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ABSTRACT 

The accelerating integration of artificial intelligence into organizational governance structures has 

transformed how complex enterprises evaluate, approve, and monitor operational change. Among these 

structures, the Change Advisory Board, commonly referred to as the CAB, occupies a uniquely critical 

position because it mediates between technological innovation, organizational stability, regulatory 

compliance, and operational risk. Traditional CAB processes, largely reliant on human deliberation and 

historical documentation, are increasingly insufficient to manage the volume, velocity, and 

interdependence of modern digital change. In response, predictive and explainable artificial intelligence 

systems are being introduced to support CAB decision making through automated risk scoring, scenario 

analysis, and evidence-based recommendations. However, the adoption of such systems introduces 

profound epistemological, technical, and ethical questions about how risk is represented, how decisions 

are justified, and how trust is sustained between human actors and algorithmic agents. 

This study develops a comprehensive theoretical and methodological framework for integrating predictive 

risk scoring and explainable artificial intelligence into CAB decision systems. Grounded in contemporary 

research on explainable artificial intelligence, interpretable machine learning, causal modeling, and 

decision support systems, the article positions CAB governance as a socio-technical system in which 

algorithmic reasoning must remain intelligible, contestable, and accountable to human stakeholders. The 

analysis is anchored in the predictive risk scoring paradigm articulated by Varanasi, which conceptualizes 

CAB decisions as probabilistic assessments of change-induced disruption that can be systematically 

modeled using machine learning while remaining subject to governance constraints and human oversight 

(Varanasi, 2025). By situating this paradigm within a broader literature on explainability, rule-based 
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modeling, and causal inference, the article demonstrates that CAB-oriented artificial intelligence must go 

beyond performance optimization to prioritize transparency, responsibility, and organizational learning. 

Using a design-oriented methodological approach, the study synthesizes insights from explainable 

modeling techniques such as SHAP, LIME, rule-based classifiers, and causal Bayesian networks to propose 

a multilayer architecture for risk-aware CAB systems. The Results section interprets how such 

architectures transform the epistemic foundations of change management by making uncertainty explicit, 

by revealing the causal and statistical drivers of risk, and by enabling iterative human–machine calibration 

of decision policies. The Discussion extends this analysis to address competing scholarly positions on the 

trade-off between accuracy and interpretability, the risks of automation bias, and the ethical implications 

of delegating governance functions to algorithmic systems. 

The article concludes that the future of CAB governance depends not on replacing human judgment with 

artificial intelligence, but on embedding predictive and explainable models within deliberative institutional 

frameworks that preserve accountability while enhancing analytical depth. By aligning predictive risk 

scoring with transparent explanation mechanisms, organizations can achieve a form of algorithmic 

governance that is not only efficient but also epistemically and ethically sustainable. 

KEYWORDS 

Explainable artificial intelligence, change management, predictive risk scoring, decision support systems, 

organizational governance, machine learning interpretability 

INTRODUCTION  

Organizational change has always been a central 

feature of enterprise life, but the digital 

transformation of business, government, and civil 

society has radically altered both the frequency 

and the complexity of change. Software 

deployments, infrastructure upgrades, 

cybersecurity patches, data migrations, and 

process reengineering initiatives now occur at a 

pace and scale that far exceed the capacity of 

traditional managerial oversight. Within this 

environment, the Change Advisory Board, or CAB, 

functions as a formal governance mechanism 

designed to evaluate proposed changes, assess 

their risks, and authorize or reject their 

implementation. Historically, CABs have relied on 

expert judgment, checklists, and retrospective 

incident reports to guide their decisions, reflecting 

what Breiman described as the culture of data 

modeling rooted in human reasoning and 

institutional memory (Breiman, 2001). However, 

as organizational systems become more 

interconnected and as the cost of failure rises, such 

approaches increasingly struggle to provide the 

level of foresight and rigor required for effective 
governance. 

The emergence of artificial intelligence as a 

decision-support technology has created new 

possibilities for CAB operations. Machine learning 

models can analyze vast repositories of historical 

change records, incident logs, configuration data, 

and performance metrics to predict the likelihood 

that a proposed change will cause disruption. 

These predictive risk scores promise to transform 
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CAB deliberations from largely qualitative debates 

into evidence-based evaluations grounded in 

probabilistic reasoning. Yet the use of opaque 

models in governance contexts raises profound 

concerns about transparency, accountability, and 

trust, which have been widely discussed in the 

literature on explainable artificial intelligence 

(Arrieta et al., 2020; McDermid et al., 2021). A CAB 

that cannot explain why a particular change is 

considered high-risk, or why one proposal is 

approved while another is rejected, risks 

undermining both its legitimacy and its 
effectiveness. 

Within this emerging field, the work of Varanasi 

has provided one of the first explicit formulations 

of how predictive risk scoring can be embedded 

into CAB decision processes in a structured and 

responsible manner. By framing CAB decisions as a 

form of probabilistic risk management, Varanasi 

argues that machine learning models can be used 

to estimate the expected impact of change while 

remaining subject to governance constraints and 

human oversight (Varanasi, 2025). This approach 

does not treat artificial intelligence as an 

autonomous decision-maker but as a cognitive 

partner that augments human judgment by 

revealing patterns that would otherwise remain 

hidden in complex data. At the same time, Varanasi 

emphasizes that such systems must be explainable 

if they are to be trusted and adopted by 

organizational stakeholders, aligning the CAB 

domain with the broader movement toward 
interpretable and transparent AI. 

The relevance of explainability in this context 

cannot be overstated. In safety-critical and 

compliance-sensitive domains such as healthcare, 

finance, and public administration, the literature 

has consistently shown that intelligible models are 

often preferred over more accurate but opaque 

alternatives because they allow human decision-

makers to understand, challenge, and refine 

algorithmic outputs (Caruana et al., 2015; Letham 

et al., 2015). CAB decisions similarly have far-

reaching consequences, including system outages, 

regulatory violations, and reputational damage, 

which means that stakeholders must be able to 

justify their actions to auditors, regulators, and 

affected users. Explainable AI therefore becomes 

not merely a technical feature but a governance 
requirement. 

At the theoretical level, the integration of AI into 

CAB processes raises questions about the nature of 

organizational knowledge and the role of formal 

models in decision-making. Classical change 

management theory has long recognized that risk 

is socially constructed through organizational 

narratives, professional norms, and political 

negotiations. By contrast, predictive machine 

learning treats risk as a statistical property that can 

be inferred from data. Bridging these perspectives 

requires a framework that recognizes the 

epistemic limits of both human intuition and 

algorithmic inference. Explainable AI methods 

such as LIME and SHAP, which provide local 

explanations of model predictions, offer a way to 

translate between these worlds by showing how 

specific features of a change request contribute to 

its predicted risk (Ribeiro et al., 2016; Lundberg 

and Lee, 2017). In doing so, they create a shared 

language through which human and machine 

reasoning can be compared and aligned. 

The existing literature on explainable and 

interpretable machine learning provides a rich set 

of tools for this purpose. Rule-based models, for 
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example, have been used to produce transparent 

classifiers in healthcare and finance, 

demonstrating that it is possible to achieve high 

predictive performance while maintaining human-

understandable logic (Ustun and Rudin, 2015; 

Letham et al., 2015). Visual explanation techniques, 

including attention mechanisms and saliency 

maps, have been applied to deep neural networks 

to reveal how they process complex inputs (Xu et 

al., 2015; Kim and Panda, 2021). Causal modeling 

approaches, such as Bayesian networks and fuzzy 

cognitive maps, have been proposed to represent 

the dynamic relationships between system 

variables in a way that supports both prediction 

and explanation (Nair et al., 2020; Wang et al., 

2022). Each of these approaches contributes to the 

broader goal of making AI-based decision systems 

more transparent and accountable. 

Despite these advances, the application of 

explainable AI to organizational governance, and to 

CAB processes in particular, remains 

underexplored. Much of the existing research 

focuses on domains such as image recognition, 

medical diagnosis, and fraud detection, where the 

primary goal is to explain individual predictions or 

classifications (Guidotti et al., 2018; Orlenko and 

Moore, 2021). CAB decisions, by contrast, involve 

evaluating proposed actions that have not yet 

occurred, making risk inherently counterfactual 

and uncertain. This means that explanation in the 

CAB context must address not only why a model 

predicts a certain level of risk, but also how that 

risk might change under different scenarios and 

what organizational levers can be used to mitigate 

it. Counterfactual explanation methods, which 

identify alternative inputs that would lead to 

different model outputs, are therefore particularly 

relevant to change management (Rodriguez et al., 
2021; Nguyen and Doan, 2025). 

The literature also highlights the importance of 

ethical and bias-related considerations when 

deploying AI in decision-making contexts. Studies 

in auditing, customer relationship management, 

and criminal justice have shown that algorithmic 

systems can reproduce or even amplify existing 

organizational biases if they are trained on 

historical data that reflects unequal practices 

(Murikah et al., 2024; Rainy, 2025; David et al., 

2023). In the CAB domain, such biases could 

manifest as systematic overestimation of risk for 

certain types of changes, teams, or technologies, 

leading to unfair or inefficient outcomes. 

Explainable AI is often presented as a remedy to 

these problems because it allows stakeholders to 

inspect and challenge the basis of algorithmic 

decisions (Parisineni and Pal, 2024; Hasan, 2023). 

However, critics argue that explanation alone is 

insufficient if the underlying data and objectives 

are flawed, underscoring the need for holistic 

governance frameworks (McDermid et al., 2021). 

Within this complex landscape, the present article 

seeks to develop a comprehensive, theoretically 

grounded, and methodologically rigorous account 

of how predictive and explainable AI can be 

integrated into CAB decision systems. Building on 

the predictive risk scoring paradigm articulated by 

Varanasi, the study aims to synthesize insights 

from machine learning, organizational theory, and 

AI ethics to propose an architecture that is both 

analytically powerful and institutionally legitimate 

(Varanasi, 2025). The central research question 

guiding this work is how organizations can harness 

the predictive capabilities of AI to improve change 

governance while preserving the transparency, 
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accountability, and trust that are essential to 
collective decision-making. 

The contribution of this article is threefold. First, it 

provides a deep theoretical analysis of CAB 

decision-making as a form of socio-technical 

governance that requires both statistical inference 

and human deliberation. Second, it proposes a 

methodological framework for building 

explainable predictive risk scoring systems 

tailored to the needs of CABs, drawing on a wide 

range of existing explainability and interpretability 

techniques. Third, it offers a critical discussion of 

the implications, limitations, and future directions 

of AI-enabled CAB governance, situating this 

emerging practice within broader debates about 

algorithmic decision-making in organizations. By 

doing so, the article seeks to advance both 

scholarly understanding and practical 

implementation of responsible AI in change 

management contexts (Arrieta et al., 2020; 

Kostopoulos et al., 2024). 

METHODOLOGY 

The methodological orientation of this research is 

grounded in a design-oriented and interpretive 

framework that recognizes artificial intelligence 

systems for Change Advisory Board decision 

making as socio-technical artifacts rather than 

purely technical products. This approach reflects 

the growing consensus within explainable artificial 

intelligence research that meaningful evaluation of 

AI systems must account for human users, 

organizational context, and institutional 

constraints, rather than relying solely on abstract 

performance metrics (Arrieta et al., 2020; 

McDermid et al., 2021). In alignment with this 

perspective, the methodology adopted here does 

not seek to construct a single algorithmic model 

but to articulate and justify a comprehensive 

architecture for predictive and explainable CAB 

decision support that is theoretically informed and 

practically applicable. 

At the core of the methodological framework is the 

predictive risk scoring paradigm described by 

Varanasi, which conceptualizes CAB decisions as 

probabilistic assessments of change-induced 

disruption derived from historical and contextual 

data (Varanasi, 2025). This paradigm serves as the 

organizing principle for model selection, data 

representation, and explanation mechanisms. The 

first methodological step therefore involves 

defining the epistemic status of risk within CAB 

processes. Risk is treated not as a fixed property of 

a change request but as a conditional probability 

that depends on a complex configuration of 

technical, organizational, and environmental 

factors. This understanding aligns with causal 

modeling approaches in machine learning, which 

emphasize that predictive accuracy alone is 

insufficient without an account of how variables 

interact over time (Wang et al., 2022; Hatami, 

2018). 

To operationalize this conception of risk, the 

framework draws on heterogeneous data sources 

that are typical of modern change management 

systems. These include structured records of past 

changes and their outcomes, incident and outage 

logs, configuration management databases, 

performance monitoring data, and textual 

descriptions of proposed changes. While the 

present study does not involve the empirical 

collection of such data, it relies on the 

methodological literature that has demonstrated 

how similar multimodal and time-dependent 
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datasets can be used to train predictive models in 

other domains (Pahde et al., 2021; Xing et al., 

2019). The integration of these diverse data types 

is essential for capturing the multifaceted nature of 

change risk, which cannot be reduced to any single 
metric or indicator. 

The choice of predictive modeling techniques 

within this architecture is guided by the dual 

requirement of accuracy and explainability. Rather 

than privileging a single class of models, the 

methodology adopts an ensemble-oriented 

philosophy in which different models are used for 

different explanatory and predictive purposes. For 

example, gradient boosting decision trees and 

random forests are well suited for capturing 

nonlinear interactions and have been widely used 

in business and customer behavior prediction 

tasks (Wu and Li, 2022; Liu and Lai, 2024). At the 

same time, linear and logistic regression models 

offer a baseline of interpretability that allows 

stakeholders to understand the marginal effects of 

individual variables (Issitt et al., 2022; Xiang et al., 

2022). By combining these approaches, the CAB 

system can benefit from the strengths of each while 

mitigating their respective weaknesses, a strategy 

that is consistent with the broader literature on 

hybrid decision support systems (Kostopoulos et 

al., 2024). 

A central methodological pillar of the framework is 

the systematic incorporation of explainability 

mechanisms into every stage of the predictive 

pipeline. This reflects the insight that explanation 

is not a post hoc add-on but an integral part of 

model design and deployment (Ribeiro et al., 2016; 

Lundberg and Lee, 2017). To this end, the 

framework includes both model-agnostic and 

model-specific explanation techniques. Model-

agnostic methods such as LIME and SHAP are used 

to generate local explanations of individual risk 

scores, showing how specific features of a change 

request contribute to its predicted risk (Hasan, 

2023; Smith and Jones, 2023). Model-specific 

techniques, such as rule extraction from tree-based 

models or pattern attribution in neural networks, 

provide complementary global insights into how 

the system as a whole operates (Kindermans et al., 

2018; Guidotti et al., 2018). 

In addition to feature-based explanations, the 

methodology incorporates counterfactual and 

causal explanation strategies. Counterfactual 

explanations identify hypothetical changes to input 

variables that would lead to a different risk 

assessment, thereby supporting decision-makers 

in exploring mitigation strategies (Rodriguez et al., 

2021; Nguyen and Doan, 2025). Causal models, 

including Bayesian networks and fuzzy cognitive 

maps, are used to represent the dynamic 

relationships between system components and to 

distinguish correlation from causation in the 

drivers of risk (Nair et al., 2020; Wang et al., 2022). 

This is particularly important in the CAB context, 

where interventions such as additional testing, 

staged deployment, or rollback planning can alter 

the causal structure of risk. 

The methodological framework also addresses the 

governance and evaluation of the AI system itself. 

Drawing on the literature on interpretable and 

responsible AI, the framework includes procedures 

for bias detection, fairness auditing, and 

performance monitoring over time (Murikah et al., 

2024; Parisineni and Pal, 2024). These procedures 

are designed to ensure that the predictive risk 

scores do not systematically disadvantage certain 

teams, technologies, or types of change, and that 
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the system remains aligned with organizational 

objectives as those objectives evolve. Evaluation 

metrics are selected not only for predictive 

accuracy but also for stability, calibration, and 

explainability, reflecting the multifaceted nature of 

trust in AI-enabled decision systems (Naidu et al., 

2023; McDermid et al., 2021). 

Finally, the methodological approach is explicitly 

iterative and participatory. CAB members and 

other stakeholders are envisioned as active 

participants in the design, validation, and 

refinement of the AI system, rather than as passive 

recipients of its outputs. This aligns with research 

on human-centered and interactive machine 

learning, which emphasizes that user feedback and 

domain expertise are essential for building systems 

that are both accurate and acceptable (Ross et al., 

2017; Richards, 2023). By embedding the AI 

system within existing CAB workflows and 

deliberative practices, the framework seeks to 

create a form of augmented governance in which 

human and machine intelligence are mutually 

reinforcing. 

RESULTS 

The application of the proposed methodological 

framework to the domain of Change Advisory 

Board decision making yields a set of conceptual 

and interpretive results that illuminate how 

predictive and explainable artificial intelligence 

transforms the nature of organizational risk 

governance. These results are not empirical in the 

narrow sense of statistical measurement, but 

analytical in the sense that they reveal the 

structural and epistemic consequences of 

integrating AI into CAB processes, a mode of 

inquiry that is well established in design-oriented 

and interpretive information systems research 
(Kostopoulos et al., 2024; McDermid et al., 2021). 

One of the most significant results of this 

integration is the reconfiguration of how risk is 

represented and discussed within CAB 

deliberations. Under traditional governance 

models, risk tends to be articulated in qualitative 

terms such as high, medium, or low, based on 

expert judgment and past experience. By contrast, 

the predictive risk scoring paradigm described by 

Varanasi introduces a probabilistic and data-

driven conception of risk that assigns explicit 

likelihoods and impact estimates to proposed 

changes (Varanasi, 2025). This shift has profound 

implications for how CAB members reason about 

uncertainty. Rather than relying solely on narrative 

accounts and analogies, they are confronted with 

quantified assessments that can be compared, 

aggregated, and tracked over time, a development 

that aligns with broader trends in data-driven 

management (Liu and Lai, 2024; Wu and Li, 2022). 

At the same time, the incorporation of explainable 

AI mechanisms ensures that these quantitative risk 

scores are not treated as inscrutable outputs but as 

interpretable artifacts that can be interrogated and 

understood. Local explanation techniques such as 

SHAP and LIME reveal which features of a change 

request, such as the affected systems, the 

complexity of the deployment, or the historical 

reliability of the responsible team, are driving the 

model’s prediction (Hasan, 2023; Smith and Jones, 

2023). This allows CAB members to connect the 

algorithmic assessment to their own domain 

knowledge and to identify cases in which the 

model’s reasoning aligns with or diverges from 

their expectations. The result is a form of epistemic 

triangulation in which human and machine 
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perspectives on risk mutually inform and constrain 

one another (Ribeiro et al., 2016; Lundberg and 

Lee, 2017). 

Another key result is the enhanced capacity for 

scenario analysis and proactive risk mitigation. 

Counterfactual explanation methods enable CAB 

members to explore how changes in specific 

variables would alter the predicted risk of a 

proposed change. For example, the model might 

indicate that adding an additional testing phase or 

scheduling the deployment during a low-usage 

period would significantly reduce the likelihood of 

disruption, a form of actionable insight that goes 

beyond static risk scoring (Rodriguez et al., 2021; 

Nguyen and Doan, 2025). This capability 

transforms the CAB from a gatekeeping body that 

merely approves or rejects changes into a 

collaborative forum for designing safer and more 

resilient change strategies, a shift that is consistent 
with contemporary change management theory. 

The use of causal modeling further deepens this 

transformation by providing a structured 

representation of how different factors interact to 

produce risk. Bayesian networks and fuzzy 

cognitive maps make it possible to visualize and 

reason about the causal pathways through which a 

change might lead to adverse outcomes, 

distinguishing, for example, between direct 

technical dependencies and indirect organizational 

effects (Nair et al., 2020; Wang et al., 2022). This 

supports more nuanced deliberation within the 

CAB, as members can identify leverage points for 

intervention and better understand the systemic 

consequences of their decisions. Such causal 

insights are particularly valuable in complex digital 

ecosystems, where unintended interactions are a 

major source of failure. 

From an organizational perspective, the 

integration of predictive and explainable AI into 

CAB processes also produces results in terms of 

learning and accountability. Because the models 

are trained on historical data and continuously 

updated as new changes are implemented, they 

create a feedback loop in which past decisions 

inform future risk assessments (Varanasi, 2025; 

Wu and Li, 2022). Explainability mechanisms 

ensure that this learning process is transparent, 

allowing stakeholders to see how the system’s 

understanding of risk evolves over time. This not 

only supports continuous improvement but also 

provides an audit trail that can be used to justify 

decisions to regulators, customers, and internal 

governance bodies, a function that is increasingly 

important in compliance-driven industries 

(Caruana et al., 2015; Murikah et al., 2024). 

The results also reveal important tensions and 

trade-offs. While ensemble and deep learning 

models may offer higher predictive accuracy, their 

complexity can make them more difficult to explain 

in intuitive terms, raising the risk that CAB 

members will either overtrust or underutilize their 

outputs (Breiman, 2001; McDermid et al., 2021). 

The hybrid modeling approach advocated in the 

methodology mitigates this tension by combining 

interpretable baseline models with more powerful 

but opaque ones, using explainability tools to 

bridge the gap. This balance reflects a broader 

trend in explainable AI research toward layered 

architectures that provide different types of insight 

at different levels of abstraction (Guidotti et al., 

2018; Kindermans et al., 2018). 

Finally, the Results section highlights the ethical 

and social implications of AI-enabled CAB 

governance. By making the drivers of risk explicit, 
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explainable models can expose biases and 

structural inequalities embedded in historical data, 

enabling organizations to address them proactively 

(Parisineni and Pal, 2024; Hasan, 2023). However, 

they also make visible the value judgments and 

assumptions encoded in the models, which may be 

contested by different stakeholders. The CAB thus 

becomes not only a site of technical decision-

making but also a forum for negotiating the 

normative dimensions of organizational change, a 

role that aligns with the view of AI systems as 

participants in social practices rather than neutral 
tools (Arrieta et al., 2020; McDermid et al., 2021). 

DISCUSSION 

The integration of predictive and explainable 

artificial intelligence into Change Advisory Board 

decision systems represents a profound shift in the 

epistemic, organizational, and ethical foundations 

of change management. This shift cannot be fully 

understood through the lens of technical 

performance alone, but must be situated within 

broader scholarly debates about the nature of 

explanation, the limits of automation, and the 

governance of socio-technical systems. By drawing 

on the predictive risk scoring paradigm articulated 

by Varanasi and the extensive literature on 

explainable artificial intelligence, this discussion 

seeks to critically interpret the implications of AI-

enabled CAB governance for theory and practice 

(Varanasi, 2025; Arrieta et al., 2020). 

One of the central theoretical issues concerns the 

relationship between prediction and 

understanding. Machine learning models excel at 

identifying statistical regularities in large datasets, 

allowing them to predict outcomes such as system 

outages or performance degradation with 

remarkable accuracy (Wu and Li, 2022; Liu and Lai, 

2024). However, as Breiman famously argued, such 

models often belong to the culture of algorithmic 

modeling that prioritizes predictive power over 

interpretability, potentially at the expense of 

human comprehension (Breiman, 2001). In the 

context of CAB decision-making, this tension is 

particularly acute because stakeholders must not 

only know what the model predicts, but also why it 

predicts it in order to justify their actions and to 
design appropriate interventions. 

Explainable AI methods address this tension by 

providing representations of model reasoning that 

are accessible to human users. Techniques such as 

SHAP and LIME decompose complex predictions 

into contributions from individual features, 

creating a bridge between statistical inference and 

human intuition (Ribeiro et al., 2016; Lundberg 

and Lee, 2017). Yet scholars have debated whether 

such explanations truly capture the causal 

structure of the underlying phenomena or merely 

provide plausible narratives that may be 

misleading (Hasan, 2023; Smith and Jones, 2023). 

In the CAB context, where decisions have real-

world consequences, this critique underscores the 

importance of complementing feature-based 

explanations with causal and counterfactual 

analyses that reveal how interventions might 

change outcomes (Wang et al., 2022; Rodriguez et 

al., 2021). 

The predictive risk scoring approach described by 

Varanasi implicitly embraces this broader 

conception of explanation by framing risk as a 

dynamic and manipulable property rather than a 

fixed label (Varanasi, 2025). By treating CAB 

decisions as opportunities to reshape the 

probability distribution of future outcomes 
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through deliberate action, this paradigm aligns 

with causal models of decision-making that 

emphasize agency and control (Nair et al., 2020; 

Hatami, 2018). The use of counterfactual 

explanations in this framework allows CAB 

members to ask not only what is likely to happen, 

but what could happen under different 

configurations of resources, timing, and 

safeguards, thereby transforming the CAB from a 

reactive to a proactive governance body (Nguyen 
and Doan, 2025). 

Another major theme in the scholarly debate 

concerns the trade-off between accuracy and 

interpretability. Empirical studies in healthcare 

and finance have shown that simpler, more 

interpretable models can perform comparably to 

complex neural networks while offering greater 

transparency (Caruana et al., 2015; Letham et al., 

2015). However, in highly complex and nonlinear 

environments such as large-scale IT systems, there 

is a risk that overly simple models will fail to 

capture critical interactions, leading to inaccurate 

risk assessments (Issitt et al., 2022; Xiang et al., 

2022). The hybrid modeling strategy proposed in 

this article, which combines interpretable 

baselines with more expressive models and 

explanation tools, reflects an emerging consensus 

that the dichotomy between accuracy and 

interpretability is false when systems are designed 

holistically (Guidotti et al., 2018; Kindermans et al., 
2018). 

The organizational implications of AI-enabled CAB 

governance also warrant careful consideration. On 

one hand, predictive risk scoring promises to 

enhance efficiency and consistency by reducing 

reliance on subjective judgment and by providing a 

common evidentiary basis for decision-making 

(Varanasi, 2025; Wu and Li, 2022). On the other 

hand, there is a risk of automation bias, in which 

human decision-makers defer too readily to 

algorithmic recommendations even when they 

conflict with contextual knowledge or ethical 

considerations (McDermid et al., 2021; Murikah et 

al., 2024). Explainable AI can mitigate this risk by 

making model reasoning visible and contestable, 

but only if organizational cultures encourage 

critical engagement rather than blind trust 
(Parisineni and Pal, 2024; Hasan, 2023). 

From an ethical perspective, the deployment of AI 

in CAB processes raises questions about 

responsibility and accountability. If a predictive 

model recommends approving a change that later 

causes a major outage, who is to blame: the 

algorithm, the CAB, or the organization that 

adopted the system? Scholars have argued that 

explainability is a necessary but not sufficient 

condition for responsible AI, because it must be 

accompanied by clear governance structures that 

assign roles and obligations to human actors 

(McDermid et al., 2021; Kostopoulos et al., 2024). 

In the CAB context, this implies that AI systems 

should be designed as advisory tools whose 

outputs inform but do not replace human 

judgment, a principle that is explicitly endorsed in 

Varanasi’s framework (Varanasi, 2025). 

The issue of bias and fairness further complicates 

this picture. Historical change management data 

may reflect organizational inequalities, such as 

differential treatment of teams, technologies, or 

vendors, which can be encoded in predictive 

models and perpetuated through automated risk 

scoring (Murikah et al., 2024; David et al., 2023). 

Explainable AI provides a means to detect and 

diagnose such biases by revealing how different 
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features influence predictions, but remediation 

requires deliberate organizational action, such as 

data curation, model retraining, and policy revision 

(Parisineni and Pal, 2024; Hasan, 2023). This 

underscores the need for continuous monitoring 

and participatory governance of AI-enabled CAB 

systems. 

Looking to the future, several avenues for research 

and development emerge from this analysis. One 

promising direction is the integration of 

multimodal and few-shot learning techniques that 

can adapt to novel types of change with limited 

historical data, a capability that is particularly 

relevant in rapidly evolving technological 

environments (Snell et al., 2017; Pahde et al., 

2021). Another is the use of interactive and visual 

explanation interfaces that allow CAB members to 

explore model outputs and scenarios in real time, 

enhancing engagement and understanding (Xu et 

al., 2015; Kim and Panda, 2021; Richards, 2023). 

Finally, there is a need for empirical studies that 

evaluate how AI-enabled CAB systems perform in 

practice, not only in terms of predictive accuracy 

but also in terms of organizational outcomes, trust, 

and ethical compliance (Rainy, 2025; Kostopoulos 
et al., 2024). 

In sum, the discussion reveals that the value of 

predictive and explainable AI in CAB governance 

lies not merely in its ability to forecast risk, but in 

its capacity to reshape how organizations think 

about and manage change. By making uncertainty 

explicit, by revealing the drivers of risk, and by 

supporting counterfactual reasoning, such systems 

can enhance both the rigor and the reflexivity of 

decision-making. However, realizing this potential 

requires careful attention to model design, 

organizational culture, and ethical governance, a 

challenge that remains at the forefront of research 

on explainable artificial intelligence and its 

applications in complex social systems (Arrieta et 
al., 2020; Varanasi, 2025). 

CONCLUSION 

The increasing complexity of digital organizations 

has rendered traditional approaches to change 

governance insufficient, necessitating new forms of 

analytical and institutional support for Change 

Advisory Boards. This article has argued that 

predictive and explainable artificial intelligence 

provides a powerful foundation for such support 

by enabling data-driven, transparent, and 

proactive risk management. Anchored in the 

predictive risk scoring paradigm articulated by 

Varanasi, the analysis has shown how machine 

learning models, when combined with robust 

explanation mechanisms, can augment human 

judgment rather than replace it, thereby 

preserving the deliberative and accountable 

character of CAB decision-making (Varanasi, 
2025). 

Through a synthesis of the literature on 

explainable artificial intelligence, causal modeling, 

and decision support systems, the study has 

developed a comprehensive framework for AI-

enabled CAB governance that addresses both 

technical and ethical dimensions. The results and 

discussion have highlighted how such systems 

transform the epistemic basis of risk assessment, 

enable scenario-based mitigation strategies, and 

create new opportunities for organizational 

learning and accountability. At the same time, they 

have underscored the enduring importance of 

human oversight, participatory design, and 

continuous governance in ensuring that 
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algorithmic tools serve organizational and societal 
values (Arrieta et al., 2020; McDermid et al., 2021). 

Ultimately, the future of Change Advisory Boards 

lies not in the automation of judgment, but in the 

cultivation of a symbiotic relationship between 

human expertise and artificial intelligence. By 

embracing predictive and explainable models as 

instruments of collective reasoning rather than as 

infallible authorities, organizations can navigate 

the risks of change with greater insight, fairness, 

and resilience. 
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