
Digital Social Science  
 

 

 
Digital Social Sciences 2026, 3(1), 1-4. https://doi.org/10.69971/dss.3.1.2026.46 http://digitalsocialsciences.com 

Article 

Human-in-the-Loop (HITL) in AI-Assisted Disclosure 

Fatima Salman* 

Department of Law, University of Punjab, Jhelum Campus Jhelum, Pakistan 

* Correspondence: salmanfatima871@gmail.com 

Abstract: Artificial Intelligence (AI) has become an integral part of corporate disclosure processes, changing 

the way that companies create, validate and communicate information to others. The use of AI in decision 

making and disclosure processes, has revolutionized the governance, in the legal, financial and public admin-

istration sectors. Its critical, especially in high-stakes settings such as financial reporting and legal disclosure 

requirements. Although AI-assisted disclosure is advantageous in terms of efficiency, scalability and analyti-

cal capabilities, it poses governance, auditability and explainability challenges. These dimensions are interde-

pendent and current study explores these dimensions highlighting the need for accountability and compliance 

of human-in-the-loop (HITL) supervision. The study suggests an integrated architecture which includes gov-

ernance structures, audit trails, explainability techniques and structured human monitoring. Current research 

analyzes disclosure processes and introduces a new AI-assisted disclosure approach with a Human-in-the-

Loop (HITL) system that allows for human oversight, accountability, and trust. EU AI Act, NIST AI RMF, 

and emerging compliance and open governance practices, should be reviewed regarding their application to 

HITL systems to investigate trends and patterns in managing ‘black box' risks, audit trails and meaningful 

explanations. Technical (e.g., XAI techniques such as SHAP/LIME) and procedural safeguards must be com-

bined to provide an effective governance process, holistic HITL supplemented by technical safeguards do not 

rubber stamp decisions, but instead increase decision quality. Good governance needs to be multi-layered in 

which there is structured human intervention, regulatory control and technical transparency. A full package 

approach, combining audit trails, explainability protocols and human review processes is recommended to 

ensure legally compliant and ethically responsible disclosure when made by AI. 
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1. Introduction 

AI has quickly revolutionized how organizations interact and report communication. The abil-
ity of generative AI systems to create annual reports, prepare sustainability disclosures, summarize 
financial information, respond to regulators and aid management in stakeholder communications. 
As disclosure becomes more and more reliant on AI, there are opportunities for more efficient 
disclosure and lower reporting costs. The advent of AI in disclosure is a revolution as companies 
share important information with regulators, investors and stakeholders. Disclosure involves a wide 
variety of formal reporting, such as financial reporting, regulatory reporting e.g., securities and 
exchange commission (SEC) filings, corporate governance statements, sustainability reporting and 
public government documents. Automating this disclosure process with AI systems raises ques-
tions of transparency, accountability, and oversight regarding the risk and compliance verification. 
As AI systems take on more of the content classification, risk and compliance verification and 
compliance tasks in these disclosure workflows, new challenges arise in terms of transparency, 
accountability and oversight. 

To aid disclosure processes, improve decision making efficiency and efficiency in disclosure, 
organizations are implementing machine learning systems, natural language processing (NLP) and 
generative AI systems (Kirk, Peter and Evan 2025). Although these technologies have significant 
advantages, they also come with challenges such as transparency, accountability, and legal liability 
(Ahmed, Seema and Salman 2025). Disclosure activities are the core of accountability process. 
Disclosures are important for making decisions by investors, regulators, auditors, employees and 
society. The issue of responsibility for disclosure mistakes, biases, hallucinations, omissions or 
misstatements arises where the AI systems are involved in the disclosure generation. The difficulty 
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is exacerbated when the reasoning behind the use of a sophisticated AI model can't be easily understood, such as when it is used as 
a “black box.” 

Governance is the setting of policies, roles and oversight structures. Auditability provides a way to keep track of every aspect 
of AI input, process, output, and human involvement. Explainability (via Explainable AI or XAI) allows to understand the reasoning 
of AI with stakeholders. Human-in-the-Loop (HITL) involves human decision-making in key stages of the process, ensuring that 
automation can only be a supporting role in high-stakes contexts. AI governance frameworks focus on transparency, accountability, 
explainability, and oversight by human beings as core principles to ensure trustworthy AI. Explainability, accountability, and trans-
parency are all key properties of trustworthy AI systems that are included in the NIST AI Risk Management Framework. Transpar-
ency and accountability are often mentioned in organizational frameworks. 

The use of AI in disclosure systems raises questions about traditional governance structures as the production of information 
is shared, spread, and distributed between the developer, the system manager, the auditor, and the AI system (Floridi et al. 2018). 
Therefore, scholars have suggested that AI governance should not just focus on technical regulation, but also include organizational 
responsibility and regulation (Mittelstadt et al. 2016). 

The human-in-the-loop review process becomes a key continuity process, whereby the human is integrated into the process 
with their knowledge, expertise and experience to enhance all three aspects. The EU AI Act (2024) and NIST AI Risk Management 
Framework (2023), pose requirements for human oversight and transparency of documentation of high-risk AI systems. But there 
are sizeable disconnects between the regulations and the actual practice in terms of the amount and level of human oversight and 
the amount of "meaningful" human oversight versus "theater" of the rules. 

Current study examines the role of governance to ensure that disclosure using AI is auditable, explainable, accountable and 
with human oversight. It suggests a governance system comprising a mix of technical controls, organizational processes and gov-
ernance mechanisms, that help promote responsible deployment. 

2. Theoretical Foundations 

The AI governance concepts and theories are based on agency theory, stakeholder theory, legitimacy theory, information 
asymmetry, and algorithmic accountability. Socio-technical governance models acknowledge interactions between technology, in-
stitutions and people. 

Agency theory implies that disclosure mechanisms minimize information asymmetries between management and stakeholders. 
AI systems can have a positive impact on the quality of disclosures, but can also create hidden decision-making processes. Trust 
and transparency are key attributes of the stakeholder theory. Information asymmetry between managers and stakeholders will be 
diminished by disclosure (Jensen and Meckling 1976). AI-assisted disclosure can enhance information flows, due to its potential to 
provide better accuracy and timeliness of information, but it can also generate new asymmetries, as the algorithms used are opaque 
(Busuioc 2021). 

Stakeholder theory highlights that organizations need to build trust with various stakeholder groups by communicating in a 
transparent manner (Freeman 2015). Explainability is thus crucial as stakeholders have come to expect that organizations must 
provide explanations for decisions made using AI (Karanxha and Paulinus 2025). 

Legitimacy theory focuses on the society's expectations on ethical use of AI. According to this theory, the organizations try to 
earn the acceptance of the society by adopting the norms and expectations of the society (Suchman 1995). Organizations could be 
expected to show ethical governance and responsible use of automated technologies with the increasing use of AI systems (Jobin, 
Marcello and Effy 2019). 

AI-assisted disclosure is helpful being faster processing, scalability, consistency, predictive analytics, and better data pro-
cessing. However, pose challenges of algorithmic bias, hallucinations, data quality concerns, cyber security concerns, model drift, 
and accountability concerns. There is need, therefore, to balance between innovation and governance safeguards in organizations. 
Validation, monitoring and independent review are needed for effective disclosure systems. 

3. Governance of AI-Assisted Disclosure 

AI governance is the systems, policies, and processes that govern the design, deployment, and monitoring of AI systems 
(Databricks 2026). Generally, good governance systems include elements of transparency, accountability, fairness and human over-
sight (OECD 2019). Lifecycle management strategies that include risk assessment, involve stakeholders, and involve ongoing mon-
itoring are highlighted across the entire lifespan of AI deployment (Herrera-Poyatos et al. 2026). These frameworks acknowledge 
that governance is something that happens all of the time and not just one-time compliance. 

The role of the Boards of Directors in the supervision of algorithmic systems and AI-assisted disclosures becomes more im-
portant as the Boards are increasingly held accountable for each of these aspects (Ahmed, Seema and Salman 2025). This is a step 
toward a new frontier of corporate governance accountability-algorithms. Risk assessment, transparency requirements, ethics guide-
lines and compliance measures should be included in governance arrangements.AI disclosure systems can create narrative disclo-
sures, condense financial statements, detect irregularities, and help with compliance reporting (Kirk, Peter and Evan 2025). These 
features facilitate companies to deal with extensive amounts of information more efficiently than conventional manual methods.  

However, there are a various challenge. Algorithmic bias can result from training data that reflect inequities in the past, pro-
ducing skewed results (Barocas and Andrew 2016). In addition, LLMs can generate hallucinated or inaccurate information, posing 
substantial disclosure risks (OpenAI 2023). 

The ability to review and validate the outputs and systems of AI independently is known as auditability (Verma, Kirtan and 
Eva 2025). Comprehensive documentation, traceability and reproducibility mechanisms are critical for effective auditability. An 
audit trail is especially significant as it establishes chronological information of inputs, outputs, and system decision making (Raji, 
Andrew and Rebecca et al. 2020). These records allow for the review of governance needs and to identify compliance pathways. 
Lifecycle auditing should encompass data collection, model development, deployment, monitoring and retirement. AI systems are 
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not yet capable of replacing human expertise completely in a professional judgment context for complex situations within an organ-
ization (Golubovskij 2024). 

Explainable AI is a method to make the decisions made by algorithms understandable to human users. SHAP, LIME, feature 
importance analysis, and counterfactual explanations are methods that facilitate understanding of how outputs are produced by 
stakeholders. Explainability helps to build trust, accountability, legal defensibility, and regulatory compliance. The goal of XAI is 
to provide humans with an understanding of algorithmic decisions (Arrieta, Natalia and Javier et al. 2020). The issue of explaina-
bility is of specific relevance in disclosure settings, since, in such cases, it is important to understand the procedures used to derive 
and disclose material information. Several techniques have been developed to enhance transparency, including SHAP, LIME and 
counterfactual explanations (Molnar 2024). The techniques are used to help users understand what factors are affecting the outputs 
from the AI and evaluate the reliability of the system's recommendations. Empirical studies have shown that explainable systems 
boost user trust and aid in more effective auditing (Anomah 2026). In many cases, though, there are compromises between model 
complexity and interpretability (Rudin 2019). 

4. Human-in-the-Loop Review 

Human-in-the-loop (HITL) systems involve (Lazaros, Aristidis and Sotiris et al. 2026) human involvement in the decision-
making process of AI systems. Where errors have legal or financial implications, such as in high risk disclosure situations, HITL 
approaches are especially significant. Human reviewers can detect contextual problems, ethical issues, disclosure risks, and other 
problems that automated systems might not detect. Human oversight requires a form of control over and a capacity to modify or 
deny the outputs of these AI systems. Human intervention greatly enhances the accountability and minimizes the risks of automated 
decision-making (Amershi et al. 2014). This is more than a “symbolic review.” Human reviewers must have the authority to chal-
lenge, edit or reject the output of the AI. There are also documentation and escalation procedures that must be put in place to enable 
effective monitoring. 

The role of the Boards of Directors in the supervision of algorithmic systems and AI-assisted disclosures becomes more im-
portant as the Boards are increasingly held accountable for each of these aspects (Ahmed, Seema and Salman 2025). This is a step 
toward a new frontier of corporate governance accountability-algorithms. Risk assessment, transparency requirements, ethics guide-
lines and compliance measures should be included in governance arrangements. AI disclosure systems can create narrative disclo-
sures, condense financial statements, detect irregularities, and help with compliance reporting (Kirk, Peter and Evan 2025). These 
features facilitate companies to deal with extensive amounts of information more efficiently than conventional manual methods. 

However, there are a various challenge. Algorithmic bias can result from training data that reflect inequities in the past, pro-
ducing skewed results (Barocas and Andrew 2016). In addition, LLMs can generate hallucinated or inaccurate information, posing 
substantial disclosure risks (OpenAI 2023). 

The ability to review and validate the outputs and systems of AI independently is known as auditability (Verma, Kirtan and 
Eva 2025). Comprehensive documentation, traceability and reproducibility mechanisms are critical for effective auditability. An 
audit trail is especially significant as it establishes chronological information of inputs, outputs, and system decision making (Raji, 
Andrew, and Rebecca et al. 2020). These records allow for the review of governance needs and to identify compliance pathways. 
Lifecycle auditing should encompass data collection, model development, deployment, monitoring and retirement. AI systems are 
not yet capable of replacing human expertise completely in a professional judgment context for complex situations within an organ-
ization (Golubovskij 2024). 

Explainable AI is a method to make the decisions made by algorithms understandable to human users. SHAP, LIME, feature 
importance analysis, and counterfactual explanations are methods that facilitate understanding of how outputs are produced by 
stakeholders. Explainability helps to build trust, accountability, legal defensibility, and regulatory compliance. The goal of XAI is 
to provide humans with an understanding of algorithmic decisions (Arrieta, Natalia and Javier et al. 2020). The issue of explaina-
bility is of specific relevance in disclosure settings, since, in such cases, it is important to understand the procedures used to derive 
and disclose material information. Several techniques have been developed to enhance transparency, including SHAP, LIME and 
counterfactual explanations (Molnar 2024). The techniques are used to help users understand what factors are affecting the outputs 
from the AI and evaluate the reliability of the system's recommendations. Empirical studies have shown that explainable systems 
boost user trust and aid in more effective auditing (Anomah 2026). In many cases, though, there are compromises between model 
complexity and interpretability (Rudin 2019). 

5. Integrated Governance 

A combination of governance structures, auditing procedures, explanations and human involvement. The model emphasizes 
forward and backward loops, and accountability of the organization, in the AI lifecycle. The regulators need to formulate common 
rules for the use of AI, business actors should improve their governance mechanisms, and auditors need to enhance their technical 
expertise in AI assurance. A co-operative professional education and collaboration is key. The importance of transparency, explain-
ability, and human oversight in AI governance is increasingly gaining traction. Harmonized standards can minimize compliance 
uncertainty and the level of conformity between jurisdictions. Organizations need to build their governance and AI literacy pro-
grams, and invest in their workforce skills, to make sure that AI is deployed responsibly (OECD 2019). Technical skills are also 
essential for auditors to assess increasingly complex AI systems (Verma, Kirtan and Eva 2025). Explainability indicators, auditing 
strategies, governance models of maturity and cross-jurisdictional approaches to regulation should be explored as topics for future 
study. Comparative study can be used to further shed light on best practices. 

6. Conclusion 

AI-assisted disclosure has both governance challenges and opportunities. To be trusted, deployment needs to be integrated 
with governance, auditability, explainability and human oversight. There is a strong case for hybrid human-AI governance systems 
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to offer the best pathway towards accountable and transparent disclosure practices. AI-powered disclosure is a major leap forward 
for organizations in their reporting abilities. The incorporation of AI into disclosure processes, however, poses significant challenges 
of accountability, transparency, auditability and explainability. Governance mechanisms are crucial to ensure that AI systems build, 
not destroy, stakeholders' trust. There is a need for a mix of explainability mechanisms, wide-spread audit trails and human-in-the-
loop review mechanisms to achieve effective governance. There is a need to keep human oversight at the heart of disclosure decision 
making, and have AI to be an assistive tool, not the decision maker. Businesses that effectively in corporate governance, auditable, 
and explainable elements into their disclosure practices using AI will be more likely to achieve regulatory compliance, stakeholder 
trust, and organizational legitimacy. 
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