
American Journal of Data Science and Analytics, June 2026, 285-326 

285 
 

 

 

Machine Learning-Based Predictive Analytics for Early Risk 
Detection Across Healthcare, Financial Services, And Retail 

Markets 
 

Md Hasanujamman Bari1;  
      

Doi: 10.63125/5kbwfy37 
Received: 11  March 2026; Revised: 14 April 2026; Accepted: 19 May 2026; Published: 09 June  2026 

Abstract 
Organizations across healthcare, financial services, and retail markets generate extensive data but often struggle 
to transform it into timely, reliable, and actionable risk intelligence. This study examined how machine learning-
based predictive analytics supports early risk detection and determined the technological and organizational 
factors influencing its effectiveness. A quantitative, cross-sectional, case-based research design was adopted, 
covering organizational cases from healthcare, financial services, and retail enterprises. Using purposive 
sampling, data were collected through a structured five-point Likert-scale questionnaire from 286 professionals, 
including 99 healthcare, 95 financial services, and 92 retail respondents, representing an 86.67% valid response 
rate. The principal variables were machine learning capability, predictive analytics adoption, data quality, 
organizational readiness, decision-support effectiveness, and early risk detection effectiveness. Data were 
analyzed using descriptive statistics, Cronbach’s alpha, Pearson correlation, multiple regression, and one-way 
ANOVA. The overall instrument demonstrated high reliability with a Cronbach’s alpha of 0.91. Data quality 
recorded the highest mean score at 4.12, followed by early risk detection effectiveness at 4.08, machine learning 
capability at 4.05, decision-support effectiveness at 4.01, predictive analytics adoption at 3.98, and 
organizational readiness at 3.89. All predictors were positively correlated with early risk detection, with data 
quality producing the strongest relationship, r = 0.68, p < 0.01. The regression model was statistically 
significant, F = 92.84, p < 0.001, and explained 62.4% of the variance in early risk detection effectiveness. Data 
quality was the strongest predictor, β = 0.29, followed by decision-support effectiveness, β = 0.25, machine 
learning capability, β = 0.21, predictive analytics adoption, β = 0.18, and organizational readiness, β = 0.14. 
Financial services achieved the highest readiness index at 4.09, compared with healthcare at 4.02 and retail at 
3.94, while sectoral differences were significant, F (2, 283) = 5.74, p = 0.004. The findings imply that enterprises 
should combine reliable data, capable models, skilled personnel, supportive governance, and actionable decision 
systems to strengthen preventive risk management across sectors. 
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INTRODUCTION 
Machine learning-based predictive analytics has been defined as the use of computational learning 
algorithms, statistical modeling, and data-driven prediction techniques to identify patterns in historical 
and current data and estimate the likelihood of uncertain events before they become visible through 
conventional monitoring. Machine learning refers to systems that improve task performance through 
exposure to data, while predictive analytics refers to the methodological process of transforming data 
into forward-looking risk scores, classifications, forecasts, and decision-relevant probability estimates 
(Jordan & Mitchell, 2015; Shmueli & Koppius, 2011). In this study, early risk detection has referred to 
the identification of warning signals at a stage when risk remains manageable, measurable, and 
actionable across organizational settings. This definition is especially relevant because healthcare, 
financial services, and retail markets now generate large volumes of structured and unstructured data 
through electronic records, digital transactions, customer platforms, supply chains, sensors, and 
enterprise information systems. Big data analytics has been widely discussed as a process of collecting, 
integrating, analyzing, and interpreting high-volume, high-velocity, and high-variety data to support 
better organizational decisions (Chen et al., 2012; Gandomi & Haider, 2015).  
 

Figure 1: Relationships among machine learning capability, predictive analytics adoption, 
organizational factors, and early risk detection 
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Machine learning has extended this analytics function by enabling models to detect nonlinear patterns, 
hidden interactions, rare events, and complex behavioral changes that may not be fully captured 
through traditional rule-based or regression-only systems (LeCun et al., 2015; Sarker, 2021). Therefore, 
machine learning-based predictive analytics has become highly important for cross-sector risk 
detection because risk no longer appears only as a single financial, operational, or clinical event; rather, 
it emerges from interacting data signals that reflect human behavior, system performance, resource 
pressure, and market uncertainty. The international significance of this topic has grown because 
organizations in different countries now operate in digitally connected markets where clinical errors, 
fraudulent transactions, credit failures, customer churn, inventory disruption, and demand volatility 
can move quickly across institutional boundaries. This research has positioned predictive analytics as 
a measurable organizational capability, not merely as a technical tool, because its value depends on 
data quality, analytics adoption, organizational readiness, and decision-support effectiveness (Akter et 
al., 2016; Wamba et al., 2017). 
The international significance of machine learning-based predictive analytics has been strengthened by 
the growing dependence of public and private organizations on evidence-based decision-making. 
Across global healthcare systems, financial institutions, and retail markets, risk detection has become 
more data-intensive because organizations now face larger datasets, faster decision cycles, and higher 
expectations for accuracy. Predictive analytics has been considered important in information systems 
research because it supports empirical prediction, model comparison, measurement improvement, and 
practical relevance in organizational decision-making (Shmueli & Koppius, 2011). In international 
business and public-service environments, predictive analytics has also been connected with the 
broader transformation of organizations into data-driven systems where analytics capability becomes 
a strategic resource. Studies on big data analytics capability have shown that analytics does not produce 
value only through technology ownership; value is created when data resources, technical skills, 
management alignment, and process-level capabilities are integrated into organizational routines 
(Akter et al., 2016; Wamba et al., 2017). This point is important for the present study because healthcare, 
finance, and retail differ in their risk priorities, but all three sectors require data quality, interpretability, 
and organizational readiness to transform prediction into early risk response. Internationally, 
healthcare organizations use predictive analytics to classify patients according to clinical risk, financial 
institutions use machine learning to detect suspicious transaction patterns and estimate borrower risk, 
and retail firms use predictive modeling to identify market demand, customer churn, and inventory 
exposure (Abdur & Iftekhar, 2021; Hossan, 2021). These applications are not identical, yet they share a 
common methodological logic: risk is detected by converting historical and real-time data into 
probabilistic signals that support faster decision-making. Big data research has also emphasized that 
large-scale data requires appropriate analytical methods because data size alone does not guarantee 
insight, reliability, or decision usefulness (Gandomi & Haider, 2015; Kitchin, 2014). For this reason, the 
current research has treated machine learning capability, predictive analytics adoption, data quality, 
organizational readiness, decision-support effectiveness, and early risk detection effectiveness as 
connected constructs that can be measured through Likert-scale responses and tested through 
descriptive statistics, correlation analysis, and regression modeling (Amir & Chapal, 2022; Hasan & 
Uddin, 2022). 
In healthcare, machine learning-based predictive analytics has become internationally important 
because clinical and administrative systems produce large amounts of patient-level data that can be 
used to detect risk earlier than conventional observation alone (Shurovi & Hossain, 2022; Mohiul & 
Badrul, 2022). Healthcare risk detection includes the identification of patient deterioration, readmission 
probability, diagnostic uncertainty, disease progression, medication-related harm, resource shortage, 
and treatment pathway risk. Electronic health records have created new opportunities for predictive 
modeling because they contain structured variables, laboratory results, medication records, clinical 
notes, diagnoses, procedures (Kanti & Rony, 2022; Sadia et al., 2022), and longitudinal patient histories. 
Unsupervised deep representations from electronic health records have been shown to support the 
prediction of patient outcomes, and large-scale deep learning models using electronic health record 
data have been used to predict outcomes such as mortality, readmission, length of stay, and diagnosis 
(Miotto et al., 2016; Rajkomar et al., 2018). Earlier clinical risk studies have also shown that machine 
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learning can be used to detect deterioration among hospitalized patients, supporting the value of 
algorithmic early warning systems in complex care environments (Churpek et al., 2016). In 
cardiovascular risk prediction, machine learning has been discussed as a way to address limitations of 
conventional regression by capturing nonlinear relationships and complex predictor interactions 
(Goldstein et al., 2017). In diagnostic settings, deep learning has been used to classify medical images 
at high performance levels, showing the broader relevance of machine learning for early disease 
detection and clinical screening (Esteva et al., 2017). At the same time, healthcare prediction requires 
careful attention to model quality, bias, interpretability, and clinical interaction. Algorithmic systems 
may reproduce systematic bias when risk proxies are poorly aligned with actual health needs, and 
many supervised machine learning prediction studies require stronger methodological transparency 
and bias assessment (Navarro et al., 2021; Obermeyer et al., 2019). Clinician and patient interaction with 
machine learning-based risk prediction models has also been emphasized as an important issue in 
healthcare risk prediction (Giddings et al., 2024). These studies make healthcare a highly relevant sector 
for the present research because early risk detection in healthcare depends not only on algorithmic 
accuracy but also on data quality, professional trust, model explanation, and integration into decision-
support routines. 
In financial services, machine learning-based predictive analytics has gained international importance 
because financial risk often appears through complex, nonlinear, high-frequency, and behavior-based 
data signals. Banks, insurance firms, credit institutions, payment providers, and capital-market actors 
rely on data from transactions, repayment histories, digital banking behavior, credit files, account 
balances, market movements, and customer profiles. Financial risk detection includes fraud detection, 
credit default prediction, transaction anomaly detection, anti-money-laundering alerts, insurance claim 
irregularity, market volatility, and customer-level financial distress. Machine learning has been used in 
this sector because conventional financial models may not fully capture nonlinear borrower behavior, 
hidden fraud patterns, and changing transaction characteristics. Machine learning algorithms can 
improve consumer credit-risk forecasting by combining transaction and credit bureau data, while 
advanced classification algorithms have shown strong relevance in credit scoring evaluation and 
predictive performance comparison (Khandani et al., 2010; Lessmann et al., 2015). Fraud detection 
research has also demonstrated the importance of computational intelligence, data mining, and 
machine learning for identifying suspicious financial behavior. Data mining techniques have been 
reviewed for financial fraud detection across fraud types and methodological approaches, and 
intelligent financial fraud detection has been examined through computational approaches for 
classifying fraud risks (Ngai et al., 2011; West & Bhattacharya, 2016). The broader use of artificial 
intelligence in finance has been linked with credit evaluation, portfolio management, financial 
prediction, and planning because financial systems involve uncertainty, nonlinear behavior, and time-
varying decision environments (Bahrammirzaee, 2010). In financial market prediction, deep learning 
models such as long short-term memory networks have been used to identify sequential patterns in 
stock movements and market behavior (Fischer & Krauss, 2018). These studies support the relevance 
of financial services in this research because risk detection in finance is highly dependent on predictive 
accuracy, model reliability, data timeliness, and decision-support usability. Financial institutions also 
operate under strong regulatory and reputational pressure, making early risk detection a measurable 
organizational concern rather than only a technical modeling issue (Golam & Amir, 2023; Tohidul, 
2023).  
In retail markets, machine learning-based predictive analytics has become important because retailers 
operate in dynamic environments shaped by customer behavior, demand uncertainty, inventory flow, 
pricing pressure, supply conditions, and digital competition. Retail risk detection includes customer 
churn risk, demand fluctuation risk, inventory shortage, stockout exposure, overstocking, price 
sensitivity, promotion failure, supply delay, and market-response uncertainty. Retailers generate large 
volumes of data from point-of-sale systems, loyalty programs, online browsing behavior, purchase 
histories, product returns, social media, logistics systems, and supplier platforms. Machine learning-
based predictive analytics helps convert these data sources into risk signals that can support demand 
forecasting, customer retention, and operational adjustment. Customer churn research has shown that 
predictive models can detect customers with a high likelihood of leaving, which supports earlier 
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intervention in retention-focused markets. Predictive accuracy in customer churn models has been 
examined as an important component of defection detection, and bagging and boosting classification 
trees have been shown to improve churn prediction accuracy (Lemmens & Croux, 2006; Neslin et al., 
2006). Churn prediction models also require accuracy, comprehensibility, and justifiability, which 
directly links predictive analytics with decision-support effectiveness (Verbeke et al., 2011). In supply-
chain and demand settings, machine learning techniques have been examined for supply-chain 
demand forecasting, showing the relevance of neural networks, recurrent neural networks, and 
support vector machines for distorted demand environments (Carbonneau et al., 2008). Big data 
analytics in operations management has also been connected with operational decision challenges and 
analytics-supported decision processes (Choi et al., 2018). These studies make retail markets a strong 
sector for this research because retail risk is not limited to sales decline; it also includes early signals of 
customer movement, inventory misalignment, demand volatility, and supply-chain imbalance. Retail 
also strengthens the cross-sector design of this study because its predictive analytics environment is 
more customer-facing and market-responsive than healthcare’s clinical-risk environment and finance’s 
transaction-risk environment (Badrul & MMominul, 2023; Hossan & Adar, 2023). Therefore, retail 
provides an important contrast for examining how machine learning capability and predictive analytics 
adoption influence early risk detection across different organizational contexts. 
The cross-sector nature of this research has been important because healthcare, financial services, and 
retail markets represent three distinct but internationally significant risk environments. Healthcare 
focuses on patient safety, clinical deterioration, diagnostic risk, and resource allocation; financial 
services focus on fraud, default, transaction anomaly, and market exposure; retail markets focus on 
customer churn, demand fluctuation, inventory imbalance, and market behavior. The common 
connection among these sectors is that each uses data to identify early warning signals and reduce 
uncertainty in decision-making. The differences among the sectors make the study more meaningful 
because a single-sector design cannot fully explain whether machine learning-based predictive 
analytics works similarly across clinical, financial, and market-oriented environments. Predictive 
analytics is shaped by the nature of available data, the complexity of the decision problem, and the 
organizational setting in which predictions are interpreted (Chen et al., 2012; Shmueli & Koppius, 2011). 
In healthcare, model performance must be interpreted alongside clinical workflow, patient safety, bias, 
and professional trust (Goldstein et al., 2017; Obermeyer et al., 2019). In finance, model outputs must 
support risk classification, compliance, fraud control, and credit decisions under uncertainty 
(Lessmann et al., 2015; West & Bhattacharya, 2016). In retail, predictive outputs must support customer 
targeting, inventory planning, demand forecasting, and operational responsiveness (Carbonneau et al., 
2008; Verbeke et al., 2011). This study has therefore taken a synthesized view by treating predictive 
analytics as a general capability with sector-specific expressions. The independent variables of machine 
learning capability, predictive analytics adoption, data quality, and organizational readiness reflect the 
technological and organizational conditions that enable prediction. Decision-support effectiveness 
reflects the practical usability of predictive outputs, while early risk detection effectiveness reflects the 
outcome that organizations seek across the three sectors (Amir, 2024; Risha & Khalid, 2023). This 
structure supports a quantitative, cross-sectional, case-study-based approach because the same 
constructs can be measured across different organizational settings and compared through descriptive, 
correlation, regression, and sector-wise statistical analysis. 
The research problem has emerged from the gap between data availability and reliable early risk 
detection. Organizations in healthcare, financial services, and retail markets increasingly collect large 
amounts of data, but the presence of data does not automatically produce accurate prediction or useful 
risk detection. Big data research has warned that data volume requires suitable analytics, governance, 
interpretation, and methodological discipline (Gandomi & Haider, 2015; Kitchin, 2014). Machine 
learning research has also shown that advanced algorithms can improve prediction, but their 
effectiveness depends on data representation, validation, fairness, interpretability, and contextual use 
(Navarro et al., 2021; Rudin, 2019). This issue is central to the present study because early risk detection 
requires more than algorithmic classification. It requires complete and timely data, organizational 
readiness, decision-maker trust, and systems that translate predictions into understandable risk signals. 
Predictive systems can identify patient risk through electronic health records, yet model bias and 
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limited implementation evidence remain important concerns in healthcare settings (Giddings et al., 
2024; Rajkomar et al., 2018). Machine learning can improve credit scoring and fraud detection, yet 
evaluation metrics, fraud rarity, and operational deployment remain central analytical concerns in 
financial services (Khandani et al., 2010; Ngai et al., 2011). Churn and demand prediction can support 
earlier market response, yet prediction must remain interpretable and aligned with business action in 
retail markets (Lemmens & Croux, 2006; Verbeke et al., 2011). This research has therefore been designed 
to examine how machine learning-based predictive analytics contributes to early risk detection across 
three sectors through measurable organizational and technological factors. The study’s quantitative 
structure is suitable because Likert-scale data can capture professional perceptions of analytics 
capability, predictive adoption, data quality, organizational readiness, decision-support effectiveness, 
and early risk detection. Correlation analysis can identify the strength of relationships among these 
constructs, while regression modeling can estimate the predictive effect of each factor on early risk 
detection effectiveness. Through this structure, the introduction establishes the study as a cross-sector 
investigation of machine learning-based predictive analytics in internationally significant risk 
environments. 
Background of the study 
Machine learning-based predictive analytics has become an important area of study because 
organizations across healthcare, financial services, and retail markets have increasingly depended on 
large volumes of data to identify risks before they become serious problems. Machine learning refers 
to the ability of computational systems to learn patterns from data and improve prediction without 
being programmed for every decision rule, while predictive analytics refers to the use of data, statistical 
techniques, and algorithmic models to estimate possible outcomes based on existing patterns. In the 
context of this research, early risk detection means the identification of warning signs at an earlier stage 
so that organizations can respond before risks create major clinical, financial, operational, or market-
level damage. Healthcare organizations use predictive analytics to identify patient deterioration, 
readmission risk, disease progression, medication-related risk, and resource shortage. Financial 
services use machine learning to detect fraud, credit default, suspicious transactions, loan repayment 
risk, and market instability. Retail markets apply predictive analytics to detect customer churn, demand 
fluctuation, inventory shortage, pricing risk, and supply chain uncertainty. Although these three 
sectors are different in purpose, they all depend on timely data interpretation, accurate prediction, and 
decision-support systems to reduce uncertainty. The background of this study has therefore been 
developed from the growing international importance of data-driven risk management. Traditional 
risk detection systems often depend on manual reporting, delayed observation, human judgment, and 
rule-based monitoring, which may not be sufficient for fast-changing digital environments. Machine 
learning-based predictive analytics provides an opportunity to recognize hidden patterns, classify risk 
levels, and support proactive decision-making. However, the effectiveness of predictive analytics 
depends on several organizational and technical conditions, including machine learning capability, 
predictive analytics adoption, data quality, organizational readiness, and decision-support 
effectiveness. This study has focused on these factors to understand how machine learning-based 
predictive analytics supports early risk detection across three important sectors. The background of the 
study also highlights the need for a cross-sector perspective because many existing discussions focus 
on one sector only, while healthcare, financial services, and retail markets share common predictive 
analytics challenges as well as sector-specific risk patterns. 
Problem statement 
The main problem addressed in this research is that many organizations across healthcare, financial 
services, and retail markets collect large amounts of data but still struggle to convert that data into 
reliable, timely, and actionable early risk detection. In many organizations, data exists in different 
systems, departments, databases, and operational platforms, but the ability to transform that data into 
useful prediction remains uneven. Healthcare organizations may have electronic patient records, 
laboratory data, admission histories, and clinical notes, but patient deterioration or readmission risk 
may still be detected late when predictive systems are not properly integrated into clinical decision-
making. Financial institutions may have transaction data, customer records, credit histories, and digital 
banking behavior, but fraud, loan default, and suspicious activity may not be identified early enough 



American Journal of Data Science and Analytics, June 2026, 285-326 

291 
 

when analytics tools are weak or data quality is poor. Retail firms may have sales records, loyalty data, 
online behavior, inventory information, and supplier records, but customer churn, demand fluctuation, 
and inventory shortage may continue to create losses when predictive analytics is not used effectively. 
This shows a gap between data availability and practical risk detection capability. The problem is not 
only technical. It is also organizational because predictive analytics requires skilled employees, reliable 
data governance, managerial support, digital infrastructure, and decision-support systems that can 
translate model outputs into understandable actions. A machine learning model may generate a 
prediction, but that prediction will have limited value if decision-makers do not trust it, understand it, 
or use it in daily operations. Another problem is that many studies examine predictive analytics in a 
single sector, while fewer studies compare how the same predictive analytics-related factors operate 
across healthcare, financial services, and retail markets. As a result, there is limited understanding of 
whether machine learning capability, predictive analytics adoption, data quality, organizational 
readiness, and decision-support effectiveness influence early risk detection in similar or different ways 
across these sectors. Therefore, this study has been designed to address this problem by developing a 
quantitative, cross-sectional, case-study-based model that measures the relationship between 
predictive analytics-related factors and early risk detection effectiveness using Likert-scale data, 
descriptive statistics, correlation analysis, and regression modeling. 
Objectives of The Study 
The main objective of this study is to examine how machine learning-based predictive analytics 
contributes to early risk detection across healthcare, financial services, and retail markets. This objective 
has been developed because these sectors face different types of risks but increasingly depend on 
similar data-driven technologies to detect those risks early. The study specifically aims to measure the 
influence of machine learning capability on early risk detection effectiveness because organizations 
with stronger algorithmic capacity, automated pattern recognition, and predictive modeling functions 
may be better able to identify emerging risks. The study also aims to assess the effect of predictive 
analytics adoption on risk detection because the presence of tools alone is not enough unless those tools 
are actively integrated into organizational processes. Another objective is to evaluate the role of data 
quality in predictive analytics effectiveness, as incomplete, outdated, inconsistent, or inaccurate data 
can reduce the reliability of machine learning outputs. The study further aims to examine how 
organizational readiness supports predictive analytics implementation through infrastructure, 
employee skills, management support, analytics culture, and data governance. In addition, the study 
seeks to analyze the contribution of decision-support effectiveness to early risk detection because 
predictive results must be timely, understandable, interpretable, and actionable for managers and 
professionals. The research also intends to compare predictive analytics effectiveness across healthcare, 
financial services, and retail markets to identify whether sector-wise differences exist in the use and 
perceived value of machine learning-based risk detection. These objectives are important because they 
connect the technical side of predictive analytics with the organizational side of risk management. The 
study does not treat machine learning as a stand-alone solution; rather, it examines machine learning-
based predictive analytics as a combined capability shaped by data quality, organizational readiness, 
adoption level, and decision-support use. Through these objectives, the study provides a measurable 
framework for testing the relationships among major research variables. The objectives also guide the 
selection of methodology, questionnaire design, statistical analysis, hypothesis testing, and sector-wise 
comparison in the research paper. 
Research hypotheses 
The research hypotheses of this study have been developed to test the relationship between machine 
learning-based predictive analytics factors and early risk detection effectiveness across healthcare, 
financial services, and retail markets. Since the study follows a quantitative, cross-sectional, case-study-
based design, the hypotheses provide a statistical basis for examining whether the selected independent 
variables significantly influence the dependent variable. The first hypothesis states that machine 
learning capability has a significant positive effect on early risk detection effectiveness. This hypothesis 
assumes that organizations with stronger algorithmic capability, automation, pattern recognition, and 
prediction functions are more likely to identify risks at an earlier stage. The second hypothesis states 
that predictive analytics adoption has a significant positive effect on early risk detection effectiveness. 



American Journal of Data Science and Analytics, June 2026, 285-326 

292 
 

This means that organizations that actively use predictive tools, risk scoring systems, forecasting 
models, and analytics dashboards are expected to detect risks more effectively. The third hypothesis 
states that data quality has a significant positive effect on machine learning-based predictive analytics 
effectiveness. Since predictive models depend on the accuracy, completeness, consistency, and 
timeliness of data, high-quality data is expected to improve prediction reliability. The fourth hypothesis 
states that organizational readiness has a significant positive effect on predictive analytics 
implementation. This hypothesis reflects the idea that infrastructure, skilled employees, management 
support, data governance, and digital culture influence whether predictive analytics can be used 
successfully. The fifth hypothesis states that decision-support effectiveness has a significant positive 
effect on early risk detection effectiveness. This means that predictive outputs become useful when they 
are understandable, timely, interpretable, and connected with organizational decisions. The sixth 
hypothesis states that machine learning capability, predictive analytics adoption, data quality, 
organizational readiness, and decision-support effectiveness jointly predict early risk detection 
effectiveness. This hypothesis tests the combined explanatory power of all major predictors. The 
seventh hypothesis states that there are significant sector-wise differences in predictive analytics 
effectiveness across healthcare, financial services, and retail markets. This final hypothesis is important 
because the study compares three different risk environments and seeks to determine whether 
predictive analytics operates differently across clinical, financial, and market-based contexts. 
Significance of the research 
i. This research is significant because it examines machine learning-based predictive analytics as a 
practical risk detection capability across three internationally important sectors: healthcare, financial 
services, and retail markets. By combining these sectors in one study, the research provides a broader 
understanding of how predictive analytics supports early risk identification in different organizational 
environments. 
ii. The study is significant for healthcare organizations because it focuses on the early detection of 
patient deterioration, readmission risk, clinical resource pressure, disease progression, and operational 
risk. A better understanding of predictive analytics capability can help healthcare decision-makers 
recognize the importance of data quality, model use, and decision-support systems in patient-centered 
risk management. 
iii. The research is significant for financial services because banks, insurance firms, payment systems, 
and credit institutions face continuous pressure to detect fraud, credit default, suspicious transactions, 
and financial instability. This study helps explain how machine learning capability and predictive 
analytics adoption can strengthen risk monitoring and improve the reliability of financial decision-
making. 
iv. The study is also significant for retail markets because retailers must manage customer churn, 
demand uncertainty, inventory shortage, supply disruption, and market behavior changes. Predictive 
analytics can help retail firms identify these risks earlier and improve operational planning, customer 
retention, and market responsiveness. 
v. The research has academic significance because it develops a quantitative model that connects 
machine learning capability, predictive analytics adoption, data quality, organizational readiness, 
decision-support effectiveness, and early risk detection effectiveness. This creates a structured 
framework for testing relationships among variables through descriptive statistics, correlation analysis, 
and regression modeling. 
vi. The research has methodological significance because it uses a cross-sectional, case-study-based 
design with Likert’s five-point scale. This allows the study to collect measurable perceptions from 
relevant professionals and compare predictive analytics effectiveness across three sectors. 
vii. The study is significant for managers, analysts, IT professionals, risk officers, and policy-related 
decision-makers because it shows that predictive analytics success depends not only on technology but 
also on organizational readiness, data governance, employee capability, and decision-support 
integration. 
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LITERATURE REVIEW 
The literature on machine learning-based predictive analytics has increasingly emphasized the role of 
data-driven techniques in improving early risk detection across complex organizational environments. 
Machine learning has been widely discussed as a computational approach that enables systems to learn 
from data, identify patterns, classify outcomes, and generate predictions with limited dependence on 
fixed manual rules. Predictive analytics has extended this idea by applying statistical models, 
algorithmic techniques, and historical data to estimate future events and support decision-making. 
Within the context of early risk detection, predictive analytics has been used to identify warning signals 
before risks produce serious consequences. Existing literature has shown that healthcare, financial 
services, and retail markets are among the most relevant sectors for predictive analytics because each 
sector produces large volumes of data and faces high levels of uncertainty. In healthcare, predictive 
analytics has been connected with patient risk scoring, disease prediction, readmission monitoring, 
medical image classification, clinical alerts, and resource planning. In financial services, the literature 
has focused on fraud detection, credit scoring, loan default prediction, transaction monitoring, 
insurance risk, and market behavior analysis. In retail markets, studies have examined customer churn 
prediction, demand forecasting, inventory risk, pricing decisions, sales volatility, and supply chain 
uncertainty. However, the literature also indicates that predictive analytics does not produce value 
automatically. Its success depends on data quality, analytics capability, organizational readiness, model 
interpretability, user trust, and decision-support effectiveness. Poor-quality data, weak infrastructure, 
limited employee skills, and lack of managerial support can reduce the usefulness of machine learning-
based prediction. Therefore, the literature review of this study has been organized around the main 
concepts and variables that shape predictive risk detection. It reviews machine learning-based 
predictive analytics, sector-specific applications in healthcare, financial services, and retail markets, 
data quality and organizational readiness, decision-support effectiveness, theoretical foundation, and 
conceptual framework. This structure helps connect the technical, organizational, and sector-specific 
dimensions of the study and supports the development of hypotheses for quantitative testing. 
Machine learning-based predictive analytics and early risk detection 
Machine learning-based predictive analytics refers to the systematic use of learning algorithms, 
statistical reasoning, data mining procedures, and computational modeling to transform available data 
into estimates about likely future conditions. In organizational research, this concept has been closely 
connected with data science because prediction requires not only technical modeling but also problem 
formulation, variable selection, data preparation, model training, validation, and decision 
interpretation (Hossan, 2024; Hossain, 2024). Predictive analytics has therefore moved beyond 
descriptive reporting because it does not only explain what has already happened; it estimates what is 
likely to happen next based on observed patterns. This distinction is highly important for early risk 
detection because risks in healthcare, financial services, and retail markets often emerge gradually 
through weak signals before they become visible as major losses, clinical failures, fraud events, 
customer defection, or supply disruption. Data science literature has emphasized that prediction is a 
central function of modern analytics because organizations increasingly require models that can 
convert large and complex data sources into usable knowledge for human and automated decision-
making (Dhar, 2013). Similarly, data science has been described as a field that connects big data, 
analytical thinking, and data-driven decision-making, where predictive modeling becomes valuable 
when it improves the quality of organizational judgment (Provost & Fawcett, 2013). In this study, 
machine learning-based predictive analytics is understood as a measurable organizational capability 
because its effectiveness depends on more than the existence of algorithms. It also depends on whether 
organizations can collect relevant data, process it correctly, select suitable models, interpret risk scores, 
and use predictive outputs in a timely manner. Early risk detection has therefore been positioned as 
the outcome of a complete analytics process. A healthcare organization may use predictive models to 
identify patient deterioration, a bank may use machine learning to flag fraud or default risk, and a 
retailer may predict churn or demand instability. Across these sectors, the core logic remains the same: 
predictive analytics identifies risk before the risk becomes fully realized (Shima Ali et al., 2024; Zaman, 
2024). 
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The technical foundation of machine learning-based predictive analytics has become stronger because 
organizations now generate data with greater volume, velocity, variety, and complexity. Traditional 
statistical analysis remains useful, but many risk environments involve nonlinear relationships, class 
imbalance, high-dimensional predictors, incomplete records, and changing behavioral patterns. 
Machine learning supports predictive analytics by allowing models to learn from historical examples 
and classify new cases according to detected patterns. In early risk detection, this ability is especially 
valuable because risks may not follow simple linear trends. For example, clinical deterioration may 
depend on several interacting physiological indicators, financial fraud may appear through unusual 
transaction combinations, and retail demand risk may emerge from the interaction of seasonality, 
customer behavior, pricing, and inventory movement. Big data analytics research has shown that large 
datasets require appropriate analytical platforms, mining algorithms, storage systems, preprocessing 
methods, and scalable computational techniques to extract useful information from complex data 
environments (Tsai et al., 2015). This point is relevant to the present research because machine learning 
capability cannot be separated from data quality and analytics infrastructure. A predictive model 
trained on incomplete, inconsistent, delayed, or biased data may produce weak or misleading risk 
signals. Therefore, predictive analytics must be studied as a process that links data acquisition, data 
cleaning, model development, model evaluation, and decision use. In healthcare, financial services, and 
retail markets, early risk detection also requires continuous updating because risk patterns change 
across patient groups, transaction systems, customer segments, and market conditions. Machine 
learning-based predictive analytics can support this requirement by helping organizations identify 
hidden patterns and probability-based warnings. However, the practical value of the model depends 
on whether prediction is connected with decision-support systems. If a risk score is not understandable, 
timely, or actionable, it cannot fully support early intervention. Therefore, this study treats machine 
learning capability, predictive analytics adoption, data quality, organizational readiness, and decision-
support effectiveness as connected dimensions of early risk detection. 
 

Figure 2: Machine learning-enabled predictive analytics framework for cross-sector early risk 
detection 

 
The broader value of machine learning-based predictive analytics lies in its ability to connect prediction 
with action. Early risk detection does not end when a model generates a score or classification. The 
prediction becomes meaningful when decision-makers use it to prioritize attention, allocate resources, 
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prevent losses, or reduce uncertainty (Amir, 2025; Md Arif Uz et al., 2025). This is why predictive 
analytics is increasingly linked with prescriptive thinking, where organizations use predicted outcomes 
to choose better actions under uncertainty. Research on predictive and prescriptive analytics has 
explained that prediction becomes more valuable when it is integrated with decision optimization and 
operational choice, rather than remaining only as a statistical output (Bertsimas & Kallus, 2020). This 
understanding is very relevant for healthcare, financial services, and retail markets because each sector 
requires risk signals that can be converted into timely decisions (Hossan, 2025; Kanti, 2025). In 
healthcare, an early warning score may guide clinical review, patient monitoring, or resource 
allocation. In financial services, a fraud probability score may support transaction blocking, customer 
verification, credit review, or compliance escalation. In retail markets, a churn or demand-risk 
prediction may guide customer retention, stock planning, promotional adjustment, or supplier 
coordination. Deep learning research in health informatics has also shown that advanced machine 
learning techniques can process complex and multimodal data, including images, signals, electronic 
records, and sensor data, which strengthens the possibility of predictive monitoring in high-risk 
environments (Ravi et al., 2017). Although the present research is not designed to build a technical 
machine learning model, it examines the perceived effectiveness of machine learning-based predictive 
analytics as an organizational system for early risk detection. This approach is appropriate because the 
success of predictive analytics depends on technical capacity, data reliability, user readiness, decision-
support usefulness, and sector-specific risk conditions. Therefore, Section 2.1 establishes the conceptual 
foundation of the study by explaining predictive analytics as a data-driven, machine learning-
supported, and decision-oriented process for identifying risks earlier across healthcare, financial 
services, and retail markets (Amir, 2026; Shima Ali et al., 2025). 
Predictive analytics in healthcare, financial services, and retail markets 
Predictive analytics has become highly significant in healthcare because clinical organizations generate 
large volumes of patient-centered, administrative, diagnostic, and operational data that can be 
transformed into early risk signals. In healthcare, predictive analytics is mainly used to identify patient 
deterioration, disease progression, hospital readmission, diagnostic uncertainty, treatment failure, 
medication-related risk, and resource pressure. Machine learning strengthens this process because it 
can process complex and heterogeneous healthcare data from electronic health records, laboratory 
reports, medical images, wearable devices, claims records, and clinical monitoring systems (Mahmudul 
& Sadia, 2026; Hossan, 2026). The value of predictive analytics in healthcare is not limited to prediction 
accuracy alone; it also depends on whether prediction can support earlier clinical attention and safer 
decision-making. In hospital settings, a patient may appear clinically stable while hidden patterns in 
vital signs, laboratory markers, previous diagnoses, and medication history indicate increasing risk. 
Machine learning-based predictive analytics can combine these signals and produce a risk score that 
helps professionals prioritize patients who require closer monitoring. Big data and machine learning 
have been described as closely related to traditional statistical thinking, but their clinical value becomes 
stronger when large health datasets are used to generate diagnostic and predictive models that support 
medical decision-making (Beam & Kohane, 2018). Healthcare analytics literature has also shown that 
artificial intelligence and big data analytics are increasingly used to support clinical prediction, disease 
monitoring, decision support, and operational improvement in healthcare systems (Mehta et al., 2019). 
In the context of this study, healthcare represents a high-risk and high-sensitivity sector because 
inaccurate or delayed risk detection can affect patient safety, service quality, resource allocation, and 
institutional performance. Therefore, healthcare predictive analytics provides a strong basis for 
examining how machine learning capability, data quality, organizational readiness, and decision-
support effectiveness influence early risk detection. Since healthcare data are often complex, 
incomplete, privacy-sensitive, and clinically diverse, predictive analytics in this sector also highlights 
the importance of reliable data preparation, professional trust, and meaningful integration into real 
decision-support systems (Hossan, 2026; Shurovi, 2026). 
In financial services, predictive analytics has become central to risk detection because financial 
institutions operate in environments where risks often appear through transactions, borrowing 
behavior, repayment histories, market movement, customer profiles, and digital activity (Sadia, 2026; 
Shima Ali et al., 2026). Banks, insurance firms, mortgage lenders, credit providers, payment platforms, 
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and investment organizations use machine learning-based predictive analytics to detect fraud, credit 
default, transaction anomalies, anti-money-laundering risks, market volatility, insurance claim 
irregularity, and customer-level financial distress. Financial risk detection is highly suitable for 
machine learning because risk patterns may be nonlinear, hidden, rapidly changing, and difficult to 
identify through fixed rule-based systems. For example, fraud may appear through unusual 
combinations of transaction location, amount, device, timing, and customer history, while credit 
default may appear through gradual changes in repayment behavior, employment information, 
account activity, and macro-financial conditions. Classification algorithms have been used in mortgage 
default prediction, where boosted regression trees, random forests, and penalized models have shown 
relevance for identifying future default status in large mortgage portfolios (Fitzpatrick & Mues, 2016). 
Machine learning has also been examined in credit markets because improvements in statistical 
technology can change lending outcomes, pricing, and risk classification across borrower groups 
(Fuster et al., 2022). These studies show that financial services provide a strong context for testing 
predictive analytics effectiveness because the sector depends heavily on risk scoring, early warning 
systems, and data-driven decision rules (Syed Nurul, 2026). In this study, the financial services context 
is important because it demonstrates how machine learning capability may improve the speed and 
precision of risk detection when supported by high-quality data, trained employees, and decision-
support systems. However, financial prediction is not only a technical matter. A fraud score, credit 
score, or market risk alert must be interpretable enough for analysts, risk officers, and compliance teams 
to use responsibly. Therefore, financial services strengthen the study’s argument that predictive 
analytics must be examined through both technological and organizational dimensions. 
 

Figure 3: Cross-sector predictive analytics framework for organizational risk detection 

 
 
Retail markets provide another important context for predictive analytics because retailers face 
continuous uncertainty related to customers, demand, inventory, pricing, competition, promotion, and 
supply chain movement. Retail risk detection includes customer churn risk, demand fluctuation, 
inventory shortage, stockout risk, overstocking, promotion failure, pricing sensitivity, supply delay, 
and sudden changes in market behavior. Retail organizations collect data from point-of-sale systems, 
loyalty cards, e-commerce platforms, mobile applications, browsing histories, customer reviews, 
product returns, warehouse systems, and supplier networks. Machine learning-based predictive 
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analytics helps retailers identify early warning signals by connecting customer behavior with 
operational and market data. For example, a decline in purchase frequency, lower engagement with 
promotions, abandoned online carts, negative review patterns, or sudden changes in category-level 
demand may indicate future customer churn or market risk. Retailing literature has emphasized that 
technology, data collection, analytics, and profitability have become major areas shaping modern retail 
decision-making, especially as retailers use digital tools to understand consumers and improve 
operational choices (Grewal et al., 2017). This sector is important for the present research because it 
shows a more market-facing form of predictive risk detection compared with healthcare and financial 
services. Healthcare risk is often patient-centered, financial risk is often transaction-centered, and retail 
risk is often customer- and demand-centered. The inclusion of retail markets therefore makes the study 
more balanced and trustworthy because it tests predictive analytics across different types of risk 
environments. Across all three sectors, predictive analytics has a shared purpose: converting available 
data into early signals that allow organizations to respond before risks become more damaging. At the 
same time, each sector has different data structures, risk meanings, operational priorities, and decision 
requirements. This is why the present study examines predictive analytics adoption, machine learning 
capability, data quality, organizational readiness, and decision-support effectiveness as measurable 
factors that may explain early risk detection effectiveness across healthcare, financial services, and retail 
markets. 
Data quality, analytics capability, and organizational readiness 
Data quality is one of the most important foundations of machine learning-based predictive analytics 
because predictive models depend on the accuracy, completeness, consistency, timeliness, and 
relevance of the data used for model development and decision-making. In early risk detection, poor 
data quality can create unreliable risk signals, incorrect classification, weak forecasting, and misleading 
decision outputs. This is highly relevant for healthcare, financial services, and retail markets because 
each sector depends on different types of data, but all three require reliable data inputs to support 
accurate prediction. In healthcare, patient records, laboratory results, clinical observations, diagnostic 
codes, and treatment histories must be complete and accurate for risk models to detect patient 
deterioration, readmission, or disease progression. In financial services, transaction records, customer 
credit histories, repayment data, account behavior, and fraud indicators must be timely and consistent 
for machine learning systems to identify suspicious activities or default risks. In retail markets, sales 
records, customer profiles, product movement, supplier information, and inventory data must be 
reliable for churn prediction, demand forecasting, and stockout risk detection. Data quality has 
therefore been linked with the practical success of predictive analytics because even advanced machine 
learning algorithms cannot produce trustworthy predictions from weak, biased, or incomplete data. 
Research on data quality for predictive analytics has emphasized that large datasets require careful 
attention to data accuracy, source reliability, cleaning procedures, and analytical suitability because 
data errors can reduce the value of big data and predictive modeling (Hazen et al., 2014). This point is 
central to the present study because early risk detection does not depend only on algorithmic 
sophistication. It also depends on whether organizations have usable, current, and well-governed data. 
When data quality is strong, predictive analytics can identify risk patterns more confidently. When 
data quality is weak, the same analytics system may generate delayed, inaccurate, or unusable risk 
warnings. Therefore, data quality has been treated in this research as a major explanatory factor that 
can influence the effectiveness of machine learning-based predictive analytics across healthcare, 
financial services, and retail markets. 
Analytics capability refers to an organization’s ability to collect, manage, analyze, interpret, and apply 
data for decision-making. In the context of this study, analytics capability includes technical 
infrastructure, skilled employees, analytical tools, machine learning knowledge, data integration 
processes, and the ability to convert predictive outputs into risk-related decisions. It is different from 
simply owning software or storing data because analytics capability reflects how effectively an 
organization can transform data resources into useful insights. This idea is important for early risk 
detection because machine learning-based predictive analytics requires a combination of technological, 
human, and managerial resources. Organizations need data platforms, trained analysts, domain 
experts, model development skills, reporting systems, and decision routines that allow predictive 
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insights to be used in real time or near real time. Studies on big data analytics capability have argued 
that analytics value is created through tangible resources, human skills, and intangible organizational 
resources such as data-driven culture and managerial support (Gupta & George, 2016). This perspective 
is highly relevant for healthcare, financial services, and retail markets because predictive risk detection 
is not performed by technology alone. A healthcare organization may have advanced electronic health 
records, but it still needs analysts and clinicians who understand risk scores. A bank may have fraud 
detection software, but it also needs risk officers and compliance teams who can interpret model 
outputs. A retailer may use customer analytics tools, but it needs managers who can translate churn or 
demand predictions into marketing, inventory, or supply chain actions. Business analytics research has 
also shown that organizational value from analytics depends on the ability to create decision-relevant 
knowledge from data and to embed analytics into managerial processes (Vidgen et al., 2017). Therefore, 
analytics capability has been positioned in this study as a necessary bridge between raw data and early 
risk detection. Without strong analytics capability, machine learning tools may remain isolated 
technical assets rather than practical systems for identifying emerging clinical, financial, or market 
risks. 
Figure 4: Integrated framework of data quality, analytics capability, and organizational readiness 

across healthcare, financial services, and retail markets 

 
Organizational readiness is another major factor that shapes the success of machine learning-based 
predictive analytics because predictive systems require supportive structures, leadership, culture, 
skills, governance, and operational integration. Readiness means that an organization is prepared to 
adopt, implement, and use analytics-based systems in a way that supports actual decision-making. It 
includes top management support, employee acceptance, data governance, process alignment, 
technological infrastructure, training, interdepartmental coordination, and a culture that values 
evidence-based decisions. This is particularly important in cross-sector risk detection because 
healthcare, financial services, and retail markets differ in their regulatory pressure, data sensitivity, 
decision speed, and operational routines. Healthcare organizations must consider clinical workflow, 
patient privacy, professional accountability, and patient safety. Financial institutions must consider 
compliance, fraud control, credit policy, and regulatory reporting. Retail firms must consider customer 
experience, product availability, pricing decisions, and demand volatility. Organizational readiness 
determines whether predictive analytics can be integrated into these sector-specific activities. Research 
on business intelligence success has shown that maturity, information quality, and analytics-oriented 
culture contribute to the effective use of intelligence systems in organizations (Popovič et al., 2012). 
Similarly, studies on big data analytics value have shown that organizational capabilities can improve 
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business value when analytics resources are aligned with organizational processes and strategic 
objectives (Côrte-Real et al., 2017). These arguments support the structure of the present study because 
organizational readiness has been treated as a predictor of predictive analytics implementation and 
early risk detection effectiveness. If employees do not trust analytics outputs, if managers do not 
support data-driven decision-making, or if data governance is weak, machine learning-based 
predictive analytics may not support early risk detection effectively. Therefore, data quality, analytics 
capability, and organizational readiness are closely connected. Data quality provides reliable input, 
analytics capability transforms data into predictive insight, and organizational readiness ensures that 
those insights are accepted, interpreted, and used in risk-related decisions across healthcare, financial 
services, and retail markets. 
Decision-support effectiveness in predictive risk management 
Decision-support effectiveness refers to the ability of an information system, analytics tool, or 
predictive model to provide outputs that are timely, understandable, relevant, usable, and actionable 
for decision-makers. In the context of machine learning-based predictive analytics, decision-support 
effectiveness is especially important because early risk detection does not depend only on whether a 
model can generate a prediction. It also depends on whether the prediction can guide human judgment, 
risk prioritization, and organizational response.  

Figure 5: Decision-support effectiveness framework for early risk detection across healthcare, 
financial services, and retail markets 

 
A machine learning model may produce a probability score, risk category, warning alert, or 
classification result, but that output becomes valuable only when the user can interpret it and connect 
it with a practical action. In healthcare, this may involve a clinician using a risk alert to monitor a patient 
more closely. In financial services, this may involve a risk officer using a fraud score to review a 
suspicious transaction. In retail markets, this may involve a manager using a churn prediction or 
demand-risk alert to adjust customer retention, pricing, or inventory decisions. Therefore, decision-
support effectiveness works as a bridge between technical prediction and practical risk management. 
This issue has become more important because many machine learning models, especially complex 
models, may perform well statistically but remain difficult for users to understand. Research on 



American Journal of Data Science and Analytics, June 2026, 285-326 

300 
 

interpretable machine learning in healthcare has shown that intelligible models can support high-stakes 
decision-making by making prediction logic more transparent and acceptable to professionals 
(Caruana et al., 2015). This argument is directly relevant to the present study because healthcare, 
financial services, and retail markets all require predictive systems that support decisions, not only 
model performance. If users cannot understand why a customer, patient, transaction, or inventory 
pattern has been classified as risky, the predictive output may not lead to timely action. Therefore, 
decision-support effectiveness has been treated in this research as a key factor that strengthens the 
practical value of machine learning-based predictive analytics for early risk detection. 
Decision-support effectiveness is also closely related to user trust, explanation quality, perceived 
usefulness, and confidence in system recommendations. Predictive analytics tools often produce 
outputs that influence important decisions, so users must believe that the model is reliable, relevant, 
and suitable for the decision context. In risk management, trust is not only a psychological issue; it 
affects whether decision-makers accept, ignore, question, or act on predictive alerts. For example, a 
financial analyst may receive a fraud warning, but the warning may be ignored if the system produces 
too many false alerts or does not explain the reason behind the risk score. A healthcare professional 
may hesitate to follow a clinical risk prediction if the alert conflicts with clinical judgment or lacks 
sufficient explanation. A retail manager may reject a demand forecast if the system does not show the 
variables behind the predicted market risk. Earlier research on recommendation agents has shown that 
explanations can improve user trust and acceptance of system advice by helping users understand why 
a system has produced a particular recommendation (Wang & Benbasat, 2007). In algorithmic decision 
contexts, transparency has also been found to influence trust, although the relationship between 
transparency and trust may depend on how much information is provided and how users process that 
information (Kizilcec, 2016). These findings are relevant to the present research because predictive risk 
detection requires an appropriate balance between technical accuracy and practical interpretability. 
Excessive technical detail may confuse users, while very limited explanation may reduce trust. 
Therefore, decision-support effectiveness should be understood as the quality of interaction between 
predictive analytics outputs and human decision-making needs. In this study, decision-support 
effectiveness includes the timeliness of predictive alerts, clarity of risk explanations, interpretability of 
outputs, relevance to sector-specific decisions, and usefulness of analytics dashboards or reporting 
tools. These dimensions help explain why two organizations may have similar machine learning 
capability but different levels of early risk detection effectiveness. 
In predictive risk management, decision-support effectiveness also depends on explainability because 
users need to understand the main factors that drive a prediction. Explainability is especially important 
in healthcare, financial services, and retail markets because predictive outcomes may affect patient 
safety, credit approval, fraud investigation, customer targeting, inventory allocation, and operational 
planning. Explainable artificial intelligence has been discussed as a way to make machine learning 
systems more transparent, interpretable, and accountable by clarifying how models generate 
predictions and which variables influence outcomes (Arrieta et al., 2020). A broad survey of methods 
for explaining black-box models has also shown that explanation techniques can support transparency 
by helping users understand, inspect, and evaluate machine learning predictions (Guidotti et al., 2018). 
These studies are important for the present research because early risk detection requires users to act 
before the risk has fully developed. At this early stage, the decision-maker may not have complete 
evidence, so the predictive system must provide enough understandable information to justify 
attention and action. In healthcare, an explainable risk alert may show which symptoms, test results, 
or patient history factors contributed to a risk score. In financial services, an explainable fraud or default 
prediction may identify transaction behavior, repayment pattern, account history, or anomaly 
indicators. In retail markets, an explainable churn or demand-risk prediction may show customer 
inactivity, price sensitivity, purchasing decline, or inventory movement. Therefore, decision-support 
effectiveness is not separate from machine learning-based predictive analytics; it is a core condition for 
turning predictive outputs into early intervention. This study has included decision-support 
effectiveness as a major research variable because the success of predictive analytics depends on 
whether risk alerts are timely, understandable, credible, and actionable. By examining this variable 
across healthcare, financial services, and retail markets, the study can measure whether predictive 
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analytics creates practical decision value across different risk environments. 
Theoretical framework: Technology–Organization–Environment framework 
The theoretical foundation of this study has been developed through the Technology–Organization–
Environment framework because the research examines machine learning-based predictive analytics 
as an organizational capability shaped by technological readiness, internal organizational conditions, 
and sector-specific environmental pressure. The TOE framework has been widely used to explain why 
organizations adopt, implement, and benefit from information technologies, especially when the 
technology requires infrastructure, managerial support, employee capability, and external pressure. In 
this study, the theoretical framework can be expressed in equation form as: 

𝐸𝑅𝐷 = 𝑓(𝑇, 𝑂, 𝐸) 
 
Here, 𝐸𝑅𝐷represents early risk detection effectiveness, 𝑇represents the technological context, 
𝑂represents the organizational context, and 𝐸represents the environmental or sector-specific context. 
The technological context includes machine learning capability, predictive analytics adoption, and data 
quality because these factors represent the technical foundation needed for early risk detection. 
Therefore, the technological context can be expressed as: 

𝑇 = 𝑓(𝑀𝐿𝐶, 𝑃𝐴𝐴, 𝐷𝑄) 
 
For operational measurement, this study may calculate technological readiness as: 

𝑇 =
𝑀𝐿𝐶 + 𝑃𝐴𝐴 + 𝐷𝑄

3
 

 
In this formula, means machine learning capability, means predictive analytics adoption, and means 
data quality. Machine learning capability reflects the organization’s ability to use algorithmic models, 
automated pattern recognition, and predictive scoring to identify risk. Predictive analytics adoption 
reflects the extent to which analytics tools, dashboards, risk scoring systems, and forecasting models 
are used in operational decision-making. Data quality reflects whether the data used for prediction is 
accurate, complete, consistent, timely, and relevant. These technological factors are important because 
organizations cannot achieve effective early risk detection if their predictive systems are weak, 
fragmented, or based on unreliable data. Prior studies using the TOE framework have shown that 
technological factors such as relative advantage, compatibility, complexity, and technology readiness 
influence organizational technology adoption decisions (Low et al., 2011). Similarly, research on cloud 
computing adoption across manufacturing and service sectors has shown that technological benefits, 
security concerns, technology readiness, and compatibility can shape adoption decisions (Oliveira et 
al., 2014). These studies support the use of the TOE framework in this research because machine 
learning-based predictive analytics requires technological readiness before it can generate reliable risk 
warnings. In healthcare, this technological context may include electronic health records, predictive 
clinical models, and patient risk scoring. In financial services, it may include transaction monitoring 
systems, fraud detection models, and credit risk engines. In retail markets, it may include customer 
analytics platforms, demand forecasting models, and inventory risk prediction tools. Therefore, the 
technological dimension of the framework has been directly connected with the predictive capacity of 
organizations. 
The organizational context of the TOE framework is equally important because machine learning-based 
predictive analytics does not create value only through the presence of algorithms or data platforms. It 
requires organizational readiness, skilled employees, managerial support, analytics culture, 
interdepartmental coordination, governance structures, and decision-support effectiveness. In 
equation form, the organizational context can be presented as: 

𝑂 = 𝑓(𝑂𝑅, 𝐷𝑆𝐸) 
 
For operational measurement, organizational readiness and decision-support effectiveness can be 
combined as: 

𝑂 =
𝑂𝑅 + 𝐷𝑆𝐸

2
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Here, means organizational readiness, and means decision-support effectiveness. Organizational 
readiness refers to the extent to which an organization has the infrastructure, employee capability, 
leadership support, and data-driven culture needed to adopt predictive analytics. Decision-support 
effectiveness refers to the ability of predictive analytics outputs to become timely, understandable, 
interpretable, and actionable for managers, clinicians, analysts, risk officers, and operational decision-
makers. This organizational dimension is essential because early risk detection depends on whether 
people and processes can use predictive insights properly. A healthcare organization may generate a 
patient deterioration alert, but the alert must be understood and acted upon by clinicians. A bank may 
generate a fraud probability score, but risk officers must be able to interpret and escalate the alert. A 
retail firm may predict customer churn or demand instability, but managers must translate that 
prediction into customer retention, pricing, or inventory decisions. Studies integrating technology 
adoption frameworks have shown that organizational support, perceived usefulness, perceived ease of 
use, and environmental conditions can explain the adoption of enterprise technologies (Gangwar et al., 
2015). Other research has also argued that the TOE framework becomes stronger when combined with 
behavioral and organizational adoption perspectives because technology adoption depends on 
organizational resources, readiness, management commitment, and user acceptance (Awa et al., 2015). 
This argument is directly relevant to the present study because machine learning-based predictive 
analytics must be accepted and embedded in organizational routines before it can support early risk 
detection. Therefore, the organizational dimension of this theoretical framework has been linked with 
two major variables: organizational readiness and decision-support effectiveness. These variables help 
explain why some organizations with similar predictive tools may achieve different levels of early risk 
detection effectiveness. The difference may come from employee skill, leadership support, analytics 
culture, trust in predictive outputs, and the ability to convert risk scores into practical decisions. 
 

Figure 6: TOE-based theoretical model of early risk detection effectiveness 

 
The environmental context of the TOE framework is used in this study to explain sector-based 
differences across healthcare, financial services, and retail markets. Environmental context refers to the 
external conditions, competitive pressure, regulatory pressure, market uncertainty, stakeholder 
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expectations, risk exposure, and sector-specific requirements that influence technology adoption and 
use. In this research, the environmental context is represented mainly through the three-sector case-
study setting. Therefore, the environmental component can be expressed as: 

𝐸 = 𝑓(𝐻𝐶, 𝐹𝑆, 𝑅𝑀) 
 
Here, represents healthcare, represents financial services, and represents retail markets. Healthcare 
faces patient safety pressure, clinical accountability, privacy requirements, and service quality 
expectations. Financial services face fraud risk, credit risk, compliance pressure, anti-money-
laundering requirements, and reputational risk. Retail markets face customer behavior uncertainty, 
demand volatility, inventory pressure, pricing competition, and supply chain instability. These 
environmental pressures influence how organizations use machine learning-based predictive analytics 
and what type of early risk detection they prioritize. Research on big data analytics adoption has shown 
that technological, organizational, and environmental factors jointly influence adoption decisions, 
including relative advantage, compatibility, top management support, organizational data 
environment, competitive pressure, and partner pressure (Verma & Chaurasia, 2019). Based on this 
theoretical logic, the main TOE-based predictive risk detection model of this study can be expressed as: 

𝐸𝑅𝐷 = 𝛽0 + 𝛽1𝑇 + 𝛽2𝑂 + 𝛽3𝐸 + 𝜀 
 
In this model, 𝐸𝑅𝐷means early risk detection effectiveness, 𝑇means technological readiness, 𝑂means 
organizational readiness, 𝐸means environmental or sector-context effect, 𝛽0is the constant, 𝛽1, 𝛽2, and 
𝛽3are regression coefficients, and 𝜀is the error term. Since the technological and organizational 
variables are measured through specific constructs, the extended model can be written as: 

𝐸𝑅𝐷 = 𝛽0 + 𝛽1𝑀𝐿𝐶 + 𝛽2𝑃𝐴𝐴 + 𝛽3𝐷𝑄 + 𝛽4𝑂𝑅 + 𝛽5𝐷𝑆𝐸 + 𝛽6𝐸 + 𝜀 
 
For sector-wise comparison, the environmental context can be tested through dummy variables: 

𝐸𝑅𝐷 = 𝛽0 + 𝛽1𝑀𝐿𝐶 + 𝛽2𝑃𝐴𝐴 + 𝛽3𝐷𝑄 + 𝛽4𝑂𝑅 + 𝛽5𝐷𝑆𝐸 + 𝛽6𝐻𝐶 + 𝛽7𝐹𝑆 + 𝛽8𝑅𝑀 + 𝜀 
 
Here, 𝐻𝐶, 𝐹𝑆, and 𝑅𝑀represent the healthcare, financial services, and retail market sectors. This 
equation-based theoretical framework is suitable for the whole study because it connects the TOE 
framework with the questionnaire variables, descriptive analysis, correlation analysis, regression 
modeling, sector-specific readiness index, and hypothesis testing. It also helps show that early risk 
detection is not influenced by one factor only. Instead, it is shaped by the combined effect of 
technological readiness, organizational readiness, and environmental or sector-specific pressure. 
Conceptual framework and research gap 
The conceptual framework of this study has been developed to explain how machine learning-based 
predictive analytics contributes to early risk detection across healthcare, financial services, and retail 
markets. A conceptual framework is important because it organizes the major variables of the study 
and shows how the relationships among those variables can be tested through quantitative analysis. In 
this research, early risk detection effectiveness has been treated as the dependent variable because the 
main purpose of the study is to examine whether organizations can identify clinical, financial, 
operational, customer, demand, fraud, and market-related risks before they become serious problems. 
The major independent variables are machine learning capability, predictive analytics adoption, data 
quality, and organizational readiness. Decision-support effectiveness has been included as a 
supporting explanatory variable because predictive analytics becomes more valuable when its outputs 
are understandable, timely, interpretable, and actionable. This logic is consistent with information 
management research, which has shown that information capability can influence organizational 
performance by improving customer management, process management, and performance 
management capabilities (Mithas et al., 2011). This is relevant to the present study because early risk 
detection is also a performance-related outcome that depends on how effectively organizations manage 
information and convert it into decision value. Business analytics research has also shown that analytics 
can improve organizational and supply chain performance when firms use analytical information to 
support decision-making, forecasting, planning, and process improvement (Trkman et al., 2010). 
Therefore, the conceptual framework of this study assumes that machine learning-based predictive 
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analytics is not only a technical process but also an organizational process. In simple form, the study’s 
conceptual relationship can be expressed as: Early Risk Detection Effectiveness = f(Machine Learning 
Capability, Predictive Analytics Adoption, Data Quality, Organizational Readiness, Decision-Support 
Effectiveness, Sector Context). In formula form, this can be written as: . Here, represents early risk 
detection effectiveness, represents machine learning capability, represents predictive analytics 
adoption, represents data quality, represents organizational readiness, represents decision-support 
effectiveness, and represents sector context. 
Figure 7: Research conceptual framework linking machine learning capability, predictive analytics 

adoption, and early risk detection 

 
The proposed conceptual framework is also grounded in the idea that data and analytics create value 
through a chain of resources, capabilities, insights, and decisions. In this study, machine learning 
capability refers to the ability to use algorithms, automation, pattern recognition, classification, and risk 
scoring. Predictive analytics adoption refers to the practical use of forecasting tools, risk dashboards, 
predictive models, and analytics systems in organizational decision processes. Data quality refers to 
the accuracy, completeness, consistency, timeliness, and relevance of data used in predictive modeling. 
Organizational readiness refers to the presence of infrastructure, employee skills, leadership support, 
data governance, and analytics culture. Decision-support effectiveness refers to the usefulness of 
predictive outputs for risk-related action. The relationship among these variables can be expressed 
through an operational regression model: . In this model, is the constant, to represent regression 
coefficients, and represents the error term. The model is suitable for this study because it allows the 
researcher to test the individual and combined effects of the independent variables on early risk 
detection effectiveness. Strategic business value research has argued that big data analytics can create 
value when data resources, analytics resources, insight generation, and business actions are properly 
connected (Grover et al., 2018). Similarly, big data analytics capability research has shown that analytics 
capability can strengthen organizational competitiveness through dynamic and operational capabilities 
(Mikalef et al., 2020). These findings support the present framework because machine learning-based 
predictive analytics must pass through a capability-to-decision pathway before it improves early risk 
detection. For example, a healthcare organization may have patient records and predictive algorithms, 
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but early risk detection improves only when the model output is translated into clinical attention. A 
financial institution may use fraud scoring systems, but the score must support timely review. A retailer 
may predict demand risk, but the prediction must influence stock planning, pricing, or customer 
retention activity. 
The research gap has been identified from the limited availability of cross-sector quantitative studies 
that examine machine learning-based predictive analytics as a combined technological, organizational, 
and decision-support capability for early risk detection. Many previous studies have examined 
analytics in individual sectors or in general organizational performance settings, but fewer studies have 
compared healthcare, financial services, and retail markets within the same conceptual model. This gap 
is important because the three sectors represent different risk environments. Healthcare risk is often 
patient-centered and clinically sensitive, financial services risk is transaction-centered and compliance-
sensitive, and retail risk is customer- and demand-centered. A single-sector approach cannot fully 
explain whether predictive analytics works similarly across these different settings. Research on big 
data and predictive analytics has shown that predictive analytics performance is shaped by data 
resources, institutional pressure, analytics culture, and organizational capability (Dubey et al., 2019). 
This supports the argument that sector context should be included in the conceptual framework 
because healthcare, finance, and retail organizations face different pressures, data types, risk meanings, 
and decision requirements. Therefore, this study addresses the research gap by developing a cross-
sector model where early risk detection effectiveness is explained by machine learning capability, 
predictive analytics adoption, data quality, organizational readiness, decision-support effectiveness, 
and sector context. The study also proposes a sector-specific predictive risk readiness index, which can 
be calculated as . Here, represents the sector-specific predictive risk readiness index. This formula helps 
compare the readiness of healthcare, financial services, and retail markets in using predictive analytics 
for early risk detection. The framework therefore contributes to the literature by connecting theoretical 
logic, measurable variables, regression modeling, and sector-wise comparison in one structure. It also 
makes the study more trustworthy because it does not treat predictive analytics as a general 
technological idea only; it examines how predictive capability becomes useful under different sector-
specific conditions. 
METHODS 
This study has adopted a quantitative, cross-sectional, case-study-based research design to examine 
how machine learning-based predictive analytics has contributed to early risk detection across 
healthcare, financial services, and retail markets. The quantitative design has been selected because the 
study has measured the relationships among machine learning capability, predictive analytics 
adoption, data quality, organizational readiness, decision-support effectiveness, and early risk 
detection effectiveness through numerical data. The cross-sectional design has been appropriate 
because data have been collected from respondents at a single point in time, allowing the researcher to 
assess current perceptions regarding predictive analytics and early risk detection across the selected 
sectors. The case-study context has included three major sectors: healthcare, financial services, and 
retail markets. These sectors have been selected because each has used predictive analytics for different 
types of risks, including patient deterioration, hospital readmission, fraud, credit default, suspicious 
transactions, customer churn, demand fluctuation, inventory shortage, and market uncertainty. 
Therefore, the case-study context has allowed the research to compare how predictive analytics has 
functioned in different organizational and sector-specific risk environments. 
The population of the study has consisted of professionals working in healthcare organizations, 
financial institutions, and retail firms who have had knowledge or practical exposure to machine 
learning systems, predictive analytics tools, risk management practices, information systems, business 
analytics, data management, operational decision-making, or decision-support platforms. The unit of 
analysis has been the individual professional respondent because the study has collected perception-
based data from employees, managers, analysts, IT officers, risk officers, healthcare administrators, 
finance professionals, and retail operations personnel. A purposive sampling strategy has been used 
because the study has required respondents who have been relevant to the topic and capable of 
answering questions related to analytics-based risk detection. The sample has been designed to include 
respondents from all three sectors so that sector-wise comparison and cross-sector analysis have been 
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possible. 
The data collection procedure has been conducted through a structured questionnaire. The 
questionnaire has been distributed online or physically to selected respondents, depending on 
accessibility and organizational convenience. The respondents have been informed about the academic 
purpose of the study, and participation has been voluntary. The instrument design has followed 
Likert’s five-point scale, where 1 has represented strongly disagree, 2 has represented disagree, 3 has 
represented neutral, 4 has represented agree, and 5 has represented strongly agree. The questionnaire 
has included sections on demographic profile, machine learning capability, predictive analytics 
adoption, data quality, organizational readiness, decision-support effectiveness, and early risk 
detection effectiveness. Sector-specific items have also been included to examine predictive risk 
readiness and cross-sector risk detection patterns. 
A pilot test has been conducted before the final data collection to examine the clarity, wording, 
consistency, and reliability of the questionnaire items. The pilot responses have helped identify unclear 
wording, repetitive items, and possible measurement issues. Validity has been ensured through expert 
review, content alignment with the research objectives, and construct-based item development. 
Reliability has been tested through Cronbach’s alpha, where a value of 0.70 or above has been 
considered acceptable for internal consistency.  

Figure 8: Research Methodology 
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The collected data have been coded, cleaned, and analyzed using SPSS. Descriptive statistics have been 
used to summarize demographic information and variable-level responses. Correlation analysis has 
been used to examine relationships among the major variables, while regression modeling has been 
used to test the hypotheses and identify predictors of early risk detection effectiveness. Microsoft Excel 
has been used for preliminary data organization, table preparation, and calculation support. EndNote 
has been used for managing citations and preparing references in APA 7th edition format. Overall, the 
methodology has been designed to provide a structured, measurable, and statistically testable 
approach for examining machine learning-based predictive analytics across the selected sectors. 
DATA ANALYSIS AND PRESENTATION 
Response rate and demographic profile 

Table 1: Response rate and demographic profile of respondents 

Category Subcategory Frequency Percentage Result interpretation 

Questionnaires 
distributed 

Total distributed 330 100.00% Initial target sample 

Valid responses Usable responses 286 86.67% Strong response rate 

Invalid/incomplete 
responses 

Excluded responses 44 13.33% Removed from analysis 

Sector Healthcare 99 34.60% 
Highest sector 
representation 

Sector Financial services 95 33.20% Balanced representation 

Sector Retail markets 92 32.20% Balanced representation 

Job role Managers/supervisors 74 25.87% 
Decision-level 
participants 

Job role Data/IT/analytics staff 82 28.67% 
Strong analytics 

exposure 

Job role Risk/operations officers 79 27.62% Risk-related respondents 

Job role 
General professional 

staff 
51 17.83% 

Supporting respondent 
group 

Work experience 1–3 years 64 22.38% Early-career respondents 

Work experience 4–6 years 91 31.82% 
Largest experience 

group 

Work experience 7–10 years 78 27.27% 
Experienced 
professionals 

Work experience Above 10 years 53 18.53% Senior professionals 

Analytics involvement Directly involved 121 42.31% 
Strong analytics 

relevance 

Analytics involvement Moderately involved 108 37.76% 
Relevant operational 

exposure 

Analytics involvement Indirectly involved 57 19.93% Contextual awareness 

The response rate and demographic findings have confirmed that the study has collected valid and 
relevant data for examining machine learning-based predictive analytics and early risk detection across 
healthcare, financial services, and retail markets. Out of 330 distributed questionnaires, 286 valid 
responses have been retained, producing a response rate of 86.67%. This has indicated that the data 
have been sufficient for descriptive statistics, correlation analysis, regression modeling, and sector-wise 
comparison. The sector-wise distribution has been balanced, with healthcare representing 34.60%, 
financial services representing 33.20%, and retail markets representing 32.20% of the total sample. This 
balance has strengthened the cross-sector case-study design because the findings have not depended 
heavily on one sector only. The respondent profile has also supported the purpose of the study because 
a large portion of the sample has included managers, data/IT/analytics staff, risk officers, operations 
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officers, and professional employees who have had direct or indirect exposure to analytics-based 
systems and risk-related decision-making. The experience distribution has further improved the 
reliability of the findings because respondents have included both early-career and experienced 
professionals. The largest group has had 4–6 years of experience, followed by respondents with 7–10 
years of experience, showing that most participants have had enough workplace exposure to 
understand predictive analytics adoption, data quality, organizational readiness, decision-support 
systems, and early risk detection. The analytics involvement category has shown that 42.31% of 
respondents have been directly involved with analytics-related work, while 37.76% have been 
moderately involved. This has proved that the sample has been relevant to the research objectives. In 
relation to the Technology–Organization–Environment framework, the demographic results have 
supported the environmental context because respondents have come from three different risk 
environments. They have also supported the organizational context because the sample has included 
professionals who have worked within organizational systems where analytics capability, readiness, 
and decision support have shaped early risk detection. 
Descriptive statistics of major research variables 

Table 2: Descriptive statistics of major research variables based on Likert’s five-point scale 

Variable 
code 

Research variable Mean 
Standard 
deviation 

Likert 
interpretation 

Objective linkage 

MLC Machine learning capability 4.05 0.64 Agree 
Supports Objective 

1 

PAA Predictive analytics adoption 3.98 0.66 Agree 
Supports Objective 

2 

DQ Data quality 4.12 0.61 Agree strongly 
Supports Objective 

3 

OR Organizational readiness 3.89 0.70 Agree 
Supports Objective 

4 

DSE 
Decision-support 

effectiveness 
4.01 0.63 Agree 

Supports Objective 
5 

ERD 
Early risk detection 

effectiveness 
4.08 0.59 Agree strongly 

Main dependent 
outcome 

SPRI 
Sector-specific predictive 

risk readiness index 
4.02 0.58 Agree 

Supports sector 
comparison 

CSP 
Cross-sector risk detection 

pattern 
3.97 0.62 Agree 

Supports Objective 
6 

The descriptive statistics have shown that respondents have positively evaluated all major variables of 
the study based on Likert’s five-point scale. Since the scale has ranged from 1 = strongly disagree to 5 
= strongly agree, mean values above 3.50 have indicated favorable agreement, while values around or 
above 4.00 have indicated strong agreement. Data quality has recorded the highest mean score of 4.12 
with a standard deviation of 0.61, proving that respondents have viewed accurate, complete, timely, 
and consistent data as the strongest foundation of machine learning-based predictive analytics. This 
result has supported the third research objective, which has focused on evaluating the role of data 
quality in predictive analytics effectiveness. Early risk detection effectiveness has recorded a mean of 
4.08, showing that respondents have agreed strongly that predictive analytics has helped organizations 
identify risk earlier, classify risks more effectively, and support timely intervention. Machine learning 
capability has recorded a mean of 4.05, indicating that algorithmic modeling, automated pattern 
recognition, and predictive classification have been perceived as important contributors to early risk 
detection. Decision-support effectiveness has recorded a mean of 4.01, proving that predictive outputs 
have been considered understandable, actionable, and useful for decision-making. Predictive analytics 
adoption has recorded a mean of 3.98, showing that risk dashboards, forecasting models, and analytics 
systems have been actively used across the selected sectors. Organizational readiness has recorded a 
mean of 3.89, which has remained positive but slightly lower than the other variables. This has 
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indicated that organizations have had supportive infrastructure and management readiness, although 
employee capability, governance, and integration may still require improvement. The sector-specific 
predictive risk readiness index has recorded a mean of 4.02, while cross-sector risk detection pattern 
has recorded 3.97, proving that the unique study-specific sections have also aligned with the main 
research objectives. In relation to the TOE framework, the descriptive results have shown that 
technological variables, organizational variables, and sector-context variables have all received positive 
agreement. Therefore, the descriptive findings have provided initial evidence that the theoretical 
framework has been suitable for explaining early risk detection effectiveness. 
Reliability analysis of measurement constructs 

Table 3: Reliability analysis of measurement constructs 

Construct 
code 

Measurement construct 
Number of 

items 
Cronbach’s 

alpha 
Reliability 
threshold 

Result 

MLC Machine learning capability 5 0.87 ≥ 0.70 Reliable 

PAA 
Predictive analytics 

adoption 
5 0.85 ≥ 0.70 Reliable 

DQ Data quality 5 0.88 ≥ 0.70 Reliable 

OR Organizational readiness 5 0.84 ≥ 0.70 Reliable 

DSE 
Decision-support 

effectiveness 
5 0.86 ≥ 0.70 Reliable 

ERD 
Early risk detection 

effectiveness 
5 0.89 ≥ 0.70 Reliable 

SPRI 
Predictive risk readiness 

index items 
5 0.87 ≥ 0.70 Reliable 

CSP 
Cross-sector risk detection 

pattern items 
6 0.83 ≥ 0.70 Reliable 

Overall scale Full questionnaire 41 0.91 ≥ 0.70 
Highly 
reliable 

The reliability analysis has confirmed that all measurement constructs have been internally consistent 
and suitable for statistical testing. Cronbach’s alpha has been used to assess the reliability of each 
construct, and the accepted minimum threshold has been 0.70. All constructs have exceeded this 
threshold, indicating that the questionnaire items have measured their intended variables consistently. 
Early risk detection effectiveness has recorded the highest reliability score of 0.89, showing that the 
items related to early warning, risk classification, timely detection, risk prioritization, and prevention-
oriented response have worked together strongly as one dependent construct. Data quality has 
recorded a Cronbach’s alpha of 0.88, confirming that data accuracy, completeness, timeliness, 
consistency, and relevance have formed a reliable measurement construct. Machine learning capability 
has recorded 0.87, proving that items related to algorithmic modeling, automation, pattern recognition, 
prediction capacity, and classification ability have been internally consistent. Decision-support 
effectiveness has recorded 0.86, showing that the items measuring interpretability, actionability, 
timeliness, usability, and decision relevance have been reliable. Predictive analytics adoption has 
recorded 0.85, while organizational readiness has recorded 0.84, both of which have indicated strong 
reliability. The two unique sections of the results chapter have also shown acceptable reliability, as the 
sector-specific predictive risk readiness index has produced 0.87 and cross-sector risk detection pattern 
has produced 0.83. The overall questionnaire has produced a Cronbach’s alpha of 0.91, indicating high 
reliability across the full instrument. These findings have strengthened the trustworthiness of the 
quantitative results because reliable constructs have reduced the possibility of random measurement 
error. The reliability results have also supported the Technology–Organization–Environment 
framework because the technological constructs, organizational constructs, and environmental-sector 
constructs have all been measured consistently. Therefore, the study has been able to proceed 
confidently with correlation, regression, hypothesis testing, and sector-wise comparison. The reliability 
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results have directly supported the methodological quality of the research and have shown that the 
Likert-scale instrument has been appropriate for proving the objectives and hypotheses. 
Correlation analysis among machine learning, predictive analytics, and early risk detection 
variables 

Table 4: Correlation matrix of major research variables 

Variable MLC PAA DQ OR DSE ERD 

Machine learning capability 1.00 0.58** 0.60** 0.52** 0.59** 0.64** 

Predictive analytics adoption 0.58** 1.00 0.56** 0.54** 0.57** 0.61** 

Data quality 0.60** 0.56** 1.00 0.55** 0.63** 0.68** 

Organizational readiness 0.52** 0.54** 0.55** 1.00 0.60** 0.57** 

Decision-support effectiveness 0.59** 0.57** 0.63** 0.60** 1.00 0.66** 

Early risk detection effectiveness 0.64** 0.61** 0.68** 0.57** 0.66** 1.00 

Note: **p < 0.01. 
The correlation analysis has demonstrated that all major research variables have had significant 
positive relationships with early risk detection effectiveness. This has provided important statistical 
evidence for proving the research objectives and supporting the proposed hypotheses. Machine 
learning capability has shown a strong positive correlation with early risk detection effectiveness at r = 
0.64, p < 0.01. This result has indicated that organizations with stronger algorithmic modeling, 
automated pattern recognition, predictive classification, and machine learning infrastructure have been 
more likely to detect risks earlier. Predictive analytics adoption has also shown a positive relationship 
with early risk detection effectiveness at r = 0.61, p < 0.01, proving that organizations that have used 
analytics dashboards, risk scoring systems, forecasting models, and data-driven monitoring tools have 
achieved better risk identification outcomes. Data quality has recorded the strongest correlation with 
early risk detection effectiveness at r = 0.68, p < 0.01.  
Regression analysis of predictors of early risk detection effectiveness 

Table 5: Multiple regression analysis predicting early risk detection effectiveness 

Predictor variable 
Standardized 

beta 
t-

value 
p-

value 
Hypothesis 

link 
Result 

Machine learning capability 0.21 3.46 0.001 H1 Supported 

Predictive analytics adoption 0.18 3.12 0.002 H2 Supported 

Data quality 0.29 4.91 0.000 H3 Supported 

Organizational readiness 0.14 2.36 0.019 H4 Supported 

Decision-support 
effectiveness 

0.25 4.28 0.000 H5 Supported 

Model R 0.790    Strong model fit 

R² 0.624   H6 Supported 

Adjusted R² 0.617   H6 Supported 

F-value 92.84  0.000 H6 
Significant 

model 

This has shown that accurate, complete, timely, and consistent data have been highly important for 
reliable prediction. Decision-support effectiveness has also shown a strong positive correlation with 
early risk detection effectiveness at r = 0.66, p < 0.01, confirming that predictive outputs have become 
more valuable when they have been understandable, interpretable, timely, and actionable. 
Organizational readiness has recorded a positive correlation of r = 0.57, p < 0.01, indicating that digital 
infrastructure, employee skill, managerial support, and data governance have supported predictive 
analytics use. The interrelationships among independent variables have also been positive, showing 
that the constructs have been connected but not identical. For example, data quality has correlated with 
decision-support effectiveness at r = 0.63, suggesting that better data has improved the usefulness of 
predictive outputs. These findings have aligned with the TOE framework because the technological 
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dimension has been represented by machine learning capability, predictive analytics adoption, and 
data quality, while the organizational dimension has been represented by organizational readiness and 
decision-support effectiveness. The positive correlations have shown that technological and 
organizational factors have moved together in strengthening early risk detection effectiveness. 
Therefore, Table 4 has provided clear evidence that the selected variables have been appropriate for 
further regression testing. 
The regression analysis has provided strong evidence that machine learning capability, predictive 
analytics adoption, data quality, organizational readiness, and decision-support effectiveness have 
significantly predicted early risk detection effectiveness. The overall model has produced an R value of 
0.790, showing a strong combined relationship between the predictors and the dependent variable. The 
R² value has been 0.624, meaning that 62.4% of the variance in early risk detection effectiveness has 
been explained by the five major predictors. The adjusted R² value has been 0.617, confirming that the 
model has remained strong after adjusting for the number of predictors. The F-value has been 92.84 
with p = 0.000, proving that the overall regression model has been statistically significant. Among the 
predictors, data quality has emerged as the strongest predictor with β = 0.29 and p = 0.000. This has 
proved that accurate, timely, complete, and consistent data have had the greatest influence on early 
risk detection effectiveness. Decision-support effectiveness has been the second strongest predictor 
with β = 0.25 and p = 0.000, showing that predictive analytics has worked better when model outputs 
have been interpretable, understandable, actionable, and useful for decision-making. Machine learning 
capability has also had a significant positive effect with β = 0.21 and p = 0.001, proving H1 and showing 
that algorithmic capacity has strengthened risk identification. Predictive analytics adoption has had a 
significant effect with β = 0.18 and p = 0.002, supporting H2 and proving that active use of predictive 
tools has improved early risk detection. Organizational readiness has had a smaller but still significant 
effect with β = 0.14 and p = 0.019, supporting H4 and showing that infrastructure, skill, culture, and 
managerial support have influenced analytics implementation. These findings have aligned with the 
Technology–Organization–Environment framework because the technological variables have 
produced strong effects, while organizational readiness and decision-support effectiveness have 
confirmed that technology must be supported by organizational capability. The results have also 
supported the main research objective because the model has shown that early risk detection has been 
explained by a combination of machine learning capability, predictive analytics adoption, data quality, 
organizational readiness, and decision-support effectiveness. 
Sector-specific predictive risk readiness index 

Table 6: Sector-specific predictive risk readiness index 

Sector 
MLC 
mean 

PAA 
mean 

DQ 
mean 

OR 
mean 

DSE 
mean 

SPRI 
score 

Readiness 
interpretation 

Healthcare 4.03 3.96 4.14 3.86 4.10 4.02 High readiness 

Financial 
services 

4.17 4.10 4.18 3.94 4.06 4.09 Highest readiness 

Retail markets 3.96 3.89 4.04 3.87 3.94 3.94 
Moderate-to-high 

readiness 

Overall 4.05 3.98 4.12 3.89 4.01 4.02 High overall readiness 

Formula used: SPRI = (MLC + PAA + DQ + OR + DSE) / 5 
The sector-specific predictive risk readiness index has been developed as a unique result section for 
this study because the research has compared machine learning-based predictive analytics across 
healthcare, financial services, and retail markets. The SPRI formula has combined the mean scores of 
machine learning capability, predictive analytics adoption, data quality, organizational readiness, and 
decision-support effectiveness. This has allowed the study to measure how ready each sector has been 
to use predictive analytics for early risk detection. Financial services have recorded the highest 
readiness index at 4.09, indicating that this sector has been the most prepared for predictive risk 
detection. This result has been reasonable because financial services have commonly used fraud 
detection systems, credit risk scoring, suspicious transaction monitoring, and compliance alerts. The 
high score has shown that financial institutions have had strong machine learning capability, predictive 
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analytics adoption, and data quality. Healthcare has recorded the second-highest readiness index at 
4.02, indicating high readiness. Healthcare has shown strong data quality and decision-support 
effectiveness, which has reflected the use of patient monitoring systems, clinical alerts, readmission 
prediction, and disease-risk analysis. However, healthcare organizational readiness has been slightly 
lower than data quality and decision-support effectiveness, suggesting that clinical workflow 
integration, staff training, and governance may have required more attention. Retail markets have 
recorded a readiness index of 3.94, which has indicated moderate-to-high readiness. Retail firms have 
used predictive analytics for customer churn, demand forecasting, inventory risk, pricing response, 
and market behavior detection, but their readiness score has been slightly lower than healthcare and 
financial services. The overall SPRI score has been 4.02, showing that the full sample has had high 
predictive risk readiness. This result has directly supported the study’s objective of comparing 
predictive analytics effectiveness across the three sectors. It has also linked strongly with the TOE 
framework. Machine learning capability, predictive analytics adoption, and data quality have 
represented technological readiness, while organizational readiness and decision-support effectiveness 
have represented the organizational context. The sector comparison has represented the environmental 
context. Therefore, the SPRI result has shown that early risk detection has been shaped by the combined 
effect of technology, organization, and environment. 
Cross-sector early risk detection pattern analysis 

Table 7: Cross-sector early risk detection pattern analysis 

Sector Risk detection area Mean 
Standard 
deviation 

Likert 
interpretation 

Sector-specific result 

Healthcare 
Patient deterioration 

risk 
4.16 0.58 Agree strongly 

Strongest healthcare 
risk area 

Healthcare 
Hospital readmission 

risk 
4.07 0.61 Agree strongly 

Strong predictive 
value 

Healthcare 
Clinical resource 

shortage risk 
3.96 0.67 Agree 

Positive detection 
pattern 

Financial 
services 

Fraud transaction risk 4.24 0.55 Agree strongly 
Strongest overall risk 

area 

Financial 
services 

Credit default risk 4.11 0.60 Agree strongly 
Strong predictive 

value 

Financial 
services 

Suspicious 
transaction risk 

4.02 0.64 Agree 
Positive detection 

pattern 

Retail markets Customer churn risk 4.03 0.62 Agree Strong retail risk area 

Retail markets 
Demand fluctuation 

risk 
3.98 0.66 Agree 

Positive detection 
pattern 

Retail markets 
Inventory shortage 

risk 
3.91 0.69 Agree 

Moderate-to-high 
detection value 

The cross-sector early risk detection pattern analysis has shown how machine learning-based 
predictive analytics has worked differently across healthcare, financial services, and retail markets. This 
section has been specific to the present study because the research has not only measured general 
predictive analytics effectiveness but has also examined sector-specific risk areas. In healthcare, patient 
deterioration risk has recorded the highest mean score of 4.16, showing that respondents have strongly 
agreed that predictive analytics has helped identify early warning signs related to clinical decline. 
Hospital readmission risk has recorded a mean of 4.07, proving that predictive systems have also 
supported the identification of patients who may require closer follow-up or post-discharge 
monitoring. Clinical resource shortage risk has recorded a mean of 3.96, indicating that analytics has 
been useful for predicting resource pressure, although the score has been lower than direct patient-risk 
areas. In financial services, fraud transaction risk has recorded the strongest overall score of 4.24, which 
has shown that machine learning-based predictive analytics has been especially effective for identifying 
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suspicious transaction patterns. Credit default risk has recorded 4.11, proving that predictive scoring 
has supported borrower risk classification. Suspicious transaction risk has recorded 4.02, showing that 
transaction monitoring and anomaly detection have been positively evaluated. In retail markets, 
customer churn risk has recorded 4.03, indicating that predictive analytics has helped detect declining 
customer engagement and possible customer loss. Demand fluctuation risk has recorded 3.98, while 
inventory shortage risk has recorded 3.91, showing positive but slightly lower levels of predictive 
effectiveness. These findings have supported the sector-wise objective of the study because they have 
shown that early risk detection has not appeared in the same form across all sectors. Healthcare has 
been more patient-risk centered, financial services have been more fraud- and credit-risk centered, and 
retail markets have been more customer- and demand-risk centered. This pattern has aligned with the 
environmental dimension of the TOE framework because sector context has shaped the type of risk that 
predictive analytics has detected. Therefore, Table 7 has made the findings more trustworthy by 
proving that the study’s results have reflected real sector-specific risk patterns rather than only general 
analytics perceptions. 
Hypothesis testing summary 

Table 8: Hypothesis testing summary 

Hypothesis Tested relationship 
Statistical 
evidence 

Decision 
Objective 
supported 

H1 
Machine learning capability → Early risk 

detection effectiveness 
β = 0.21, p = 0.001 Accepted Objective 1 

H2 
Predictive analytics adoption → Early risk 

detection effectiveness 
β = 0.18, p = 0.002 Accepted Objective 2 

H3 
Data quality → Early risk detection 

effectiveness 
β = 0.29, p = 0.000 Accepted Objective 3 

H4 
Organizational readiness → Predictive 

analytics implementation/ERD 
β = 0.14, p = 0.019 Accepted Objective 4 

H5 
Decision-support effectiveness → Early 

risk detection effectiveness 
β = 0.25, p = 0.000 Accepted Objective 5 

H6 
Combined predictors → Early risk 

detection effectiveness 
R² = 0.624, F = 
92.84, p = 0.000 

Accepted Main objective 

H7 
Sector-wise difference in predictive 

analytics effectiveness 
F(2, 283) = 5.74, p 

= 0.004 
Accepted Objective 6 

The hypothesis testing summary has shown that all seven hypotheses of the study have been accepted 
based on the statistical evidence. H1 has been accepted because machine learning capability has had a 
significant positive effect on early risk detection effectiveness with β = 0.21 and p = 0.001. This has 
proved that stronger algorithmic capability, automated pattern recognition, and predictive 
classification have improved early risk identification across the selected sectors. H2 has also been 
accepted because predictive analytics adoption has had a significant positive effect with β = 0.18 and p 
= 0.002. This result has shown that organizations that have actively used dashboards, risk scoring 
systems, forecasting tools, and analytics-based monitoring have achieved better early risk detection. 
H3 has been accepted because data quality has had the strongest positive effect with β = 0.29 and p = 
0.000. This has confirmed that accurate, complete, timely, consistent, and relevant data have been 
critical for reliable prediction. H4 has been accepted because organizational readiness has had a 
significant positive effect with β = 0.14 and p = 0.019, proving that infrastructure, employee skills, 
managerial support, and analytics culture have supported predictive analytics implementation. H5 has 
been accepted because decision-support effectiveness has had a strong positive effect with β = 0.25 and 
p = 0.000, showing that prediction has created value when outputs have been understandable and 
actionable. H6 has been accepted because the combined regression model has explained 62.4% of the 
variance in early risk detection effectiveness. This has proved that the selected variables have jointly 
predicted the dependent variable. H7 has also been accepted because sector-wise comparison has 
shown statistically significant differences across healthcare, financial services, and retail markets, with 
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F(2, 283) = 5.74 and p = 0.004. These results have aligned with the Technology–Organization–
Environment framework. H1, H2, and H3 have supported the technological context; H4 and H5 have 
supported the organizational context; and H7 has supported the environmental or sector context. 
Therefore, the hypothesis testing results have proved the objectives of the study and confirmed that 
early risk detection has been shaped by technological readiness, organizational readiness, and sector-
specific conditions. 
Sector-wise comparison of predictive analytics effectiveness 

Table 9: Sector-wise comparison of predictive analytics effectiveness 

Sector 
Sample 

size 
Predictive analytics 
effectiveness mean 

Standard 
deviation 

F-
value 

p-
value 

Result 

Healthcare 99 4.04 0.58   High effectiveness 

Financial 
services 

95 4.13 0.55 5.74 0.004 
Highest 

effectiveness 

Retail 
markets 

92 3.92 0.63   
Moderate-to-high 

effectiveness 

Overall 286 4.03 0.59   
Significant sector 

difference 

The sector-wise comparison has shown that predictive analytics effectiveness has differed significantly 
across healthcare, financial services, and retail markets. The ANOVA result has produced F(2, 283) = 
5.74 with p = 0.004, proving that the differences among sectors have been statistically significant. This 
result has supported H7 and has also proved the objective related to comparing predictive analytics 
effectiveness across sectors. Financial services have recorded the highest mean score of 4.13, indicating 
that this sector has had the strongest perceived predictive analytics effectiveness.  
Summary of major findings 

Table 10: Summary of major findings aligned with objectives, hypotheses, and TOE framework 

Research objective Key result 
Numeric 
evidence 

Hypothesis 
supported 

TOE linkage 

Examine machine 
learning capability 

MLC has improved 
ERD 

Mean = 4.05; β = 
0.21; p = 0.001 

H1 Technology 

Assess predictive 
analytics adoption 

PAA has improved 
ERD 

Mean = 3.98; β = 
0.18; p = 0.002 

H2 Technology 

Evaluate data quality 
DQ has been strongest 

predictor 
Mean = 4.12; β = 

0.29; p = 0.000 
H3 Technology 

Examine 
organizational 

readiness 

OR has supported 
implementation 

Mean = 3.89; β = 
0.14; p = 0.019 

H4 Organization 

Analyze decision-
support effectiveness 

DSE has strengthened 
ERD 

Mean = 4.01; β = 
0.25; p = 0.000 

H5 Organization 

Test combined 
predictive model 

Model has explained 
ERD strongly 

R² = 0.624; 
Adjusted R² = 

0.617 
H6 

Technology + 
Organization 

Compare sectors 
Sector differences 

have existed 
F = 5.74; p = 

0.004 
H7 Environment 

Develop readiness 
index 

Financial services 
highest 

FS = 4.09; HC = 
4.02; RM = 3.94 

Supports H7 Environment 

This has been consistent with the earlier findings because financial institutions have used machine 
learning-based predictive analytics for fraud detection, credit default prediction, suspicious transaction 
monitoring, and compliance-related risk alerts. The higher score has suggested that financial services 
have had more mature risk scoring systems and stronger dependence on data-driven decision rules. 
Healthcare has recorded a mean score of 4.04, showing high predictive analytics effectiveness. This 
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result has indicated that healthcare organizations have benefited from predictive tools for patient 
deterioration alerts, readmission prediction, diagnostic support, and resource planning. However, 
healthcare has remained slightly below financial services, possibly because clinical data have been more 
complex and because predictive outputs have required careful professional interpretation. Retail 
markets have recorded a mean score of 3.92, which has still indicated positive effectiveness but has 
been lower than the other two sectors. Retail predictive analytics has supported customer churn 
prediction, demand forecasting, inventory risk detection, and pricing decisions, but the lower score has 
suggested that adoption and readiness may have varied more widely across retail firms. In relation to 
the TOE framework, this sector-wise comparison has represented the environmental context of the 
study. The results have shown that the same technological and organizational variables have operated 
under different sector pressures. Financial services have faced fraud and compliance pressure, 
healthcare has faced patient safety and clinical workflow pressure, and retail markets have faced 
customer behavior and demand volatility pressure. Therefore, Table 9 has confirmed that sector 
environment has influenced predictive analytics effectiveness. This finding has made the study more 
trustworthy because it has shown that the research has not assumed identical results across all sectors; 
instead, it has measured actual sector differences using valid numeric evidence. 
The summary of major findings has confirmed that the study’s objectives and hypotheses have been 
supported by valid numeric results. The descriptive results have shown that all major research 
variables have recorded positive mean scores above 3.89 on Likert’s five-point scale. This has indicated 
that respondents have generally agreed that machine learning-based predictive analytics has supported 
early risk detection across healthcare, financial services, and retail markets. Data quality has emerged 
as the strongest descriptive and regression-based factor, with a mean score of 4.12 and a standardized 
beta of 0.29. This has proved that predictive analytics has depended strongly on accurate, complete, 
timely, and consistent data. Decision-support effectiveness has also been highly important, with a mean 
score of 4.01 and β = 0.25, proving that machine learning outputs have created value when they have 
been understandable, actionable, and useful for decision-making. Machine learning capability has 
recorded a mean of 4.05 and β = 0.21, showing that algorithmic modeling and automated pattern 
recognition have positively contributed to early risk detection. Predictive analytics adoption has 
recorded a mean of 3.98 and β = 0.18, indicating that the use of dashboards, forecasting models, and 
risk scoring systems has supported early warning processes. Organizational readiness has recorded a 
mean of 3.89 and β = 0.14, showing that infrastructure, employee skills, management support, and 
analytics culture have played a meaningful role, although this variable has had the smallest effect 
among the predictors. The regression model has explained 62.4% of the variance in early risk detection 
effectiveness, which has confirmed the combined strength of the selected variables. The sector-specific 
predictive risk readiness index has shown that financial services have had the highest readiness score 
of 4.09, followed by healthcare at 4.02 and retail markets at 3.94. The ANOVA result has confirmed 
significant sector-wise differences with F = 5.74 and p = 0.004. These findings have aligned clearly with 
the Technology–Organization–Environment framework. Machine learning capability, predictive 
analytics adoption, and data quality have supported the technology dimension. Organizational 
readiness and decision-support effectiveness have supported the organization dimension. Sector-wise 
differences and risk-readiness patterns have supported the environment dimension. Therefore, the 
results have proved that early risk detection effectiveness has been shaped by the combined influence 
of technological capability, organizational support, and sector-specific risk conditions. 
FINDINGS 
The results of this study have provided strong quantitative evidence that machine learning-based 
predictive analytics has supported early risk detection across healthcare, financial services, and retail 
markets. The study has used Likert’s five-point scale, where 1 has represented strongly disagree and 5 
has represented strongly agree, to measure respondents’ perceptions of machine learning capability, 
predictive analytics adoption, data quality, organizational readiness, decision-support effectiveness, 
and early risk detection effectiveness. Out of 330 distributed questionnaires, 286 valid responses have 
been retained for final analysis, producing a valid response rate of 86.67%. The sample has included 
respondents from healthcare organizations, financial services, and retail markets, which has allowed 
the study to examine cross-sector predictive analytics effectiveness. Among the respondents, 34.6% 
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have represented healthcare, 33.2% have represented financial services, and 32.2% have represented 
retail markets, indicating a balanced sector-wise distribution. The descriptive findings have shown that 
the respondents have generally agreed that machine learning-based predictive analytics has improved 
early risk detection. The highest mean score has been recorded for data quality at 4.12 with a standard 
deviation of 0.61, showing that respondents have considered accurate, complete, timely, and consistent 
data as the strongest foundation of predictive risk detection. Machine learning capability has recorded 
a mean score of 4.05 with a standard deviation of 0.64, indicating that algorithmic modeling, automated 
pattern recognition, and predictive classification have been viewed as important for identifying early 
warning signals. Predictive analytics adoption has recorded a mean score of 3.98 with a standard 
deviation of 0.66, showing that analytics dashboards, risk scoring systems, forecasting models, and 
data-driven monitoring tools have been actively used across the selected sectors.  
 

Figure 9: Findings of The Study 
 

 
 
Organizational readiness has recorded a mean score of 3.89 with a standard deviation of 0.70, 
suggesting that digital infrastructure, employee skills, management support, and data governance have 
supported analytics implementation, although some improvement has remained necessary. Decision-
support effectiveness has recorded a mean score of 4.01 with a standard deviation of 0.63, proving that 
predictive analytics outputs have been considered timely, understandable, interpretable, and useful for 
risk-related decision-making. The dependent variable, early risk detection effectiveness, has recorded 
a strong mean score of 4.08 with a standard deviation of 0.59, indicating that respondents have agreed 
that predictive analytics has helped organizations identify risks earlier, classify risk levels more 
accurately, and respond before risks have created larger operational, clinical, financial, or market-level 
problems. The reliability results have also supported the strength of the measurement model, as all 
constructs have produced Cronbach’s alpha values above the acceptable threshold of 0.70. Machine 
learning capability has shown an alpha value of 0.87, predictive analytics adoption has shown 0.85, 
data quality has shown 0.88, organizational readiness has shown 0.84, decision-support effectiveness 
has shown 0.86, and early risk detection effectiveness has shown 0.89. These reliability values have 
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confirmed that the questionnaire items have been internally consistent and suitable for further 
statistical analysis. The correlation analysis has shown significant positive relationships among all 
major variables. Machine learning capability has been positively correlated with early risk detection 
effectiveness at r = 0.64, predictive analytics adoption at r = 0.61, data quality at r = 0.68, organizational 
readiness at r = 0.57, and decision-support effectiveness at r = 0.66. These values have indicated that 
stronger technological capability, wider analytics adoption, higher data quality, better organizational 
readiness, and more effective decision support have been associated with better early risk detection. 
The regression analysis has further proved the objectives and hypotheses of the study. The multiple 
regression model has explained 62.4% of the variance in early risk detection effectiveness, with an 
adjusted R² value of 0.617, showing strong explanatory power. Data quality has emerged as the 
strongest predictor of early risk detection effectiveness with β = 0.29 and p < 0.001, followed by 
decision-support effectiveness with β = 0.25 and p < 0.001, machine learning capability with β = 0.21 
and p < 0.01, predictive analytics adoption with β = 0.18 and p < 0.01, and organizational readiness 
with β = 0.14 and p < 0.05. These findings have supported H1, H2, H3, H4, H5, and H6 because all 
selected predictors have shown significant positive effects either directly or jointly. The sector-specific 
predictive risk readiness index has also shown meaningful differences across the three sectors. 
Financial services have recorded the highest readiness index at 4.09, followed by healthcare at 4.02 and 
retail markets at 3.94. This result has suggested that financial services have been slightly more advanced 
in predictive risk readiness because of their stronger use of fraud detection, credit scoring, and 
transaction monitoring systems. Healthcare has also shown strong readiness due to the use of clinical 
risk alerts, patient monitoring, and readmission prediction. Retail markets have shown moderate-to-
high readiness, mainly through customer churn prediction, demand forecasting, and inventory risk 
monitoring. Sector-wise comparison has supported H7 because the ANOVA result has shown a 
statistically significant difference in predictive analytics effectiveness across the three sectors, F(2, 283) 
= 5.74, p = 0.004. Overall, the findings have proved the major research objectives by showing that 
machine learning capability, predictive analytics adoption, data quality, organizational readiness, and 
decision-support effectiveness have significantly contributed to early risk detection across healthcare, 
financial services, and retail markets. 
DISCUSSION 
The key findings of this study have shown that machine learning-based predictive analytics has 
significantly supported early risk detection across healthcare, financial services, and retail markets. The 
descriptive results have indicated strong agreement across all major variables, with data quality 
recording the highest mean score of 4.12, followed by early risk detection effectiveness at 4.08, machine 
learning capability at 4.05, decision-support effectiveness at 4.01, predictive analytics adoption at 3.98, 
and organizational readiness at 3.89. These findings have suggested that respondents have perceived 
predictive risk detection as a combined technological and organizational capability rather than as a 
purely algorithmic process. The high mean score for early risk detection effectiveness has confirmed 
that machine learning-based predictive analytics has helped organizations identify warning signals 
earlier, classify risk levels more effectively, and support timely responses across the three sectors. This 
interpretation has aligned with the broader predictive analytics literature, which has argued that 
prediction becomes valuable when data are transformed into future-oriented decision signals that 
support organizational judgment and action (Shmueli & Koppius, 2011). The findings have also been 
consistent with the view that machine learning and data science have become important because 
organizations increasingly need models that can identify hidden patterns and predict future outcomes 
from large and complex datasets (Dhar, 2013). In comparison with earlier studies, the current findings 
have extended prior knowledge by showing that predictive analytics has not been limited to one 
technical field or one sector. Previous research has often emphasized predictive analytics in healthcare, 
finance, retail, or business analytics separately, while the present study has synthesized these contexts 
into one cross-sector quantitative model. The finding that data quality has received the highest mean 
score has also supported prior arguments that big data alone does not create value unless data are 
accurate, clean, relevant, and suitable for analysis (Hazen et al., 2014). This result has been important 
because it has shown that respondents have not viewed machine learning as an automatic solution. 
Instead, they have recognized that machine learning-based predictive analytics depends on the quality 
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of the data used to produce risk signals. Therefore, the first major interpretation of the findings is that 
early risk detection has been shaped by the interaction between machine learning capability, data 
quality, analytics adoption, organizational readiness, and decision-support effectiveness. 
The correlation and regression findings have provided stronger statistical support for the study’s 
hypotheses and objectives. Correlation analysis has shown that all major predictors have been 
positively associated with early risk detection effectiveness, with data quality showing the strongest 
correlation at r = 0.68, followed by decision-support effectiveness at r = 0.66, machine learning 
capability at r = 0.64, predictive analytics adoption at r = 0.61, and organizational readiness at r = 0.57. 
These results have indicated that early risk detection has improved when organizations have had better 
data, stronger machine learning capability, wider analytics adoption, better decision-support systems, 
and stronger organizational readiness. The regression analysis has further confirmed this pattern by 
explaining 62.4% of the variance in early risk detection effectiveness. Data quality has emerged as the 
strongest predictor with β = 0.29, followed by decision-support effectiveness with β = 0.25, machine 
learning capability with β = 0.21, predictive analytics adoption with β = 0.18, and organizational 
readiness with β = 0.14. These results have supported H1 to H6 and have proved the major objectives 
of the study. The findings have aligned with prior work on big data analytics capability, where analytics 
value has been explained through data resources, analytics skills, infrastructure, and organizational 
alignment (Akter et al., 2016). The results have also supported the argument that big data analytics 
capability can improve organizational performance when analytics resources are connected with 
dynamic capabilities and decision-making processes (Wamba et al., 2017). Compared with these earlier 
studies, the present research has made a more specific contribution by linking analytics capability 
directly with early risk detection effectiveness rather than general firm performance. The strong effect 
of data quality has also supported research arguing that predictive analytics and big data applications 
require reliable data preparation because poor data quality can reduce model performance and decision 
usefulness (Hazen et al., 2014). The significant effect of decision-support effectiveness has supported 
studies on explainable and interpretable machine learning, which have argued that predictive models 
become more valuable when users can understand and trust the output (Arrieta et al., 2020). Therefore, 
the regression findings have confirmed that early risk detection has not depended on one isolated 
factor. It has been explained by a combined predictive analytics system in which data, algorithms, 
adoption, readiness, and decision support have worked together. 
The healthcare-related findings have shown that machine learning-based predictive analytics has been 
especially valuable for detecting patient deterioration, hospital readmission risk, and clinical resource 
shortage risk. In the cross-sector early risk detection pattern analysis, patient deterioration risk has 
recorded a mean score of 4.16, hospital readmission risk has recorded 4.07, and clinical resource 
shortage risk has recorded 3.96. These results have indicated that healthcare respondents have strongly 
agreed that predictive analytics has helped identify high-risk patients and resource-related risks earlier. 
This finding has aligned with prior healthcare analytics studies showing that machine learning can 
support clinical prediction through electronic health records, patient histories, laboratory data, and 
other clinical signals. For example, earlier research has shown that deep learning models can use 
electronic health record data to predict outcomes such as mortality, readmission, length of stay, and 
diagnoses (Rajkomar et al., 2018). Similarly, clinical deterioration prediction research has shown that 
machine learning methods can outperform or supplement conventional regression-based approaches 
in identifying hospitalized patients at risk of deterioration (Churpek et al., 2016). The findings of this 
study have also been consistent with research explaining that machine learning can support 
cardiovascular risk prediction by capturing nonlinear relationships and complex predictor interactions 
that traditional models may miss (Goldstein et al., 2017). However, the current findings have also 
shown that healthcare predictive analytics effectiveness has depended on decision-support 
effectiveness and organizational readiness. This interpretation has been supported by prior studies 
emphasizing that clinical predictive models must be interpretable, trustworthy, and usable in real 
healthcare workflows (Giddings et al., 2024). The result has also connected with concerns about bias in 
healthcare algorithms because data quality and model design influence whether predictive systems 
produce fair and clinically meaningful outputs (Obermeyer et al., 2019). Therefore, the healthcare 
findings have suggested that predictive analytics has had strong potential for early risk detection, but 
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its effectiveness has required reliable data, clinical integration, interpretability, and professional 
acceptance. Compared with prior work, this study has added value by measuring healthcare predictive 
analytics as part of a cross-sector model rather than as a standalone clinical technology. This has 
allowed the study to show that healthcare has shared common analytics requirements with finance and 
retail, while still maintaining unique patient-centered risk priorities. 
The financial services findings have shown that this sector has recorded the strongest predictive 
analytics effectiveness and the highest sector-specific predictive risk readiness index. Financial services 
have recorded a readiness score of 4.09, which has been higher than healthcare at 4.02 and retail markets 
at 3.94. In the cross-sector risk detection pattern analysis, fraud transaction risk has recorded the highest 
score of 4.24, credit default risk has recorded 4.11, and suspicious transaction risk has recorded 4.02. 
These findings have indicated that financial services have been the most advanced sector in the 
application of machine learning-based predictive analytics for early risk detection. This result has been 
consistent with earlier studies showing that machine learning algorithms can improve credit-risk 
forecasting through transaction data, borrower information, and credit bureau data (Khandani et al., 
2010). It has also aligned with research showing that advanced classification algorithms can improve 
credit scoring performance and model evaluation in financial decision-making (Lessmann et al., 2015). 
The strong fraud detection result has also supported prior reviews showing that data mining and 
machine learning techniques have been widely applied to financial fraud detection, suspicious activity 
classification, and anomaly identification (Ngai et al., 2011). Similarly, intelligent fraud detection 
literature has emphasized the use of computational intelligence methods to classify and detect 
fraudulent financial behavior (West & Bhattacharya, 2016). Compared with prior studies, the present 
research has extended financial services analytics literature by showing that fraud and credit detection 
effectiveness have been connected not only with algorithmic capability but also with data quality, 
organizational readiness, and decision-support effectiveness. Financial institutions often have 
structured transaction data, regulatory pressure, and established risk scoring systems, which may 
explain why this sector has recorded the highest readiness score. The ANOVA result, F(2, 283) = 5.74, 
p = 0.004, has also proved that sector-wise differences have existed in predictive analytics effectiveness. 
This means that predictive analytics has not operated equally across all contexts. The financial services 
environment has appeared more mature in predictive risk detection because fraud prevention, credit 
monitoring, and compliance control have already required data-driven early warning systems. 
Therefore, the financial services findings have supported the environmental dimension of the 
Technology–Organization–Environment framework by showing that sector pressure and regulatory 
risk have shaped analytics readiness and predictive effectiveness. 
The retail market findings have shown that predictive analytics has supported customer churn 
detection, demand fluctuation monitoring, and inventory shortage risk detection, although the sector 
has recorded slightly lower readiness than healthcare and financial services. Retail markets have 
recorded a predictive risk readiness index of 3.94, while customer churn risk has recorded a mean of 
4.03, demand fluctuation risk has recorded 3.98, and inventory shortage risk has recorded 3.91. These 
findings have indicated that retail respondents have agreed that machine learning-based predictive 
analytics has helped detect customer- and market-related risks earlier. The result has aligned with 
earlier research showing that customer churn prediction models are valuable for identifying customers 
who are likely to leave, allowing firms to take earlier retention actions (Neslin et al., 2006). The result 
has also been consistent with studies showing that classification methods such as bagging and boosting 
can improve churn prediction performance (Lemmens & Croux, 2006). In relation to demand and 
inventory risks, the findings have supported supply-chain forecasting research showing that machine 
learning techniques can be applied to demand forecasting in complex supply environments 
(Carbonneau et al., 2008). The current study has also been consistent with retail and operations 
literature showing that big data analytics has become important for operational decision-making, 
customer understanding, and market responsiveness (Choi et al., 2018). However, the slightly lower 
retail readiness score has suggested that predictive analytics adoption may have varied more widely 
across retail firms. Some retailers may have advanced digital platforms, loyalty data, and inventory 
systems, while others may have weaker data integration, limited analytics staff, or less formalized risk 
detection processes. This result has practical relevance because retail risk can change quickly through 
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customer behavior, seasonal demand, pricing pressure, and supply chain instability. Compared with 
healthcare and financial services, retail risk is often more market-facing and customer-driven, which 
may require more continuous data updating and operational flexibility. The findings have shown that 
retail predictive analytics has had a positive role in early risk detection but may need stronger data 
governance, model integration, and decision-support systems to reach the readiness levels seen in 
financial services. Therefore, the retail findings have strengthened the cross-sector argument of the 
study by showing that predictive analytics has been useful in all three sectors, but the level and type of 
effectiveness have differed according to sector-specific data structures, risk meanings, and operational 
priorities. 
The practical and theoretical implications of the findings have been closely connected with the 
Technology–Organization–Environment framework used in this study. Practically, the findings have 
shown that organizations should not treat machine learning-based predictive analytics as a stand-alone 
software investment. Instead, they should develop a complete predictive risk detection system that 
includes high-quality data, trained employees, appropriate algorithms, decision dashboards, 
managerial support, and sector-specific risk procedures. The strongest effect of data quality has shown 
that healthcare organizations, financial institutions, and retail firms should improve data cleaning, data 
integration, data governance, and data timeliness before expecting strong predictive outcomes. The 
strong effect of decision-support effectiveness has shown that predictive outputs should be presented 
in ways that decision-makers can understand and use. This finding has aligned with explainable 
artificial intelligence research, which has argued that transparency and interpretability are central to 
responsible and useful machine learning applications (Guidotti et al., 2018). It has also supported the 
argument that interpretable models are especially important in high-stakes decisions where users must 
understand why a prediction has been generated (Rudin, 2019). The theoretical implication has been 
that the TOE framework has been suitable for explaining predictive analytics-based early risk detection. 
Machine learning capability, predictive analytics adoption, and data quality have represented the 
technological context; organizational readiness and decision-support effectiveness have represented 
the organizational context; and the comparison of healthcare, financial services, and retail markets has 
represented the environmental context. The findings have confirmed that all three TOE dimensions 
have influenced early risk detection effectiveness. This has expanded the use of the TOE framework by 
applying it not only to technology adoption but also to predictive risk detection effectiveness. Earlier 
TOE-based studies have used the framework to explain adoption of cloud computing, e-commerce, and 
big data analytics (Awa et al., 2015; Oliveira et al., 2014; Verma & Chaurasia, 2019). The present study 
has extended this theoretical tradition by applying the TOE framework to machine learning-based 
predictive analytics across three risk-intensive sectors. The findings have also shown that sector 
environment has mattered because financial services, healthcare, and retail markets have shown 
different readiness levels and risk detection patterns. Therefore, the theoretical contribution has been 
the development of a cross-sector TOE-based predictive risk detection model that links technology, 
organization, and environment with early risk detection effectiveness. 
The limitations of the study have also been reconsidered through the findings, and these limitations 
have opened an important path for future research. The first limitation has been the use of a cross-
sectional design, which has measured respondent perceptions at one point in time. This design has 
been appropriate for testing relationships among variables, but it has not captured how predictive 
analytics capability, organizational readiness, and early risk detection effectiveness may change over 
time. The second limitation has been the reliance on self-reported Likert-scale data. Although the 
reliability results have been strong, perception-based responses may differ from actual machine 
learning performance metrics such as precision, recall, F1-score, area under the curve, false positive 
rate, and false negative rate. The third limitation has been that the study has examined three broad 
sectors without testing detailed subsector differences, such as hospitals versus clinics, banks versus 
insurance firms, or online retailers versus physical retailers. Future research should improve this study 
by developing and testing a more advanced model named the Integrated Predictive Risk Intelligence 
Model. This proposed model may include four linked layers: data readiness, model intelligence, 
decision translation, and risk outcome validation. The first layer, data readiness, would measure data 
completeness, timeliness, integration, governance, and bias control. The second layer, model 
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intelligence, would include machine learning model type, predictive accuracy, explainability, fairness, 
and model updating. The third layer, decision translation, would measure dashboard usefulness, alert 
clarity, user trust, workflow integration, and managerial response speed. The fourth layer, risk outcome 
validation, would compare predicted risks with actual outcomes such as patient deterioration events, 
fraud cases, credit defaults, customer churn, inventory shortage, and demand shocks. This model 
would improve future studies by connecting perception-based survey data with actual organizational 
records and machine learning performance results. Future researchers may also use longitudinal 
designs to examine whether predictive analytics maturity improves over time. They may apply 
structural equation modeling to test mediation and moderation effects, especially whether decision-
support effectiveness mediates the relationship between machine learning capability and early risk 
detection. They may also compare countries, organization sizes, or digital maturity levels to determine 
whether predictive analytics effectiveness differs across international contexts. Therefore, the most 
important future research direction is to move from a perception-based cross-sector model toward a 
validated predictive risk intelligence model that combines survey evidence, real organizational data, 
algorithmic performance metrics, and sector-specific risk outcomes. 
CONCLUSION 
This study has concluded that machine learning-based predictive analytics has played a significant role 
in improving early risk detection across healthcare, financial services, and retail markets. The research 
has examined predictive analytics not only as a technical system but also as an organizational and 
sector-sensitive capability that depends on machine learning capability, predictive analytics adoption, 
data quality, organizational readiness, and decision-support effectiveness. The findings have shown 
that all major variables have recorded positive mean scores on Likert’s five-point scale, indicating that 
respondents have generally agreed that predictive analytics has helped organizations identify risks 
earlier and respond more effectively. Data quality has recorded the highest mean score of 4.12 and has 
also emerged as the strongest regression predictor with β = 0.29, proving that accurate, complete, 
timely, and consistent data have been the most important foundation of early risk detection. Decision-
support effectiveness has also been highly influential, with a mean score of 4.01 and β = 0.25, showing 
that predictive outputs have created stronger value when they have been understandable, 
interpretable, timely, and actionable. Machine learning capability, predictive analytics adoption, and 
organizational readiness have also shown significant positive effects, confirming that algorithmic 
capacity, practical analytics use, infrastructure, employee skills, management support, and data 
governance have contributed to predictive risk detection. The regression model has explained 62.4% of 
the variance in early risk detection effectiveness, which has confirmed the strong explanatory power of 
the proposed model. The sector-specific results have shown that financial services have recorded the 
highest predictive risk readiness index at 4.09, followed by healthcare at 4.02 and retail markets at 3.94. 
This has indicated that financial institutions have been slightly more advanced in predictive risk 
readiness because of their stronger use of fraud detection, credit risk scoring, suspicious transaction 
monitoring, and compliance-related analytics. Healthcare has also shown strong readiness through 
patient deterioration alerts, readmission prediction, and clinical risk monitoring, while retail markets 
have shown positive readiness through customer churn prediction, demand forecasting, and inventory 
risk monitoring. The ANOVA result has confirmed significant sector-wise differences, supporting the 
view that predictive analytics effectiveness has varied according to sector-specific risk environments. 
The study has also confirmed the relevance of the Technology–Organization–Environment framework, 
as technological factors, organizational conditions, and environmental sector differences have jointly 
explained early risk detection effectiveness. Overall, the study has concluded that machine learning-
based predictive analytics can strengthen early risk detection when organizations combine strong data 
quality, reliable machine learning capability, active analytics adoption, organizational readiness, and 
effective decision-support systems. The research has therefore provided a cross-sector quantitative 
model that has explained how predictive analytics has supported risk detection across clinical, 
financial, and retail market contexts. 
RECOMMENDATIONS 
This study has recommended that organizations across healthcare, financial services, and retail markets 
should develop machine learning-based predictive analytics as a complete risk detection capability 
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rather than treating it as a single technological tool. First, organizations should prioritize data quality 
because the findings have shown that data quality has been the strongest predictor of early risk 
detection effectiveness. Healthcare organizations should improve the completeness and accuracy of 
electronic health records, laboratory data, patient monitoring information, and clinical documentation. 
Financial institutions should strengthen transaction data quality, customer profile accuracy, credit 
history integration, and fraud-related data governance. Retail firms should improve customer data, 
sales records, inventory information, supplier data, and demand history to support more reliable 
predictive models. Second, organizations should invest in machine learning capability by adopting 
suitable algorithms, predictive modeling platforms, automated pattern recognition systems, and risk 
classification tools. However, this investment should be supported by skilled employees who can 
understand analytics outputs and apply them to real decisions. Third, predictive analytics adoption 
should be integrated into routine organizational processes. Healthcare professionals should be able to 
use predictive alerts in patient monitoring and clinical decision-making. Financial risk officers should 
be able to use fraud scores, credit risk predictions, and suspicious transaction alerts in compliance and 
risk control. Retail managers should use churn prediction, demand forecasting, and inventory risk 
alerts in marketing, pricing, and supply chain planning. Fourth, organizations should improve 
organizational readiness by strengthening digital infrastructure, data governance, employee training, 
management support, and analytics culture. Without organizational readiness, even strong predictive 
models may remain unused or underused. Fifth, decision-support effectiveness should be improved 
by making predictive outputs timely, understandable, interpretable, and actionable. Organizations 
should use dashboards, visual risk scores, alert explanations, and user-friendly reporting systems so 
that decision-makers can understand why a risk has been identified and what action should be taken. 
Sixth, sector-specific strategies should be developed because the study has shown that predictive 
analytics effectiveness has differed across healthcare, financial services, and retail markets. Healthcare 
should focus on patient safety, readmission risk, clinical resource pressure, and ethical use of predictive 
systems. Financial services should focus on fraud detection, credit default prediction, compliance alerts, 
and model accountability. Retail markets should focus on customer churn, demand fluctuation, 
inventory shortage, and supply chain risk. Finally, organizations should regularly evaluate predictive 
analytics performance through both perception-based feedback and actual outcome indicators, such as 
reduced fraud cases, improved patient monitoring, lower inventory shortage, better demand accuracy, 
and faster risk response. These recommendations can help organizations transform machine learning-
based predictive analytics into a practical, trustworthy, and sector-sensitive early risk detection system. 
LIMITATIONS OF THE STUDY 
This study has had several limitations that should be considered when interpreting the findings. First, 
the study has used a cross-sectional research design, meaning that data have been collected from 
respondents at one point in time. This design has been useful for measuring current perceptions and 
testing relationships among variables, but it has not allowed the researcher to examine changes in 
predictive analytics capability, organizational readiness, or early risk detection effectiveness over time. 
A longitudinal study could provide stronger evidence about how machine learning-based predictive 
analytics develops and improves across different stages of organizational maturity. Second, the study 
has relied on self-reported Likert-scale survey responses. Although the reliability results have been 
strong and all constructs have produced acceptable Cronbach’s alpha values, the responses have 
reflected respondents’ perceptions rather than direct machine learning model outputs or actual 
organizational performance records. As a result, the findings have measured perceived effectiveness 
rather than technical model performance indicators such as accuracy, precision, recall, F1-score, area 
under the curve, false positive rate, or false negative rate. Third, the study has examined three broad 
sectors: healthcare, financial services, and retail markets. While this cross-sector design has 
strengthened the comparative value of the research, it has not captured detailed subsector differences. 
For example, hospitals, clinics, banks, insurance firms, online retailers, and physical retail stores may 
use predictive analytics in different ways. Fourth, the sample has included 286 valid respondents, 
which has been sufficient for the selected statistical techniques, but a larger sample could improve 
generalizability and allow more advanced subgroup analysis. Fifth, the study has used purposive 
sampling, which has helped identify respondents with relevant knowledge, but it may have limited the 
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randomness of the sample. Sixth, the study has focused on selected variables, including machine 
learning capability, predictive analytics adoption, data quality, organizational readiness, decision-
support effectiveness, and early risk detection effectiveness. Other possible factors, such as regulatory 
pressure, cybersecurity readiness, ethical governance, model explainability, algorithmic bias, cost of 
implementation, and user resistance, have not been deeply tested in the main model. Seventh, the 
sector-specific predictive risk readiness index has been useful for comparison, but it has been 
developed from perception-based mean scores rather than actual operational data. Therefore, future 
research can improve the study by using longitudinal designs, larger samples, real organizational 
records, technical model performance metrics, and sector-specific case comparisons to provide stronger 
evidence of machine learning-based predictive analytics effectiveness. 
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