the process of develop-
ment and the considerations of trade-offs made during this
time (team: Health Ethics & Governance WHO-HEG). The
auditing mechanism is one well-known method to opera-
tionalise this.

Decision Level (Joint) Accountability: Although at the
product level and the process level, each organisation has
an individual role to play, the same cannot be stated about
the accountability for the decisions being made. Especially,
for the decisions concerning the treatment plans of patients,
even though the final decision is being made by the hospi-
tal staff, the accountability does not necessarily rely solely
on them. From the literature, we understand that decision-
making may be affected by two main factors: the control
condition and the epistemic condition (Habli, Lawton, and
Porter 2020). The control condition defines how much con-
trol the decision maker has over the decisions, and this can
vary depending on whether the AI system is fully automated
or only used for assistance. Even when the AI is only used
for assistance, we argue that the involvement requires some
level of training, cognitive thinking, and time allocation, and
such conditions have their indirect effects on the decisions.
For epistemic conditions, which require sufficient under-
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Figure 3: A three-tier accountability structure for the actors of the healthcare systems based on their conduct. On the right
column, some operationalisation methods are mapped to these tiers, highlighting explainability contributing to the decision-
level accountability.

standing of the decision and its consequences, AI manifests
a clear bottleneck due to its black box nature. Due to such
influences on the final decisions, we argue that the account-
ability of the final decision should be considered as Joint Ac-
countability between the healthcare professionals and the AI
developing team. Adding to this argument, Staszkiewicz et.
al. (Staszkiewicz et al. 2024) argue that making AI develop-
ers legally accountable for the AI decisions may lead to insti-
tutional conflict and moving against the use of AI. Thus, they
advocate for joint accountability of humans and machines.
In our work, we promote for joint accountability between
the actors (AI team and the healthcare professionals) as it
releases the accountability tensions between the actors, pro-
motes healthy communication, and minimises the chances of
scapegoating and blaming. Moreover, we promote explain-
ability as one important tool that facilitates communication
and information sharing between these two actors, and we
argue that it should be used for individual decision-making
as well as for joint accountability decisions.

7 Limitations and Future Work
The main idea of this paper is to declutter the different in-
terpretations of accountability from the regulatory authori-
ties with a top-down approach, with that of the actors with a
bottom-up approach. For this purpose, this paper works on a
higher-level understanding of the communities and builds on
the existing literature. However, this paper does not provide
an empirical grounding of the proposed framework, and this
is part of the future work.

This paper also opens up the prospect of having joint ac-
countability for the complex ecosystem of AI in the Health-
care environment. With the push and pull effect of bureau-
cratic accountability and the possibilities of scapegoating
and blame-gaming, joint accountability for shared depen-
dencies provides an opportunity for collaboration. However,
the criticality of the healthcare scenario, autonomy of the
actors and AI, interdisciplinary communication, and many
such factors play an important role in how much account-
ability could be shared among the stakeholders. Moreover,
formalising and operationalising this perspective needs de-
liberate discussions and actions to be taken.

On similar lines, we propose to leverage explainability
as a mechanism for facilitating the collaborations. Explain-
ability methods may differ widely based on what is to be
explained (the explanandum), how it is explained (the ex-
planans), when it is explained (post-hoc or transparent),
model dependency (agnostic or not), and the types of data
(Barredo Arrieta et al. 2020b; Freiesleben and König 2023).
Therefore, leveraging explainability depends on a case-by-
case basis, based on the need for information exchange and
the stakeholders involved. Thus, utilising these methods for
the aforementioned purpose is open for research with a lot
of flexibility.

8 Conclusion
Accountability is often discussed by regulatory bodies in a
vertical, top-down approach, as a compliance mechanism,
where the authority in control may pose questions, and the
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actors are required to provide justifications for their actions.
This assumes that responsibilities are clear and well-known
and a single person can be held accountable, whereas of-
ten with AI, the situation is fuzzier as multiple organisations
work independently while sharing dependencies. Hence,
in practice, these accountability mechanisms take various
forms due to the varying nature of the work, enforcement
methods and authorities, and the degree of implications on
various actors. In the literature, it often remains implicit how
and why a particular method may contribute to accountabil-
ity, and their arguments highlight the multifaceted nature of
accountability. This gives rise to ambiguity around the term
and inconsistencies in implementing accountability mecha-
nisms in practice.

To address this issue, we propose an accountability frame-
work for healthcare AI systems derived from the fundamen-
tal definitions originating from the administrative and gover-
nance domains. The framework illuminates the actors in the
healthcare AI system, their interdependent processes, and
bridges the gap between the ”what” and the ”how” by po-
sitioning different mechanisms in practice with the compli-
ance measures. Often, from a practitioner’s perspective, ac-
countability measures take various forms, such as managing
responsibilities, complying with the regulations, performing
audits, quality checks for products, and following certain
standards in order to provide justifications for actions and
ensure safe working practices. Currently, these practices are
governed by individual organisations, even when they have
shared dependencies. As highlighted by our framework, we
reflect on three challenges of the healthcare AI system: 1)
independent authorities in control and unclear handover pro-
cesses within the organisations, 2) unclear accountability
structure for shared dependencies, and 3) interdisciplinary
miscommunication. In addition, we propose a three-tier ac-
countability structure for the actors based on their conduct.
Although in practice, most emphasis is given on the prod-
uct and process level accountability, we also highlight the
importance of decision-level accountability. We emphasise
that even though the final decisions in a healthcare AI set-
ting might be made by the healthcare professional, the ac-
countability for shared dependencies should be dealt with in
a joint manner. This promotes collaboration instead of the
blame-gaming found in a bureaucratic accountability struc-
ture.
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