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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. 
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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; Asuri, R. (2021); Asuri, R. (2023)) 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; Asuri, R. (2021); Asuri, R. (2023))). 

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; Asuri, R. (2021); Asuri, R. 

(2023))) 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. 
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Table 1 summarizes how each generation of methods compares. 

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, 

discussed in Section 7. 
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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 

al. (2017) compared ML models with traditional statistical methods for bankruptcy prediction 
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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 (Asuri, R. (2021); Asuri, R. 

(2023)). 

 

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) 

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, Kou et al. (2019) 
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Risk type Dominant AI techniques Representative studies 

 big data methods  

Text-based risk 

signals 

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

 

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. 

 

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

regulated settings. The Predictive Analytics Framework for Clinical Decision Support Systems 

(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 
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than purely reactive collections. 

 

 

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 

infrastructure such as hybrid cloud architectures, on high-quality aggregated risk data, on 
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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). 

4. Concept drift and non-stationarity. Relationships learned in one period may fail in another, 
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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). 

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 

cloud processing that let institutions train on richer data without centralizing sensitive 

records. 
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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. 
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