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Abstract 

Financial institutions are moving from periodic, rule-based risk assessment to continuous, data-

driven prediction. Artificial intelligence (AI) and machine learning (ML) now support credit 

scoring, fraud detection, market risk forecasting, corporate distress prediction, and systemic 

risk monitoring. This review synthesizes research published up to 2023 on how AI-driven 

predictive analytics improves financial risk assessment and how its outputs are turned into 

decisions. It covers three linked themes: (1) the predictive techniques used across financial risk 

types, from ensemble learning to deep sequence models and language models; (2) the decision 

support mechanisms, including explainability and workflow integration, that make predictions 

usable by risk officers, lenders, and regulators; and (3) the data and platform foundations, such 

as secure hybrid cloud storage and configurable enterprise workflows, on which these systems 

depend. The review also draws on predictive decision support, cloud data management, and 

customer relationship management (CRM) research from healthcare, a domain that shares 

finance's high stakes, sensitive data, and regulatory scrutiny. The evidence shows that ML 

models, particularly gradient-boosted ensembles and deep learning, often outperform 

traditional statistical models in accuracy. Their value in practice, however, depends on 

interpretability, data quality, handling of class imbalance and concept drift, fairness, and 

governance under model risk management rules. The review proposes an integrated framework 

linking data foundations, predictive analytics, explainable decision support, and workflow-

driven action, and it outlines directions for future research. 

 

Keywords: artificial intelligence, predictive analytics, financial risk assessment, credit scoring, 

fraud detection, decision support systems, explainable AI, model risk management, cloud 
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computing 

1. Introduction 

Risk assessment sits at the center of financial decision-making. Lenders decide whom to lend 

to and at what price, banks decide how much capital to hold, investors decide how to size 

positions, and supervisors decide which institutions need closer attention. Each decision 

depends on an estimate of what might go wrong and how likely it is. For decades these estimates 

came from statistical models such as discriminant analysis and logistic regression, applied to a 

limited set of financial ratios and bureau variables (Altman, 1968; Beaver, 1966; Ohlson, 1980). 

Those models remain widely used because they are transparent and well understood. They also 

have limits. They assume mostly linear relationships, they use a small number of structured 

variables, and they are usually re-estimated only periodically. Today's financial data are much 

larger and more varied, spanning transaction streams, market tick data, digital footprints, news, 

and filings. Traditional models were not designed to exploit data at this scale or speed. 

AI-driven predictive analytics addresses these limits. ML models can learn non-linear 

interactions among many variables, adapt as new data arrive, and process unstructured sources 

such as text (Aziz & Dowling, 2019; Leo et al., 2019). Benchmark studies in credit scoring 

(Baesens et al., 2003; Lessmann et al., 2015), fraud detection (Dal Pozzolo et al., 2018; West 

& Bhattacharya, 2016), bankruptcy prediction (Barboza et al., 2017), and market forecasting 

(Fischer & Krauss, 2018; Gu et al., 2020) report meaningful gains over traditional baselines. 

Prediction alone does not improve decisions. A model's output has to be understood, trusted, 

embedded in a process, and acted on. This is where explainability (Lundberg & Lee, 2017; 

Bussmann et al., 2021), decision support design, and enterprise workflow architecture 

(Basireddy, 2022) matter. Useful lessons also come from healthcare, which has spent years 

building predictive clinical decision support systems (Predictive Analytics Framework for 

Clinical Decision Support Systems, 2017; Sutton et al., 2020) and managing large volumes of 

sensitive data in the cloud (A Hybrid Cloud Storage Architecture for Large-Scale Medical Data, 

2017; Sannidhanam & Alladi, 2017). 

This review has four objectives: 

1. To synthesize evidence on AI and ML techniques used for predictive financial risk 

assessment across risk types. 

2. To examine how predictive outputs are converted into decisions through explainable 

decision support and workflow integration. 
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3. To identify the data, infrastructure, and governance foundations that AI-driven financial 

risk systems require, including lessons transferable from healthcare analytics. 

4. To set out the main challenges and directions for future research. 

 

 

2. Review Methodology 

2.1 Review design 

The review follows a structured, PRISMA-informed approach (Page et al., 2021) combined 

with thematic synthesis. This design suits a literature that spans finance, computer science, 

information systems, and adjacent applied domains. 

2.2 Research questions 

• RQ1: Which AI and ML techniques are used for predictive assessment of financial risk, 

and how do they compare with traditional methods? 

• RQ2: How are predictive outputs turned into financial decisions, and what role do 

explainability and decision support design play? 

• RQ3: What data, platform, and workflow foundations do AI-driven financial risk systems 

require? 

• RQ4: What challenges and research gaps remain? 

 

2.3 Inclusion criteria 

Studies were included if they (a) applied or evaluated AI/ML methods for assessing financial 

risk, (b) addressed decision support, explainability, or governance of predictive models in high-

stakes settings, or (c) described data, cloud, or workflow architectures that enable predictive 

analytics in regulated, data-intensive domains. Selected studies from healthcare were included 

under criterion (b) or (c) where their methods transfer directly to financial settings. To keep the 

review within a stable body of evidence, only studies published in or before 2023 were 

included. Foundational works from earlier decades were retained where they define the 

baselines against which AI methods are compared. 

 

2.4 Data extraction and synthesis 

For each study, the review recorded the risk type or application domain, the analytical 

technique, the function addressed (prediction, decision support, or enabling infrastructure), and 
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the reported strengths and limitations. Findings were grouped into the themes in Sections 4 to 

6. 

Note on reproducibility: Researchers extending this review should report database names, 

search strings, search dates, and record counts at each screening stage in a PRISMA 2020 flow 

diagram (Page et al., 2021). 

 

 

3. Background: From Statistical Scoring to AI-Driven Prediction 

3.1 Traditional foundations 

Modern quantitative risk assessment began with ratio-based failure prediction. Beaver (1966) 

showed that individual financial ratios could signal corporate failure years in advance. Altman 

(1968) combined ratios through multiple discriminant analysis into the Z-score, still one of the 

best-known distress indicators. Ohlson (1980) introduced a logistic regression model that 

produced probabilities rather than scores. In consumer lending, logistic regression scorecards 

became the industry standard because they are simple to build, easy to explain, and accepted 

by regulators. 

 

3.2 The shift to machine learning 

From the late 1990s, researchers began testing ML classifiers against these baselines. Baesens 

et al. (2003) benchmarked a range of algorithms on credit data and found that neural networks 

and support vector machines performed well, though logistic regression and linear discriminant 

analysis remained competitive. A decade later, Lessmann et al. (2015) updated this benchmark 

with a larger set of classifiers and found that heterogeneous ensembles and random forests 

generally outperformed the industry-standard logistic regression. Scalable gradient boosting 

implementations such as XGBoost (Chen & Guestrin, 2016) and ensemble methods such as 

random forests (Breiman, 2001) became common tools for financial risk prediction. 

Deep learning expanded the scope further. Long short-term memory (LSTM) networks 

(Hochreiter & Schmidhuber, 1997) made it possible to model long temporal dependencies in 

market and transaction data. Surveys by Ozbayoglu et al. (2020) and Sezer et al. (2020) 

document the rapid growth of deep learning in financial applications, from price forecasting to 

credit and fraud analytics. 

Table 1 summarizes how each generation of methods compares. 
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Table 1. Evolution of methods for financial risk assessment 

Generation Typical methods Strengths Limitations 
Statistical Discriminant analysis, 

logistic regression, ratio 

models 

Transparent, stable, 

regulator-accepted 
Linear assumptions, few 

variables, slow to adapt 

Classical ML Decision trees, SVM, 

random forests, gradient 

boosting 

Captures non-linearity and 

interactions, higher accuracy 
Less interpretable, 

sensitive to imbalance and 

drift 
Deep learning MLP, LSTM, CNN, 

autoencoders 
Learns from sequences and 

high-dimensional data 
Data-hungry, opaque, 

harder to validate 
Language models FinBERT, transformer-

based LLMs 
Extracts risk signals from 

text such as news and filings 
Domain adaptation, 

hallucination, governance 

maturity 

 

 

3.3 Predictive analytics as a decision discipline 

Shmueli and Koppius (2011) distinguish predictive analytics from explanatory statistical 

modeling. The goal of prediction is to forecast new or future observations accurately, not to 

test causal theory. This distinction explains much of the tension in AI-driven finance: the 

models that predict best are not always the ones that explain best, and financial decisions often 

require both. 

 

 

4. Findings: Predictive Analytics Across Financial Risk Types 

4.1 Credit risk 

Credit risk is the most extensively studied application. Beyond the benchmark studies above, 

Khandani et al. (2010) trained ML models on combined transaction and credit bureau data for 

a major commercial bank's customers. Their models forecast consumer credit delinquencies 

several months ahead and could have reduced losses substantially through earlier credit line 

reductions. Kruppa et al. (2013) showed that ML methods such as random forests could produce 

well-calibrated individual default probabilities, not just classifications, which matters for 

pricing and capital calculations. 

New data sources have widened the range of predictors. Berg et al. (2020) found that simple 

digital footprint variables, such as device type and email provider, predicted default as well as 

credit bureau scores and complemented them. This finding suggests that AI-driven scoring 

could extend credit to thin-file borrowers. It also raises questions about fairness and privacy, 
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discussed in Section 7. 

Systematic reviews by Bhatore et al. (2020) and Leo et al. (2019) confirm that ensemble 

methods and neural networks dominate recent credit risk research. They also note recurring 

weaknesses: limited use of real-world proprietary datasets, inconsistent evaluation metrics, and 

little attention to interpretability. 

 

4.2 Fraud detection 

Fraud detection is a highly imbalanced prediction problem. Fraudulent transactions are rare, 

fraud patterns change as fraudsters adapt, and labels often arrive late. Ngai et al. (2011) and 

West and Bhattacharya (2016) review the techniques applied, including classification, 

clustering, outlier detection, and hybrid methods. Dal Pozzolo et al. (2018) showed with real 

card transaction data that realistic fraud detection must account for concept drift, delayed 

feedback, and the limited number of alerts investigators can review. Their work shifted 

evaluation from overall accuracy toward precision among the top-ranked alerts. 

Class imbalance is a recurring technical challenge. Resampling methods such as SMOTE 

(Chawla et al., 2002) and cost-sensitive learning are widely used. Brown and Mues (2012) 

showed that the performance ranking of classifiers changes as data become more imbalanced, 

with random forests and gradient boosting remaining robust. 

 

4.3 Market risk and financial forecasting 

For market risk, AI models are used to forecast returns, volatility, and price movements that 

feed into value-at-risk and portfolio decisions. Fischer and Krauss (2018) found that LSTM 

networks outperformed random forests, standard deep networks, and logistic regression in 

predicting the direction of S&P 500 constituent returns. Gu et al. (2020) compared many ML 

methods for empirical asset pricing and found that trees and neural networks produced large 

gains in predictive performance, mainly by capturing non-linear interactions among predictors. 

Sirignano and Cont (2019) trained deep learning models on high-frequency order book data 

and found evidence of universal price formation features across stocks, which suggests that 

models can generalize beyond individual assets. 

 

4.4 Corporate distress and bankruptcy prediction 

Corporate failure prediction has moved from Altman's Z-score to ML ensembles. Barboza et 
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al. (2017) compared ML models with traditional statistical methods for bankruptcy prediction 

on North American firm data. Bagging, boosting, and random forests achieved about 10 

percentage points higher accuracy than discriminant analysis, logistic regression, and neural 

networks. Such models support credit decisions on corporate borrowers, counterparty risk 

assessment, and investment screening. 

 

4.5 Systemic and institutional risk 

AI is also applied to risks that span institutions. Kou et al. (2019) reviewed ML methods for 

systemic risk analysis, including network analysis, sentiment analysis, and big data approaches 

for detecting contagion and early warning signals. The Financial Stability Board (2017) noted 

that the spread of AI in financial services could improve risk monitoring and supervisory 

technology but could also create new systemic risks. These include concentration among a few 

technology providers and correlated behavior among institutions that use similar models. 

 

4.6 Text and alternative data 

Much risk-relevant information is in text: earnings calls, regulatory filings, news, and analyst 

reports. Transformer-based language models adapted to finance, such as FinBERT (Araci, 

2019), improved financial sentiment classification over general-purpose models. 

BloombergGPT (Wu et al., 2023) showed that a large language model trained on a mix of 

financial and general data could perform well on financial NLP tasks without losing general 

capability. These models allow qualitative signals such as litigation risk, management tone, or 

emerging controversies to enter risk assessment systematically. 

Across risk types, AI methods usually outperform traditional statistical baselines, especially 

where relationships are non-linear, data are high-dimensional, or information is unstructured. 

The size of the gain varies with data quality, class imbalance, and evaluation design, and gains 

measured offline do not always carry over to production. 

 

4.7 Synthesis for RQ1 

 

Table 2. AI techniques by financial risk type 

Risk type Dominant AI techniques Representative studies 
Consumer 

and SME 

credit 

Random forests, gradient boosting, 

neural networks, alternative data 
Khandani et al. (2010); Lessmann et al. (2015); Berg 

et al. (2020) 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

132 

 

Fraud Imbalance-aware classifiers, anomaly 

detection, drift-adaptive learning 
Dal Pozzolo et al. (2018); West & Bhattacharya 

(2016) 
Market risk LSTM, deep networks, tree ensembles Fischer & Krauss (2018); Gu et al. (2020); Sirignano 

& Cont (2019) 
Corporate 

distress 
Bagging, boosting, random forests Barboza et al. (2017) 

Systemic risk Network analysis, sentiment analysis, 

big data methods 
Kou et al. (2019) 

Text-based 

risk signals 
FinBERT, finance-specific LLMs Araci (2019); Wu et al. (2023) 

 

 

5. Findings: From Prediction to Decision 

5.1 Explainability as a condition for use 

In finance, a prediction that cannot be explained is often a prediction that cannot be used. Lenders 

in many jurisdictions must give applicants reasons for adverse credit decisions. Supervisors 

expect institutions to understand and validate the models they rely on. Risk committees need to 

know why a model flags a counterparty before acting. 

Post-hoc explanation methods address this need. LIME (Ribeiro et al., 2016) explains individual 

predictions by fitting simple local models. SHAP (Lundberg & Lee, 2017) attributes each 

prediction to its input features using a game-theoretic approach with desirable consistency 

properties. Bussmann et al. (2021) applied SHAP to an XGBoost credit risk model for SME 

lending and grouped borrowers by the similarity of their explanations. The result was an accurate 

model whose decisions could be explained to regulators and credit officers. Arrieta et al. (2020) 

provide a broad taxonomy of explainable AI and place explainability within responsible AI more 

generally. 

Rudin (2019) takes a different position. She argues that for high-stakes decisions, inherently 

interpretable models should be preferred over black-box models with post-hoc explanations, 

because such explanations can be unfaithful to the underlying model. In credit scoring, where the 

accuracy gap between well-built interpretable models and complex models is sometimes small, 

this argument carries weight. A practical design rule follows: choose the simplest model that 

meets the accuracy requirement and use complex models with validated explanations only where 

the gain justifies the added opacity. 

 

5.2 Lessons from clinical decision support 

Healthcare offers a mature reference point for predictive decision support in high-stakes, 

regulated settings. The Predictive Analytics Framework for Clinical Decision Support Systems 
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(2017) describes a framework that takes data from patient records, applies predictive models, 

and delivers risk-based recommendations to clinicians at the point of care. Its structure applies 

directly to finance: data integration, predictive modeling, and presentation of risk-stratified 

recommendations to a human decision-maker who keeps final authority. A credit officer 

reviewing a loan file or an analyst triaging fraud alerts is in a similar position to a clinician 

reviewing a patient's risk score. 

Sutton et al. (2020) review the benefits and risks of clinical decision support systems. Several 

of their observations transfer to finance: 

• Alert fatigue. Systems that generate too many low-value alerts get ignored. The same 

happens in fraud and anti-money-laundering monitoring, where false-positive rates are 

high. 

• Workflow fit. Decision support works best when embedded in existing workflows rather 

than added as a separate tool. 

• Maintenance. Knowledge bases and models degrade without ongoing upkeep, which 

parallels model drift in finance. 

• Accountability. Responsibility must stay clearly with human decision-makers, with the 

system in an advisory role. 

These parallels suggest that financial institutions can learn from healthcare's experience with 

implementation, not only from its algorithms. 

 

5.3 Customer-centric risk analytics 

Many financial risks show up first in customer behavior: missed payments, changes in spending 

patterns, account dormancy, or rising complaint frequency. CRM systems hold much of this 

behavioral data. Sannidhanam and Alladi (2017) describe cloud-based CRM systems in 

healthcare that integrate patient data across channels to improve engagement, personalize 

communication, and support follow-up. The underlying capability, a unified and continuously 

updated customer view linked to analytics and outreach, is also the basis for customer-level 

financial risk management. Integrated CRM data can support early-warning models for 

delinquency, trigger proactive contact such as restructuring offers before default, and link risk 

scoring to customer retention decisions. Treating risk analytics and customer engagement as 

connected functions lets institutions act earlier and with less harm to the customer relationship 

than purely reactive collections. 
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5.4 Workflow integration and actionability 

A risk score has value only if it triggers the right action at the right time. Basireddy (2022) 

examines how risk management can be digitized through configurable enterprise workflow 

architecture. In many organizations risk processes are manual, fragmented across spreadsheets 

and email, and hard-coded into rigid systems that are slow to change. Configurable workflows 

let organizations define risk identification, assessment, approval, escalation, and remediation 

steps as adaptable process definitions, with audit trails built in. 

For AI-driven financial risk systems, this architecture closes the gap between prediction and 

action. A model output, such as a credit downgrade signal, a fraud score above threshold, or a 

breach of a concentration limit, can route automatically to the right reviewer, apply the correct 

approval hierarchy, and record every step for audit. When regulations, risk appetite, or model 

thresholds change, configurable workflows can be updated without rebuilding the underlying 

systems. This reduces the risk that operational processes lag behind analytical insight. 

 

 

6. Findings: Data and Platform Foundations 

6.1 Managing large, sensitive datasets 

Predictive financial models need large volumes of historical and real-time data. These data are 

highly sensitive and subject to strict rules on privacy, security, and location. Healthcare faces a 

very similar problem. The study on A Hybrid Cloud Storage Architecture for Large-Scale 

Medical Data (2017) proposes combining private infrastructure for sensitive records with 

public cloud resources for scalable storage and processing. The arrangement balances security 

and compliance against cost and elasticity. 

The same pattern fits financial institutions. Customer-identifiable data and regulated records 

can stay in private or on-premises environments, while anonymized or aggregated data used for 

model training and large-scale computation can use elastic public cloud capacity. This gives 

institutions the computing power that ML model training requires while respecting data 

residency, confidentiality, and regulatory requirements. Cloud-based platforms, such as those 

described for healthcare CRM (Sannidhanam & Alladi, 2017), also make it easier to combine 

data from multiple channels into the unified views that predictive models need. 
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6.2 Risk data aggregation and quality 

Model accuracy is limited by data quality. The Basel Committee on Banking Supervision's 

principles for risk data aggregation and risk reporting (BCBS, 2013) require banks to produce 

accurate, complete, timely, and adaptable risk data across the organization. These principles 

were written before the spread of AI, but they describe exactly the data foundation that AI 

models need. Institutions with fragmented, inconsistent data architectures will struggle to 

realize the gains that benchmark studies report. 

 

6.3 Monitoring and concept drift 

Financial environments change. Economic cycles shift default rates, fraudsters change tactics, 

and market regimes change the relationships between variables. Gama et al. (2014) survey 

methods for detecting and adapting to concept drift, the change over time in the statistical 

relationship between inputs and targets. Production financial risk systems therefore need 

continuous monitoring of input distributions and model performance, with defined triggers for 

recalibration or retraining. Dal Pozzolo et al. (2018) show why this matters for fraud, where 

models that are not updated lose effectiveness quickly. 

 

 

7. Discussion 

7.1 Answering the research questions 

RQ1 (techniques). Tree-based ensembles, particularly random forests and gradient boosting, 

are the most consistently strong performers for structured credit, fraud, and distress data. Deep 

learning, especially LSTM networks, leads for sequential market and transaction data. Finance-

specific language models are extending prediction to unstructured text. Across studies, AI 

methods generally outperform traditional statistical models, though the margin depends heavily 

on the data and evaluation design. 

RQ2 (decisions). Predictions improve decisions when they are explainable, calibrated, and 

embedded in workflows that put them in front of the right person with the right authority. 

Explainability methods such as SHAP, lessons from clinical decision support, integration with 

customer engagement systems, and configurable workflow architecture (Basireddy, 2022) are 

the main ways this happens. 

RQ3 (foundations). AI-driven financial risk systems depend on secure, scalable data 
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infrastructure such as hybrid cloud architectures, on high-quality aggregated risk data, on 

continuous monitoring for drift, and on configurable workflows that turn outputs into audited 

actions. 

RQ4 (challenges). These are set out below. 

 

7.2 An integrated framework 

The findings point to a four-layer framework for AI-driven financial risk assessment, 

summarized in Table 3. 

 

Table 3. Integrated framework for AI-driven financial risk assessment and decision-making 

Layer Function Key enablers Supporting studies 
Data foundation Collect, store, and 

integrate sensitive 

financial and customer 

data 

Hybrid cloud storage, risk 

data aggregation, unified 

customer views 

Hybrid Cloud Storage 

(2017); Sannidhanam & 

Alladi (2017); BCBS 

(2013) 
Predictive 

analytics 
Estimate probability and 

impact of risk events 
Ensembles, deep learning, 

NLP, imbalance and drift 

handling 

Lessmann et al. (2015); Gu 

et al. (2020); Dal Pozzolo 

et al. (2018) 
Decision support Make predictions 

understandable and 

actionable 

Explainability, risk 

stratification, human-in-the-

loop design 

Bussmann et al. (2021); 

Predictive Analytics 

Framework for CDSS 

(2017); Sutton et al. (2020) 
Action and 

governance 
Route decisions, enforce 

controls, and ensure 

accountability 

Configurable workflows, 

audit trails, model risk 

management 

Basireddy (2022); Board of 

Governors of the Federal 

Reserve System & OCC 

(2011) 

 

 

7.3 Challenges and limitations 

1. Interpretability versus accuracy. The most accurate models are often the least transparent, 

which creates friction with regulatory requirements for explaining adverse decisions 

(Rudin, 2019; Bussmann et al., 2021). 

2. Fairness and discrimination. ML models can reproduce or amplify historical bias. Fuster 

et al. (2022) found that ML credit models in the US mortgage market would increase 

disparity in outcomes between some racial and ethnic groups, even as they improved 

overall accuracy. Alternative data sources such as digital footprints (Berg et al., 2020) 

raise similar concerns. 

3. Class imbalance and rare events. Defaults, frauds, and crises are rare, which makes 

models hard to train and evaluate reliably (Brown & Mues, 2012; Chawla et al., 2002). 
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4. Concept drift and non-stationarity. Relationships learned in one period may fail in 

another, particularly around economic shocks (Gama et al., 2014). 

5. Model risk. Supervisory guidance such as SR 11-7 (Board of Governors of the Federal 

Reserve System & OCC, 2011) requires rigorous development, validation, and 

governance of models. Complex AI models make independent validation harder. 

6. Data privacy and security. Financial and customer data are highly sensitive. Architectures 

must balance analytical access against confidentiality and data residency, a problem 

healthcare has addressed through hybrid cloud designs (Hybrid Cloud Storage, 2017). 

7. Systemic effects. Widespread use of similar models and data providers could lead to 

correlated decisions and new forms of systemic risk (Financial Stability Board, 2017). 

8. Research gaps in evaluation. Many studies use public benchmark datasets that do not 

reflect production conditions, and evaluation metrics are inconsistent across studies 

(Bhatore et al., 2020; Lessmann et al., 2015). 

 

 

8. Future Research Directions 

1. Interpretable-by-design models for credit. Further work on models that match ensemble 

accuracy while staying inherently interpretable, and on standards for validating post-hoc 

explanations. 

2. Fairness-aware prediction. Methods and evaluation protocols that measure and reduce 

disparate impact without large losses in accuracy, tested on real lending data. 

3. Drift-robust and adaptive systems. Research on early detection of regime change and on 

safe, governed retraining for production risk models. 

4. Cross-domain transfer. Systematic study of how decision support, data architecture, and 

engagement practices from healthcare can be adapted to financial risk management, 

building on the parallels identified in this review. 

5. Workflow-analytics co-design. Empirical studies measuring how configurable workflow 

architectures (Basireddy, 2022) affect the time from risk signal to action and the quality 

of the resulting decisions. 

6. Language models for risk. Rigorous evaluation of finance-specific language models for 

risk extraction from text, including reliability, hallucination, and auditability. 

7. Privacy-preserving analytics. Approaches such as federated learning and secure hybrid 
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cloud processing that let institutions train on richer data without centralizing sensitive 

records. 

8. End-to-end evaluation. Moving beyond offline accuracy toward measuring the business 

and customer outcomes of AI-driven risk decisions in production. 

 

 

9. Conclusion 

AI-driven predictive analytics has changed financial risk assessment. Research published up to 

2023 shows that ML ensembles, deep learning, and language models can outperform traditional 

statistical methods for credit, fraud, market, distress, and systemic risk, and can use data sources 

earlier methods could not. This review also shows that predictive accuracy is only part of the 

picture. Better decisions depend on explainable outputs, decision support designed around the 

people who use it, integration with customer engagement, and configurable workflows that turn 

signals into audited actions. They also depend on secure, well-governed data foundations and 

continuous monitoring as conditions change. 

Healthcare's experience with predictive clinical decision support, hybrid cloud data 

management, and cloud-based engagement systems offers practical lessons for finance, because 

both domains combine high stakes, sensitive data, and strict regulation. For practitioners, the 

main implication is that investment in predictive models should be matched by investment in 

data architecture, workflow integration, explainability, and model governance. For researchers, 

the priorities are fair and interpretable models, robustness to drift, cross-domain transfer of 

implementation practice, and evaluation of AI-driven risk systems by their real-world 

outcomes. 

 

 

References 

1. Adebayo, A., Adegbite, M. P., & Ahmed, M. O. (2022). Adversarial machine learning in 

critical infrastructure: A conceptual framework for threat modeling AI-enabled OT systems. 

World Journal of Innovation and Modern Technology, 6(1), 184-234. 

https://doi.org/10.56201/wjimt.v6.no1.2022.pg184.234 

2. Adebayo, A., Adegbite, M. P., & Ahmed, M. O. (2023b). AI-augmented threat detection in 

industrial control systems: A systematic review of machine learning approaches for ICS 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

139 

 

anomaly detection. International Journal of Engineering and Modern Technology, 9(3), 287-

340. https://doi.org/10.56201/ijcsmt.v9.no3.2023.pg287.340 

3. Adebayo, A., Adepoju, P. A., & Ozowara, D. E. (2023a). Conceptual model for cyber risk 

pricing and insurance structuring in health technology platforms. Gyanshauryam, 

International Scientific Refereed Research Journal, 6(6). 

4. Adebayo, A., Anunagba, C. O., & Ozowara, D. E. (2025). A review of zero trust security 

models and cost effectiveness in healthcare infrastructure. International Journal of Advanced 

Multidisciplinary Research and Studies, 5(6), 2269-2283. 

https://doi.org/10.62225/2583049X.2025.5.6.6051 

5. Adegbite, M. P., Adebayo, A., & Ahmed, M. O. (2020). Securing operational technology 

networks in electric utilities: A systematic review of NERC CIP compliance and architectural 

threat mitigation. International Journal of Engineering and Modern Technology, 6(3), 103-

146. https://doi.org/10.56201/ijemt.vol.6.no3.2020.pg103.146 

6. Adegbite, M. P., Adebayo, A., & Ahmed, M. O. (2022). A security architecture model for IT 

and OT convergence in regulated energy networks: Design principles and governance 

alignment. International Journal of Computer Science and Mathematical Theory, 8(2), 81-

132. https://doi.org/10.56201/ijcsmt.v8.no2.2022.pg81.132 

7. Adegbite, M. P., Adebayo, A., & Ahmed, M. O. (2023). ICS and SCADA threat detection 

architectures in energy sector networks: A systematic review of SIEM, NDR, and anomaly 

detection approaches. World Journal of Innovation and Modern Technology, 7(2), 121-182. 

https://doi.org/10.56201/wjimt.v7.no2.2023.pg121.182 

8. Adegbite, M. P., Adebayo, A., & Ahmed, M. O. (2024a). A vulnerability governance 

architecture for power and utilities corporations: From exposure mapping to remediation 

verification. World Journal of Innovation and Modern Technology, 8(6), 185-246. 

https://doi.org/10.56201/wjimt.v8.no6.2024.pg185.246 

9. Adegbite, M. P., Adebayo, A., & Ahmed, M. O. (2024b). An AI-driven security operations 

architecture for utility sector SOCs: Integrating threat intelligence, behavioral analytics, and 

automated response. International Journal of Engineering and Modern Technology, 10(11), 

197-256. https://doi.org/10.56201/ijemt.v10.no11.2024.pg197.256 

10. Adegbite, M. P., Adebayo, A., & Ahmed, M. O. (2025). A cyber risk quantification and 

governance architecture for critical infrastructure: From posture measurement to executive 

reporting. International Journal of Computer Science and Mathematical Theory, 11(12), 232-



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

140 

 

293. https://doi.org/10.56201/ijcsmt.vol.11.no12.2025.pg232.293 

11. Adeyelu, O.O. & Dagodzo, D. (2024). Advances in Artificial Intelligence and Data-Driven 

Wildlife Hazard Monitoring and Incident Reduction at International Airports in West Africa. 

International Journal of Scientific Research in Science and Technology, 11(5), pp.872–910. 

https://doi.org/10.32628/IJSRST52310285. 

12. Adeyelu, O.O. (2018). A Predictive Compliance Monitoring Framework for Detecting 

Systemic Safety Risks Through Aviation Consumer Complaint Data. Iconic Research and 

Engineering Journals, 1(8), pp.250–276. https://doi.org/10.64388/IREV1I8-1718478. 

13. Adeyelu, O.O. (2019). An Adaptive Safety Management System Implementation Model for 

Aerodromes in Developing Economy Contexts. Iconic Research and Engineering Journals, 

3(4), pp.628–654. https://doi.org/10.64388/IREV3I4-1718479. 

14. Adeyelu, O.O. (2020). An Artificial Intelligence-Driven Conceptual Model for Wildlife 

Strike Risk Quantification and Aircraft Airworthiness Impact Assessment at High-Traffic 

African Airports. Iconic Research and Engineering Journals, 4(1), pp.339–368. 

https://doi.org/10.64388/IREV4I1-1718482. 

15. Agbabiaka, J., Okonkwo, C.S., Ogunwole, O., Mayo, W. & Okeke, O.T. (2019). Supply 

Chain Risk Management Model for EPC and Gas Processing Projects. Iconic Research and 

Engineering Journals, 3(2), pp.968–980. https://doi.org/10.64388/IREV3I2-1713124. 

16. Ahmed, M. O., Adegbite, M. P., & Adebayo, A. (2021). Zero trust architecture for operational 

technology in North American critical infrastructure: A framework for implementation and 

resilience optimization. International Journal of Engineering and Modern Technology, 7(1), 

66-113. https://doi.org/10.56201/ijemt.vol.7.no1.2021.pg66.113 

17. Akin-Oluyomi, O. T., Okoruwa, P. O., Babatope, O. M., & Akokodaripon, D. A. (2023). 

Evaluating supplier sustainability metrics through data-driven procurement and supply chain 

frameworks. International Journal of Advanced Multidisciplinary Research and Studies, 3(6), 

2213-2223. 

18. Akinlolu, V. S., Fapohunda, M., Omaghomi, T. T., Atima, M. E., & Igweonu, C. (2023). A 

proposed care-coordination framework for reducing readmissions among chronic disease 

patients. International Journal of Multidisciplinary Research and Growth Evaluation, 4(5), 

1187-1195. https://doi.org/10.54660/.IJMRGE.2023.4.5.1187-1195 

19. Akinlolu, V. S., Omaghomi, T. T., & Fapohunda, M. (2024). A data-driven framework for 

improving health facility preparedness and disaster risk mitigation in urban hospitals. 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

141 

 

International Journal of Advanced Multidisciplinary Research and Studies, 4(6), 2757-2769. 

20. Akinlolu, V. S., Omaghomi, T. T., & Fapohunda, M. (2025). A conceptual model for 

improving orthopedic postoperative outcomes through structured neurovascular monitoring 

protocols. International Journal of Advanced Multidisciplinary Research and Studies, 5(6), 

1501-1512. 

21. Akinlolu, V. S., Omaghomi, T. T., Fapohunda, M., & Atima, M. E. (2022). A systems-level 

policy framework for integrating mental health screening into primary healthcare in low-

resource settings. International Journal of Multidisciplinary Research and Growth 

Evaluation, 3(6), 879-887. https://doi.org/10.54660/.IJMRGE.2022.3.6.879-887 

22. Anene, U. N., & Clement, T. (2022). A resilient logistics framework for humanitarian supply 

chains: Integrating predictive analytics, IoT, and localized distribution to strengthen 

emergency response systems. International Journal of Scientific Research in Computer 

Science, Engineering and Information Technology, 8(5), 398-424. 

23. Annan, A. O. (2025). Automated decision-making and anti-discrimination compliance under 

U.S. law. International Journal of Advanced Multidisciplinary Research and Studies, 5(2), 

2522-2540. 

24. Arumosoye, O.M. & Obriki, O.D. (2018). Development of an Integrated Heat Stress Risk 

Conceptual Model for Industrial Operations in Extreme Environments. Iconic Research and 

Engineering Journals, 1(12), pp.141–160. https://doi.org/10.64388/IREV1I12-1714415. 

25. Arumosoye, O.M. & Obriki, O.D. (2019). Systematic Review of Near-Miss and Hazard 

Observation Data Utilization in Industrial Safety Management. Iconic Research and 

Engineering Journals, 3(2), pp.981–999. https://doi.org/10.64388/IREV3I2-1714417. 

26. Arumosoye, O.M. & Obriki, O.D. (2020). A Governance-Oriented Conceptual Model for 

Contractor Safety Performance in Multi-Contract Industrial Projects. International Journal of 

Multidisciplinary Research and Growth Evaluation, 1(5), pp.728–740. 

https://doi.org/10.54660/IJMRGE.2020.1.5.728-740. 

27. Arumosoye, O.M. & Obriki, O.D. (2021). Organizational Learning-Based Conceptual 

Maturity Model for Continuous Safety Performance Improvement. International Journal of 

Multidisciplinary Research and Growth Evaluation, 2(1), pp.970–980. 

https://doi.org/10.54660/IJMRGE.2021.2.1.970-980. 

28. Arumosoye, O.M. & Obriki, O.D. (2022). Conceptual Risk Pathway Model for Lifting and 

Rigging Operations in Heavy Industrial Construction. Gyanshauryam, International 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

142 

 

Scientific Refereed Research Journal, 5(5), pp.346–369. 

https://doi.org/10.32628/GISRRJ2256237. 

29. Arumosoye, O.M. & Obriki, O.D. (2023). Conceptual Model for Emergency Response 

Readiness and Capability in Energy and Process Facilities. International Journal of Scientific 

Research in Computer Science, Engineering and Information Technology, 9(3), pp.897–917. 

https://doi.org/10.32628/CSEIT25112791. 

30. Arumosoye, O.M. & Obriki, O.D. (2024). Conceptual Model of Safety Leadership Influence 

in Large Temporary Project Organizations. International Journal of Advanced 

Multidisciplinary Research and Studies, 4(6), pp.3034–3047. 

https://doi.org/10.62225/2583049X.2024.4.6.5895. 

31. Arumosoye, O.M., Obriki, O.D. & Ozobu, C.O. (2025). Conceptual Framework for 

Environmental Risk Control and ESG Performance Through Waste Handling and 

Operational Discipline. Gyanshauryam, International Scientific Refereed Research Journal, 

8(4), pp.177–198. https://doi.org/10.32628/GISRRJ258367. 

32. Asiedu, C. S. (2022a). Drug interaction risk in antenatal care: A conceptual framework for 

systematic interaction screening. Shodhshauryam, International Scientific Refereed Research 

Journal, 5(3), 465-484. 

33. Asiedu, C. S. (2025a). A lean process-improvement framework for pharmaceutical inventory 

and distribution management. International Journal of Health and Pharmaceutical Research, 

10(12), 225-252. https://doi.org/10.56201/ijhpr.vol.10.no12.2025.pg225.252 

34. Asiedu, C. S., & Asiedu, A. A. (2022b). Last-mile drug distribution to underserved 

communities: A review of barriers and intervention models. Gyanshauryam, International 

Scientific Refereed Research Journal, 5(6), 439-466. 

35. Asiedu, C. S., & Asiedu, A. A. (2023a). Comparative bioavailability of fresh versus dried 

botanical compounds: A review and cost-effectiveness modelling framework. Research 

Journal of Pure Science and Technology, 6(3), 226-244. 

https://doi.org/10.56201/rjpst.v6.no3.2023.pg226.244 

36. Asiedu, C. S., & Asiedu, A. A. (2023b). Pharmaceutical supply chain inefficiencies and 

medication affordability in resource-constrained health systems: A narrative review. 

International Journal of Health and Pharmaceutical Research, 8(4), 192-222. 

https://doi.org/10.56201/ijhpr.v8.no4.2023.pg192.222 

37. Asiedu, C. S., & Asiedu, A. A. (2024a). Equitable access to chronic therapies in hospital 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

143 

 

pharmacy settings: A conceptual framework for continuity of care. International Journal of 

Medical Evaluation and Physical Report, 8(6), 274-298. 

https://doi.org/10.56201/ijmepr.v8.no6.2024.pg274.298 

38. Asiedu, C. S., & Asiedu, A. A. (2024b). Reconceptualizing quality assurance in 

pharmaceutical manufacturing as a determinant of supply reliability. International Journal of 

Health and Pharmaceutical Research, 9(5), 148-173. 

https://doi.org/10.56201/ijhpr.v9.no5.2024.pg148.173 

39. Asiedu, W., & Quainoo, R. (2023c). How far can energy harvesting take us? A systematic 

review of radio frequency strategies for energy autonomous sensing. Shodhshauryam, 

International Scientific Refereed Research Journal, 6(1), 448-466. 

40. Asiedu, W., & Quainoo, R. (2023d). Toward maintenance free wireless infrastructure: 

Simulating performance and reliability in large scale intermittently powered IoT networks. 

Gyanshauryam, International Scientific Refereed Research Journal, 6(1), 489-510. 

41. Asiedu, W., & Quainoo, R. (2024c). Rethinking energy, reliability, and latency trade-offs in 

green communication for next generation IoT. International Journal of Multidisciplinary 

Research and Growth Evaluation, 5(6), 1987-1994. 

42. Asiedu, W., & Quainoo, R. (2025b). GleanCast: Epoch-aligned reliable broadcast in 

batteryless intermittent sensor networks. International Journal of Engineering and Modern 

Technology, 11(12), 205-218. https://doi.org/10.56201/ijemt.vol.11.no12.2025.pg205.218 

43. Asiedu, W., Quainoo, R., & Asiedu, A. (2025c). A conceptual framework for characterizing 

fundamental energy, reliability, and latency trade-offs in green communication paradigms for 

next-generation IoT. International Journal of Advanced Multidisciplinary Research and 

Studies, 5(6), 2447-2453. https://doi.org/10.62225/2583049X.2025.5.6.6479 

44. Atakpa, M. I., Abolaji, T. O., & Abetoh, N. F. (2024). Statistical time-series models for long-

range public health trend forecasting: A review and conceptual framework. International 

Journal of Scientific Research in Computer Science, Engineering and Information 

Technology, 10(6), 2748-2780. https://doi.org/10.32628/CSEIT2410792 

45. Atakpa, M. I., Abolaji, T. O., & Akeju, B. (2023). A review of natural language processing 

for social media-based public health surveillance and analytics. International Journal of 

Scientific Research in Computer Science, Engineering and Information Technology, 9(6), 

1030-1060. https://doi.org/10.32628/CSEIT23906783 

46. Ayinde, M., Ojukwu, P. U., & Ohunyon, G. (2025). Organizational readiness for generative 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

144 

 

AI integration in healthcare operations: Comparative management capabilities between the 

U.S. and low- and middle-income countries. International Journal of Advanced 

Multidisciplinary Research and Studies, 5(6), 2207-2222. 

47. Badmus, O., Jooda, D., & Anunagba, C. O. (2024). A privacy-by-design framework for role-

based security architecture in Salesforce environments handling sensitive personal data. 

International Journal of Advanced Multidisciplinary Research and Studies, 4(6), 3244-3254. 

https://doi.org/10.62225/2583049X.2024.4.6.6243 

48. Brownstein, J. S., Freifeld, C. C., & Madoff, L. C. (2009). Digital disease detection: 

Harnessing the Web for public health surveillance. New England Journal of Medicine, 

360(21), 2153–2157. https://doi.org/10.1056/NEJMp0900702 

49. Cushing, L., Morello-Frosch, R., Wander, M., & Pastor, M. (2015). The haves, the have-nots, 

and the health of everyone: The relationship between social inequality and environmental 

quality. Annual Review of Public Health, 36, 193–209. https://doi.org/10.1146/annurev-

publhealth-031914-122646 

50. Dagodzo, D. & Ahiaeke Patrick, M.C. (2020). UAV-Based Pipeline and Corridor 

Monitoring: A Review of Current Practices and Emerging Technologies. Iconic Research and 

Engineering Journals, 3(10), pp.574–597. https://doi.org/10.64388/IREV3I10-1716084. 

51. Dagodzo, D. & Ahiaeke Patrick, M.C. (2021a). An Integrated Framework for UAV, LiDAR, 

and GIS in Infrastructure Corridor Management. International Journal of Scientific Research 

in Computer Science, Engineering and Information Technology, 7(5), pp.497–524. 

https://doi.org/10.32628/CSEIT217566. 

52. Dagodzo, D. & Ahiaeke Patrick, M.C. (2021b). A Review of GIS Applications in Utility 

Asset Management and Infrastructure Planning. Iconic Research and Engineering Journals, 

5(3), pp.468–492. https://doi.org/10.64388/IREV5I3-1716085. 

53. Dagodzo, D. & Ahiaeke Patrick, M.C. (2022). A Review of Right-of-Way Encroachment 

Detection Methods Using Geospatial Technologies. International Journal of Scientific 

Research in Computer Science, Engineering and Information Technology, 8(1), pp.638–667. 

https://doi.org/10.32628/CSEIT2281226. 

54. Dagodzo, D. & Ahiaeke Patrick, M.C. (2023a). A Framework for Integrating Drone 

Operations into Enterprise GIS Systems for Utility Companies. International Journal of 

Scientific Research in Computer Science, Engineering and Information Technology, 9(4), 

pp.924–957. https://doi.org/10.32628/CSEIT23564536. 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

145 

 

55. Dagodzo, D. & Ahiaeke Patrick, M.C. (2023b). A Review of UAV Regulatory Frameworks 

in Developing Economies: Progress, Gaps, and Recommendations. International Journal of 

Scientific Research in Computer Science, Engineering and Information Technology, 9(4), 

pp.958–994. https://doi.org/10.32628/CSEIT23564537. 

56. Dagodzo, D. & Ahiaeke Patrick, M.C. (2025). A Framework for National-Scale UAV 

Deployment in Power Infrastructure: Lessons from Developing Economies. International 

Journal of Scientific Research in Computer Science, Engineering and Information 

Technology, 11(4), pp.779–824. https://doi.org/10.32628/CSEIT251116286. 

57. Dagodzo, D. (2018a). A Conceptual Framework for UAV Integration into National Power 

Grid Inspection Programs. Iconic Research and Engineering Journals, 2(5), pp.391–412. 

https://doi.org/10.64388/IREV2I5-1716082. 

58. Dagodzo, D. (2018b). A Review of UAV Applications in Electrical Transmission Line 

Inspection: Methods, Technologies, and Challenges. Iconic Research and Engineering 

Journals, 2(6), pp.234–254. https://doi.org/10.64388/IREV2I6-1716083. 

59. Ekechi, N. V., Anunagba, C. O., & Ozowara, D. E. (2022). Advances in financial forensics 

techniques for detecting cyber-enabled fraud in telemedicine services. Shodhshauryam, 

International Scientific Refereed Research Journal, 5(1), 428-450. 

60. Eze, F. I., Akinleye, O. K., & Anene, U. N. (2024a). Development of a cross-border 

regulatory harmonization model for African pharmaceutical markets: The ARCH-Model 

framework. International Journal of Health and Pharmaceutical Research, 9(5), 148-186. 

https://doi.org/10.56201/ijhpr.v9.no5.2024.pg148.186 

61. Eze, F. I., Akinleye, O. K., & Anene, U. N. (2024b). Development of a risk-based accelerated 

approval decision model balancing speed, safety, and evidence quality in pharmaceutical 

regulatory science. Research Journal of Pure Science and Technology, 7(6), 120-161. 

https://doi.org/10.56201/rjpst.v7.no6.2024.pg120.161 

62. Eze, F. I., Anene, U. N., & Akinleye, O. K. (2022a). Creation of a drug shortage early warning 

and regulatory response model for essential medicines in global health systems. Research 

Journal of Pure Science and Technology, 5(1), 57-95. 

https://doi.org/10.56201/rjpst.v5.no1.2022.pg57.95 

63. Eze, F. I., Anene, U. N., & Akinleye, O. K. (2022b). Design of an integrated regulatory 

readiness maturity model for pharmaceutical companies seeking global market entry. 

International Journal of Health and Pharmaceutical Research, 7(1), 77-112. 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

146 

 

https://doi.org/10.56201/ijhpr.v7.no1.2022.pg77.112 

64. Eze, F. I., Anene, U. N., & Akinleye, O. K. (2023). Pharmaceutical supply chain governance, 

environmental risk management, and sustainable access to essential medicines in emerging 

economies: The PSCG-ERM framework. International Journal of Health and Pharmaceutical 

Research, 8(4), 192-241. https://doi.org/10.56201/ijhpr.v8.no4.2023.pg192.241 

65. Fapohunda, M., Akinlolu, V. S., & Omaghomi, T. T. (2023b). A conceptual framework for 

enhancing telehealth adoption among rural and underserved populations in Nigeria and the 

United States. International Journal of Multidisciplinary Research and Growth Evaluation, 

4(6), 1348-1356. https://doi.org/10.54660/.IJMRGE.2023.4.6.1348-1356 

66. Fapohunda, M., Akinlolu, V. S., & Omaghomi, T. T. (2025a). A proposed model for 

improving patient flow efficiency through interdepartmental coordination and digital tracking 

systems. World Journal of Innovation and Modern Technology, 9(12), 129-149. 

https://doi.org/10.56201/wjimt.v9.no12.2025.pg129.149 

67. Fapohunda, M., Akinlolu, V. S., Omaghomi, T. T., & Atima, M. E. (2023a). A proposed 

framework for strengthening patient safety in high-acuity nursing units through integrated 

clinical policies. International Journal of Multidisciplinary Research and Growth Evaluation, 

4(5), 1196-1206. https://doi.org/10.54660/.IJMRGE.2023.4.5.1196-1206 

68. Fapohunda, M., Akinlolu, V. S., Omaghomi, T. T., & Atima, M. E. (2024a). A policy and 

research framework for strengthening emergency response coordination across hospital units. 

International Journal of Advanced Multidisciplinary Research and Studies, 4(6), 2791-2799. 

69. Fapohunda, M., Omaghomi, T. T., & Akinlolu, V. S. (2024b). A proposed framework for 

improving postoperative pain management through integrated nursing communication 

pathways. International Journal of Advanced Multidisciplinary Research and Studies, 4(6), 

2800-2811. 

70. Fapohunda, M., Omaghomi, T. T., Akinlolu, V. S., & Atima, M. E. (2025b). A policy-

oriented framework for strengthening behavioral health crisis response systems in multi-

hospital networks. International Journal of Health and Pharmaceutical Research, 10(12), 34-

51. https://doi.org/10.56201/ijhpr.vol.10.no12.2025.pg34.51 

71. Fapohunda, M., Omaghomi, T. T., Akinlolu, V. S., Igweonu, C., & Atima, M. E. (2023c). A 

policy-based model for strengthening antimicrobial stewardship programs in emerging 

economies. International Journal of Multidisciplinary Research and Growth Evaluation, 4(6), 

1369-1378. https://doi.org/10.54660/.IJMRGE.2023.4.6.1369-1378 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

147 

 

72. Fischhoff, B. (1995). Risk perception and communication unplugged: Twenty years of 

process. Risk Analysis, 15(2), 137–145. https://doi.org/10.1111/j.1539-6924.1995.tb00308.x 

73. Grandjean, P., & Landrigan, P. J. (2014). Neurobehavioural effects of developmental 

toxicity. The Lancet Neurology, 13(3), 330–338. https://doi.org/10.1016/S1474-

4422(13)70278-3 

74. Grant, K., Goldizen, F. C., Sly, P. D., et al. (2013). Health consequences of exposure to e-

waste: a systematic review. The Lancet Global Health, 1(6), e350–e361. 

75. Heacock, M., Kelly, C. B., Asante, K. A., Birnbaum, L. S., Bergman, Å. L., Bruné, M.-N., 

Buka, I., Carpenter, D. O., Chen, A., Huo, X., Kamel, M., Landrigan, P. J., Magalini, F., 

Diaz-Barriga, F., Neira, M., Omar, M., Pascale, A., Ruchirawat, M., Sly, L., Sly, P. D., Van 

den Berg, M., & Suk, W. A. (2016). E-waste and harm to vulnerable populations: A growing 

global problem. Environmental Health Perspectives, 124(5), 550–555. 

https://doi.org/10.1289/ehp.1509699 

76. Henning, K. J. (2004). Overview of syndromic surveillance: What is syndromic surveillance? 

MMWR Supplements, 53, 5–11. 

77. Igweonu, C., Omaghomi, T. T., Fapohunda, M., Akinlolu, V. S., & Atima, M. E. (2024). A 

strategic policy framework for enhancing continuity of care in patients with cardiometabolic 

conditions. International Journal of Advanced Multidisciplinary Research and Studies, 4(6), 

2779-2790. 

78. Ike, P. N., Aifuwa, S. E., Nnabueze, S. B., Olatunde-Thorpe, J., Ogbuefi, E., Oshoba, T. O., 

& Akokodaripon, D. (2024). Utilizing nanomaterials in healthcare supply chain management 

for improved drug delivery systems. International Journal of Advanced Multidisciplinary 

Research and Studies, 4(4), 1567-1572. https://doi.org/10.62225/2583049X.2024.4.4.5154 

79. Ike, P. N., Okojie, J. S., Nnabueze, S. B., Idu, J. O. O., Filani, O. M., & Ihwughwavwe, S. I. 

(2025). Digital twin-driven environmental compliance models for sustainable procurement 

in oil, gas, and utilities. International Journal of Advanced Multidisciplinary Research and 

Studies, 5(5), 562-576. 

80. Israel, B. A., Schulz, A. J., Parker, E. A., & Becker, A. B. (1998). Review of community-

based research: Assessing partnership approaches to improve public health. Annual Review 

of Public Health, 19, 173–202. https://doi.org/10.1146/annurev.publhealth.19.1.173 

81. Jimoh, H. O., Abolle-Okoyeagu, C. J., Ahmed, M. O., & Lawal, N. O. (2023). Advancing 

security in IoT-driven critical infrastructure: A focus on smart transportation system. 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

148 

 

American Journal of Engineering Research, 12(12), 33-46. 

82. Kawamoto, K., Houlihan, C. A., Balas, E. A., & Lobach, D. F. (2005). Improving clinical 

practice using clinical decision support systems: A systematic review of trials to identify 

features critical to success. BMJ, 330(7494), 765. 

https://doi.org/10.1136/bmj.38398.500764.8F 

83. Khoury, M. J., Iademarco, M. F. & Riley, W. T. (2016). Precision public health for the era of 

precision medicine. American Journal of Preventive Medicine, 50(3), 398–401. 

84. Kumuyi, O., Uzoka, E., Akeju, B., & Ozowara, D. E. (2024a). Framework for privacy-

focused digital identity verification supporting financial inclusion in Africa. International 

Journal of Advanced Multidisciplinary Research and Studies, 4(6), 3150-3162. 

https://doi.org/10.62225/2583049X.2024.4.6.6005 

85. Kumuyi, O., Uzoka, E., Akeju, B., & Ozowara, D. E. (2024b). Architecture for machine 

learning-enabled predictive energy management using IoT sensor networks. International 

Journal of Advanced Multidisciplinary Research and Studies, 4(6), 3138-3149. 

https://doi.org/10.62225/2583049X.2024.4.6.6004 

86. Morello-Frosch, R., Zuk, M., Jerrett, M., Shamasunder, B. & Kyle, A. D. (2011). 

Understanding the cumulative impacts of inequalities in environmental health. Health 

Affairs, 30(5), 879–887. 

87. Nuckols, J. R., Ward, M. H., & Jarup, L. (2004). Using geographic information systems for 

exposure assessment in environmental epidemiology studies. Environmental Health 

Perspectives, 112(9), 1007–1015. https://doi.org/10.1289/ehp.6738 

88. Obogo, S.F., Arumosoye, O.M. & Obriki, O.D. (2020a). Advances in Internal QHSE Audit 

Systems for Industrial Engineering Operations. Iconic Research and Engineering Journals, 

4(4), pp.399-417. https://doi.org/10.64388/IREV4I4-1715499. 

89. Obogo, S.F., Arumosoye, O.M. & Obriki, O.D. (2020b). Conceptual Risk Management 

Model for Heavy Lifting and Crane Installation Engineering Operations. Shodhshauryam, 

International Scientific Refereed Research Journal, 3(4), pp.122-144. 

https://doi.org/10.32628/SHISRRJ214441. 

90. Obogo, S.F., Arumosoye, O.M. & Obriki, O.D. (2020c). Critical Review of Occupational 

Safety Management Systems in Oil and Gas Maintenance Projects. Shodhshauryam, 

International Scientific Refereed Research Journal, 3(4), pp.145-166. 

https://doi.org/10.32628/SHISRRJ214442. 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

149 

 

91. Obogo, S.F., Arumosoye, O.M. & Obriki, O.D. (2024a). Review of Sustainable 

Environmental Practices in Occupational Safety Management Systems. International Journal 

of Scientific Research in Civil Engineering, 8(3), pp.164-196. 

https://doi.org/10.32628/IJSRCE248420. 

92. Obogo, S.F., Obriki, O.D. & Arumosoye, O.M. (2022). Conceptual Safety Governance 

Model for Large Commercial Facility Operations. Gyanshauryam, International Scientific 

Refereed Research Journal, 5(6), pp.383–410. https://doi.org/10.32628/GISRRJ225639. 

93. Obogo, S.F., Ozobu, C.O. & Nwafor, M.I. (2024b). Conceptual Environmental Safety 

Compliance Framework for Construction and Infrastructure Projects. International Journal of 

Scientific Research in Civil Engineering, 8(3), pp.132-163. 

https://doi.org/10.32628/IJSRCE248419. 

94. Obogo, S.F., Ozobu, C.O. & Uduokhai, D.O. (2019). Development of a Construction Safety 

Risk Governance Model for Multi Contractor High Rise Projects. Iconic Research and 

Engineering Journals, 2(9), pp.502-522. https://doi.org/10.64388/IREV2I9-1715495. 

95. Obogo, S.F., Ozobu, C.O., Nwafor, M.I. & Adio, S.A. (2025). Advances in Hazard 

Identification Systems for Large Scale Construction Operations. International Journal of 

Scientific Research in Civil Engineering, 9(6), pp.37-70. 

https://doi.org/10.32628/IJSRCE2154969. 

96. Obriki, O.D. & Arumosoye, O.M. (2018). Conceptual Modeling of Data-Driven 

Occupational Safety Risk Control in Large-Scale Energy Infrastructure Projects. Iconic 

Research and Engineering Journals, 1(7), pp.169–189. https://doi.org/10.64388/IREV1I7-

1714414. 

97. Obriki, O.D. & Arumosoye, O.M. (2019). A Conceptual Framework Linking Management 

Safety Walkthrough Frequency and Coverage to Safety Culture Outcomes in Mega Projects. 

Iconic Research and Engineering Journals, 2(8), pp.355–374. 

https://doi.org/10.64388/IREV2I8-1714416. 

98. Obriki, O.D. & Arumosoye, O.M. (2020). Conceptual Framework for Human Error 

Causation in High-Risk Construction and Industrial Activities. International Journal of 

Multidisciplinary Research and Growth Evaluation, 1(5), pp.715–727. 

https://doi.org/10.54660/IJMRGE.2020.1.5.715-727. 

99. Obriki, O.D. & Arumosoye, O.M. (2021). Conceptual Model for Institutionalizing Life-

Preserving Safety Practices Across Project-Based Organizations. International Journal of 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

150 

 

Multidisciplinary Research and Growth Evaluation, 2(1), pp.961–969. 

https://doi.org/10.54660/IJMRGE.2021.2.1.961-969. 

100. Obriki, O.D. & Arumosoye, O.M. (2022a). Conceptual Framework Explaining 

Recurrence Mechanisms of Unsafe Behaviors in High-Hazard Worksites. Shodhshauryam, 

International Scientific Refereed Research Journal, 5(3), pp.380–402. 

https://doi.org/10.32628/SHISRRJ225489. 

101. Obriki, O.D. & Arumosoye, O.M. (2023). Conceptual Framework for Proactive Hazard 

Identification Using Digital Safety Data Streams. Gyanshauryam, International Scientific 

Refereed Research Journal, 6(3), pp.457–481. https://doi.org/10.32628/GISRRJ236336. 

102. Obriki, O.D. & Arumosoye, O.M. (2024a). Systematic Review of Incident Investigation 

Approaches and Prevention-Oriented Learning in Industrial Operations. Shodhshauryam, 

International Scientific Refereed Research Journal, 7(4), pp.239–263. 

https://doi.org/10.32628/SHISRRJ247163. 

103. Obriki, O.D. & Arumosoye, O.M. (2024b). Conceptual Governance Framework for 

Subcontractor Safety Performance Management. International Journal of Advanced 

Multidisciplinary Research and Studies, 4(6), pp.3020–3033. 

https://doi.org/10.62225/2583049X.2024.4.6.5894. 

104. Obriki, O.D., Arumosoye, O.M. & Ozobu, C.O. (2025). Conceptual Model Linking 

Leading Safety Signals to Sustained Injury-Free Project Performance. International Journal 

of Scientific Research in Humanities and Social Sciences, 2(3), pp.233–254. 

https://doi.org/10.32628/IJSRHSS252342. 

105. Obriki, O.D., Obogo, S.F. & Arumosoye, O.M. (2022b). Review of Emergency 

Preparedness and Evacuation Systems in High Density Commercial Buildings. 

Gyanshauryam, International Scientific Refereed Research Journal, 5(6), pp.411-438. 

https://doi.org/10.32628/GISRRJ225640. 

106. Obriki, O.D., Obogo, S.F. & Arumosoye, O.M. (2022c). Advances in Workforce Safety 

Training Models for Operational Risk Reduction. Gyanshauryam, International Scientific 

Refereed Research Journal, 5(6), pp.349-382. https://doi.org/10.32628/GISRRJ225638. 

107. Odejobi, O.D., Okonkwo, C.S., Ahiaeke Patrick, M.C., Okeke, O.T. & Mayo, W. (2025). 

AI-Augmented Secure Software Engineering: Leveraging Deep Learning for Autonomous 

Threat Detection and Mitigation. International Journal of Engineering and Modern 

Technology, 11(12), pp.101–121. 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

151 

 

https://doi.org/10.56201/ijemt.vol.11.no12.2025.pg101.121. 

108. Ogunwole, O., Okonkwo, C.S., Agbabiaka, J., Mayo, W. & Okeke, O.T. (2021). Supply 

Chain Resilience Framework for Critical Infrastructure and Gas Processing Plants. 

Shodhshauryam, International Scientific Refereed Research Journal, 4(4), pp.444–461. 

https://doi.org/10.32628/SHISRRJ214462. 

109. Okojie, J. S., & Abioye, R. F. (2020). Reconciling chemical safety with circular-economy 

targets: A decision framework for post-consumer recycled polymers in consumer-goods 

packaging balancing REACH compliance, lifecycle GHG footprint, and regulatory risk. 

International Journal of Multidisciplinary Research and Growth Evaluation, 1(5), 992-1006. 

110. Okojie, J., Ike, P., Idu, J., Nnabueze, S. B., Filani, O., & Ihwughwavwe, S. (2023). 

Predictive analytics models for monitoring smart city emissions and infrastructure risk in 

urban ESG planning. International Journal of Multidisciplinary Futuristic Development, 4(1), 

45-57. https://doi.org/10.54660/IJMFD.2023.4.1.45-57 

111. Okonkwo, C.S., Agbabiaka, J., Mayo, W. & Okeke, O.T. (2024a). Conceptual 

Framework for Digital Supply Chain Governance in Energy and Infrastructure Sectors. 

Gyanshauryam, International Scientific Refereed Research Journal, 7(4), pp.335–356. 

https://doi.org/10.32628/GISRRJ247423. 

112. Okonkwo, C.S., Agbabiaka, J., Mayo, W. & Okeke, O.T. (2024b). Model for Predictive 

Procurement Planning to Sustain Operational Uptime. International Journal of Scientific 

Research in Humanities and Social Sciences, 1(2), pp.909–928. 

https://doi.org/10.32628/IJSRSSH242772. 

113. Okonkwo, C.S., Agbabiaka, J., Mayo, W. & Okeke, O.T. (2024c). Framework for Secure 

and Scalable Supply Chain Systems Supporting National Energy Reliability. International 

Journal of Advanced Multidisciplinary Research and Studies, 4(6), pp.2816–2826. 

https://doi.org/10.62225/2583049X.2024.4.6.5494. 

114. Okonkwo, C.S., Agbabiaka, J., Mayo, W. & Okeke, O.T. (2024d). Review of Advances 

in Procurement Strategy, ERP Adoption, and Logistics Performance. International Journal of 

Advanced Multidisciplinary Research and Studies, 4(6), pp.2827–2835. 

https://doi.org/10.62225/2583049X.2024.4.6.5495. 

115. Okonkwo, C.S., Agbabiaka, J., Mayo, W. & Okeke, O.T. (2024e). Review of Digital 

Supply Chain Models for Cost Control and Operational Continuity. International Journal of 

Advanced Multidisciplinary Research and Studies, 4(6), pp.2836–2846. 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

152 

 

https://doi.org/10.62225/2583049X.2024.4.6.5496. 

116. Okonkwo, C.S., Agbabiaka, J., Mayo, W. & Okeke, O.T. (2024f). Supply Chain 

Automation Framework Using Service Management Platforms. Shodhshauryam, 

International Scientific Refereed Research Journal, 7(2), pp.157–177. 

https://doi.org/10.32628/SHISRRJ2472157. 

117. Okonkwo, C.S., Agbabiaka, J., Ogunwole, O., Mayo, W. & Okeke, O.T. (2020). Model 

for Demurrage Elimination and Port Logistics Efficiency in Emerging Economies. 

International Journal of Multidisciplinary Research and Growth Evaluation, 1(5), pp.552–

562. https://doi.org/10.54660/IJMRGE.2020.1.5.552-562. 

118. Okonkwo, C.S., Agbabiaka, J., Ogunwole, O., Mayo, W. & Okeke, O.T. (2021a). 

Conceptual Model for Materials Readiness and Maintenance-Driven Supply Chain 

Performance. International Journal of Multidisciplinary Research and Growth Evaluation, 

2(6), pp.584–594. https://doi.org/10.54660/IJMRGE.2021.2.6.584-594. 

119. Okonkwo, C.S., Agbabiaka, J., Okeke, O.T. & Mayo, W. (2025). Framework for 

National-Scale Supply Chain Optimization Through Integrated IT and Procurement Systems. 

Gulf Journal of Advance Business Research, 3(12), pp.1610–1625. 

https://doi.org/10.51594/gjabr.v3i12.189. 

120. Okonkwo, C.S., Ahiaeke Patrick, M.C., Okeke, O.T. & Mayo, W. (2023b). Framework 

for Integrating IT Systems Engineering with Supply Chain Operations. International Journal 

of Advanced Multidisciplinary Research and Studies, 3(6), pp.2580–2589. 

https://doi.org/10.62225/2583049X.2023.3.6.5500. 

121. Okonkwo, C.S., Mayo, W. & Okeke, O.T. (2023a). Conceptual Model for Asset Lifecycle 

Management and Inventory Visibility. International Journal of Scientific Research in 

Computer Science, Engineering and Information Technology, 10(1), pp.809–824. 

https://doi.org/10.32628/CSEIT2391568. 

122. Okonkwo, C.S., Ogunwole, O. & Okeke, O.T. (2018a). Model for Inventory Availability 

and Plant Uptime Improvement in Energy Facilities. Iconic Research and Engineering 

Journals, 2(4), pp.160–172. https://doi.org/10.64388/IREV2I4-1713120. 

123. Okonkwo, C.S., Ogunwole, O. & Okeke, O.T. (2018b). Framework for Strategic 

Procurement Optimization in Oil and Gas Operations. Iconic Research and Engineering 

Journals, 1(7), pp.153–168. https://doi.org/10.64388/IREV1I7-1713119. 

124. Okonkwo, C.S., Ogunwole, O., Mayo, W. & Okeke, O.T. (2021b). Framework for 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

153 

 

Regulatory-Compliant Procurement in High-Risk Energy Environments. International 

Journal of Multidisciplinary Research and Growth Evaluation, 2(6), pp.595–605. 

https://doi.org/10.54660/IJMRGE.2021.2.6.595-605. 

125. Okonkwo, C.S., Ogunwole, O., Okeke, O.T. & Mayo, W. (2019). Conceptual Framework 

for Cost Reduction Through Contract Negotiation and Vendor Governance. Iconic Research 

and Engineering Journals, 2(9), pp.468–482. https://doi.org/10.64388/IREV2I9-1713121. 

126. Omaghomi, T. T., Akinlolu, V. S., & Fapohunda, M. (2023). A governance-driven 

framework for improving workforce planning and nurse-patient ratio optimization in public 

hospitals. International Journal of Multidisciplinary Research and Growth Evaluation, 4(6), 

1357-1368. https://doi.org/10.54660/.IJMRGE.2023.4.6.1357-1368 

127. Omaghomi, T. T., Akinlolu, V. S., & Fapohunda, M. (2025a). A conceptual model for 

integrating community health workers into national immunization programs to boost vaccine 

uptake. International Journal of Advanced Multidisciplinary Research and Studies, 5(6), 

1513-1523. 

128. Omaghomi, T. T., Fapohunda, M., & Akinlolu, V. S. (2022). Multidimensional 

framework for strengthening infection prevention and control (IPC) compliance in tertiary 

hospitals. International Journal of Multidisciplinary Research and Growth Evaluation, 3(6), 

888-896. https://doi.org/10.54660/.IJMRGE.2022.3.6.888-896 

129. Omaghomi, T. T., Fapohunda, M., Akinlolu, V. S., & Atima, M. E. (2024). A conceptual 

framework for improving fall prevention outcomes through policy-integrated nursing 

workflows. International Journal of Advanced Multidisciplinary Research and Studies, 4(6), 

2770-2778. 

130. Omaghomi, T. T., Igweonu, C., Fapohunda, M., Akinlolu, V. S., & Atima, M. E. (2025b). 

A policy-driven framework for enhancing chronic disease management in underserved U.S. 

communities. International Journal of Advanced Multidisciplinary Research and Studies, 

5(6), 1524-1534. 

131. Ozowara, D. E., Adebayo, A., & Anunagba, C. O. (2022). A systematic review of 

cybersecurity investments and their impact on healthcare financial performance. 

Shodhshauryam, International Scientific Refereed Research Journal, 5(1), 404-427. 

132. Ozowara, D. E., Anunagba, C. O., & Adepoju, P. A. (2025). A review of ransomware 

economics and financial resilience strategies in hospital networks. International Journal of 

Advanced Multidisciplinary Research and Studies, 5(6), 2284-2298. 



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

154 

 

https://doi.org/10.62225/2583049X.2025.5.6.6052 

133. Parvez, S. M., Jahan, F., Brune, M.-N., Gorman, J. F., Rahman, M. J., Carpenter, D., 

Islam, Z., Rahman, M., Aich, N., Knibbs, L. D., & Sly, P. D. (2021). Health consequences of 

exposure to e-waste: An updated systematic review. The Lancet Planetary Health, 5(12), 

e905–e920. https://doi.org/10.1016/S2542-5196(21)00263-1 

134. Patrick, M.C.A., Okonkwo, C.S., Mayo, W. & Okeke, O.T. (2020). A GIS Enabled 

Framework for Modern ERP Procurement Processes. International Journal of 

Multidisciplinary Research and Growth Evaluation, 1(5), pp.499–508. 

https://doi.org/10.54660/IJMRGE.2020.1.5.499-508. 

135. Patrick, M.C.A., Okonkwo, C.S., Mayo, W. & Okeke, O.T. (2021). Model for Data 

Driven Vendor Evaluation and Bid Selection Using Geospatial Intelligence. Shodhshauryam, 

International Scientific Refereed Research Journal, 4(4), pp.426–443. 

https://doi.org/10.32628/SHISRRJ214461. 

136. Perkins, D. N., Brune Drisse, M.-N., Nxele, T. & Sly, P. D. (2014). E-waste: a global 

hazard. Annals of Global Health, 80(4), 286–295. 

137. Quainoo, R., Ogundapo, O., & Asiedu, W. A. (2024). Modeling the impact of impedance 

mismatch on wireless link performance: A framework for prototype development and system 

optimization. International Journal of Computer Science and Mathematical Theory, 10(2), 

62-116. https://doi.org/10.56201/ijcsmt.v10.no2.2024.pg62.116 

138. Quainoo, R., Ogundapo, O., & Asiedu, W. A. (2025a). Predicting throughput degradation 

in Wi-Fi 6 networks under varying channel conditions: A physical layer performance model. 

International Journal of Engineering and Modern Technology, 11(12), 205-264. 

https://doi.org/10.56201/ijemt.vol.11.no12.2025.pg205.264 

139. Quainoo, R., Ogundapo, O., & Asiedu, W. A. (2025b). Test automation in wireless 

hardware engineering: A comprehensive review of scripting frameworks and instrument 

control strategies. International Journal of Engineering and Modern Technology, 11(10), 405-

464. https://doi.org/10.56201/ijemt.vol.11.no10.2025.pg405.464 

140. Reis, S., et al. (2015). Integrating modelling and smart sensors for environmental and 

human health. Environmental Modelling & Software, 74, 238–246. 

141. Snyder, E. G., Watkins, T. H., Solomon, P. A., Thoma, E. D., Williams, R. W., Hagler, 

G. S. W., Shelow, D., Hindin, D. A., Kilaru, V. J., & Preuss, P. W. (2013). The changing 

paradigm of air pollution monitoring. Environmental Science & Technology, 47(20), 11369–



Journal of Contemporary Science and Technology 

Management Volume 01, Issue 04, December 2025 

 

155 

 

11377. https://doi.org/10.1021/es4022602 

142. Thacker, S. B., Stroup, D. F., Parrish, R. G., & Anderson, H. A. (1996). Surveillance in 

environmental public health: Issues, systems, and sources. American Journal of Public 

Health, 86(5), 633–638. https://doi.org/10.2105/AJPH.86.5.633 

143. USEPA. (2009). Risk assessment guidance for Superfund, Volume I: Human health 

evaluation manual. Washington, DC: US Environmental Protection Agency. 

144. Wilkinson, M. D., et al. (2016). The FAIR Guiding Principles for scientific data 

management and stewardship. Scientific Data, 3, 160018. 

145. Wong, M. H., Wu, S. C., Deng, W. J., et al. (2007). Export of toxic chemicals: a review 

of the case of uncontrolled electronic-waste recycling. Environmental Pollution, 149, 131–

140. 


	Sri Niwas Ranganathan

