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Abstract 
This study reviews and integrates literature on the use of predictive analytics 
to support financial decisions and the management of risks. The research em-
ploys the approach of a literature review analysis, based on articles, industry 
studies, and case-study materials focusing on the application of predictive an-
alytics in financial services. This study then examines the primary use of pre-
dictive analytics such as credit scoring, fraud detection, liquidity forecasting, 
and market analysis, to establish the extent to which they minimize risk, opti-
mize operations, and promote financial sustainability. Further, the analysis as-
sesses how, through the use of predictive analytics, financial institutions can 
effectively mitigate and manage diverse varieties of risks such as credit, market, 
operational and liquidity risks. It also identified the performance problems of 
using predictive analytics that financial institutions encounter such as prob-
lems in data quality, problems of algorithm bias, compatibility problems with 
integrated large traditional systems and problems of human resources. Based 
on the results of the study, recommendations for the financial institutions are 
made regarding the effective usage of the predictive analysis, and it is still de-
signed to impact the decision-making part and move the risk management part 
to the next level. Consequently, the study concludes that predictive analytics 
has the potential to revolutionize financial practices, but the exercise needs in-
vestment in data quality, algorithmic fairness, system integration and training 
of human capital. The study’s limitations include the use of secondary data and 
literature review, and it does not reflect actual implementation and application 
from the real world. The results may differ when different sectors are com-
pared. Future studies should use survey questionnaires, examine the ethical 
and organizational issues, and evaluate the late effects of the predictive analyt-
ical system on the aspect of finance. 
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1. Introduction 
1.1. Background 

Predictive analytics, a subset of advanced analytics, utilizes statistical techniques, 
machine learning and data mining to build predictive models using historical and 
current data (Kumar & Garg, 2018). This capability has become more valuable 
today in the financial sector since most of the decisions made are based on time 
and, at the same time, involve data. Predictive analytics is widely used in the fi-
nancial industry today as banks, insurance companies, credit unions and other 
institutions that deal with monetary business on a daily basis adopt the techniques 
in order to improve operations, allocate resources efficiently and manage risks 
adequately (Indriasari et al., 2019). 

The complexities of financial decision-making and risk management pose persis-
tent challenges for practitioners. Events including market fluctuation, fraud schemes, 
regulatory shifts and economic risk require solid systems that can analyze massive 
amounts of information and extract practical insights (Zhou, 2023). These challenges 
are compounded by the rigid methodologies that rely on traditional, fixed models 
and key logics that fail to integrate with the evolving and interconnected nature of 
contemporary financial systems (Mashrur et al., 2020). The solution is that predictive 
analytics delivers information with real-time and dynamic precision, which improves 
the effectiveness and turnaround time of financial decisions. 

The use of predictive analytics in finance has been on a growth spurt over time 
due to the development of enhanced technologies such as artificial intelligence 
(AI) and machine learning (ML) together with big data analytics (Nwaimo, Adeg-
bola, & Adegbola, 2024). These technologies have led to financial innovation in 
practices where institutions are now able to gather, process and analyze big data 
in very little time and accurately (Mhlanga, 2024). Compared with other ap-
proaches where decision-making and predictive models were based upon linear 
regression and the evaluation of historical data sets, predictive analytics employs 
algorithms for pattern recognition and real-time decision-making that are also 
capable of learning from new data (Maheswari & Jaya, 2022). 

Historically, information processing techniques that were used in the financial 
decision-making process were formerly paper-based and static compared to the 
current flexible market conditions (Sucharitha et al., 2020). For example, credit 
risk assessments were previously often calculated based on simple quantitative 
measures, for example, income and the debt-to-income ratio that gave only a par-
tial picture of a borrower’s creditworthiness (Kiseleva et al., 2023). Likewise, invest-
ment decisions take advantage of heuristics and traditional analytical methods based 
on past performance, which are bound to errors and biases (Mensah et al., 2022). 
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Predictive analytics addresses these limitations by leveraging dynamic data 
sources and advanced computational techniques. For example, in fraud detection 
applications, predictive models work in real-time, which means running through 
millions of transactions and identifying trends that depict fraud (Adelakun et al., 
2024). When it comes to credit scores, machine learning models combine many 
kinds of data that are relevant to spending patterns, social media presence, and 
economic conditions to create more accurate evaluations (Suhadolnik, Ueyama, 
& Da Silva, 2023).  

The use of predictive analytics in financial practices has not only brought posi-
tive changes in the efficiency and accuracy of its application but also boosted the 
risk management aspect significantly. Modern financial institutions can forecast 
threats like economic crises or changes to consumers’ behavior and create measures 
to prevent them (Aro, 2024). Significant improvements in accuracy derived from 
such examples support the future vision of utilizing predictive analytics to sur-
mount the inherent difficulties of financial decision-making and risk mitigation 
based on modeling. 

Previous studies establish the value of advanced analytics across their spectrum 
for improving different aspects of financial management (Kulkarni, 2023; Mikalef 
et al., 2019). Nonetheless, there is a difficulty in completely implementing predic-
tive analytics in the financial ecosystem. Challenges described in the literature are, 
for example, data privacy, algorithm bias and interpretability which is a challenge 
in itself. However, there seems to be a lack of assessment of how these tools are 
implemented in various financial environments, including the different emergent 
markets where, for instance, variations in infrastructural and/or regulatory sys-
tems may have a bearing on the effectiveness of the tools. 

1.2. Aim  

To critically analyze and synthesize existing literature on the role of predictive 
analytics in enhancing financial decision-making and risk management. 

1.3. Objectives  

1) To explore the key applications of predictive analytics in financial decision-
making. 

2) To evaluate how predictive analytics improves risk management strategies in 
finance. 

3) To identify and examine the challenges and limitations associated with the 
implementation of predictive analytics in financial contexts. 

4) To provide recommendations for financial institutions on adopting predic-
tive analytics to enhance decision-making and risk management processes. 

2. Methods 
2.1. Design 

The inclusion criteria are carefully designed to filter studies that directly address 
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the role of predictive analytics in the financial decision-making process and the 
evaluation of risks. Restricting the geographic scope to papers published between 
2018 and 2024 allows the highlight of recent research, considering the fact that 
such fields as AI and machine learning progress extremely fast in terms of their 
application in finance. This timeline ensures the review encompasses state-of-the-
art methodologies and applications that reflect current industry practices. The 
primary outcomes of interest included the effectiveness of predictive models in 
financial forecasting, risk prediction, and strategic planning technologies for the 
future. This review only incorporated quantitative cross-sectional studies that 
were published within the last six years (from 2018 to 2024).  

2.2. Eligibility Criteria 

The exclusion criteria minimize the incorporation of dilatory or substandard 
studies into the evaluation process. Exclusion criteria include unreliable articles, 
those that do not present a clear topic in financial decision-making or risk man-
agement or when they present proper methodological information. Equally, non-
English language publishing and articles outside the given period are excluded for 
ease of data access and uniform understanding of the trends and insights. 

2.2.1. Inclusion Criteria 
The inclusion criteria are carefully designed to filter studies that directly address 
the role of predictive analytics in the financial decision-making process and the 
evaluation of risks (Table 1). Restricting the geographic scope to papers published 
between 2018 and 2024 allows the highlight of recent research, considering the 
fact that such fields as AI and machine learning progress extremely fast in terms 
of their application in finance. This timeline ensures the review encompasses 
state-of-the-art methodologies and applications that reflect current industry prac-
tices. The primary outcomes of interest included the effectiveness of predictive 
models in financial forecasting, risk prediction, and strategic planning technolo-
gies for the future. This review only incorporated quantitative cross-sectional 
studies that were published within the last six years (from 2018 to 2024).  
 

Table 1. Eligibility criteria. 

Inclusion Exclusion 

Studies addressing predictive analytics in financial decision-making 
or risk management 

Articles not focused on financial decision-making or risk 
management. 

Publications between 2019 and 2024 Articles published before 2019 

Studies published in English Non-English publications 

Quantitative, qualitative, or mixed-methods studies Studies with insufficient methodological details 

Specific applications like fraud detection, credit scoring, or market 
trend analysis 

Studies unrelated to predictive analytics applications in 
finance 
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2.2.2. Exclusion Criteria 
The exclusion criteria minimize the incorporation of dilatory or substandard 
studies into the evaluation process. Exclusion criteria include unreliable articles, 
those that do not present a clear topic in financial decision-making or risk man-
agement or when they present proper methodological information. Equally, non-
English language publishing and articles outside the given period are excluded for 
ease of data access and uniform understanding of the trends and insights. 

2.3. Search Strategy 

A systematic search was conducted across four main databases which include Sco-
pus, Web of Science, PubMed and Google Scholar, were used to search for a wide 
array of articles with regard to the potential of predictive analytics in improving 
financial decision-making as well as the management of risks. Among these data-
bases, this paper focused on those that provided multidisciplinary documents and, 
specifically, documentation for finance, technology, and computational methods. 
Keywords for the search were ‘predictive analytics’, ‘financial decision-making’, 
‘risk management’, ‘machine learning’, and ‘big data’. In order to refine and yield 
more research articles but at the same time more targeted, Boolean operators of 
AND, OR and NOT were used. 

Additional search criteria were applied to filter articles based on their quality 
and relevance which included restriction to studies that are peer-reviewed, pub-
lished in English and published in the last 5 years (2019-2024) to capture the latest 
innovation. By doing so, only the highest quality dataset comprised of the latest 
developments in the field of predictive analytics and the financial and risk man-
agement applications of the latter were identified. 

2.4. Study Selection 

They followed the PRISMA guideline while selecting the studies for this system-
atic review to maintain clarity, reliability, and validity (Page et al., 2021). The ini-
tial step involved eliminating the studies that only had a tangential connection to 
the ideas of predictive analytics but did not explore its use regarding financial de-
cisions and risk management. This step helped to accept only those studies that 
are closely related to the research aim of the paper. 

The initial search first identified 453 publications from databases such as Sco-
pus, Web of Science, and Google Scholar, and after screening the titles, 254 studies 
were removed (Figure 1). These papers were excluded on the grounds of rele-
vance, including papers on predictive analytics for industries other than the finan-
cial sector or papers with limited empirical evidence. The initial screening allowed 
the number of articles to be decreased to 254, which entered the stage of the full-
text analysis. 

More studies were further excluded at the level of full-text review following 
more refined criteria for selection. Finally, 15 articles passed this rigorous screen-
ing process and included all the eligibility criteria and the objectives of the present 
study. 
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Figure 1. PRISMA flow diagram detailing the study selection process.      

2.5. Data Extraction 

The data extraction of the systematic review done for this study was done using 
the PRISMA and the JBI Manual for Evidence Synthesis checklists in order to en-
sure that the extraction of data was done systematically, in order to eliminate as 
much confusion and inconsistency as possible when making data extractions from 
the included studies (Munn, Tufanaru, & Aromataris, 2014). A peer review was 
conducted in each of the studies, and the data extracted was compared to confirm 
their reliability. 

Key data elements extracted from the studies included were author(s), the 
year of publication, geographic origin, the population description and sample 
size. This information was helpful to understand the context and general ap-
proach of the performed studies. Also, the type of the study, as well as whether 
the study used the quantitative, qualitative or a combination of the two, was 
noted. This enabled informing the categorization of the various approaches that 
have been employed in researching the use of predictive analytics in decision-
making on financial risks as well as risk management. Further, details about the 
types of studies that are informative of the specifics of how the actors of organ-
izations use predictive analytics applications such as fraud investigation, credit 
risk assessments and market forecasting were extracted, including the timeframe 
of these studies and whether or not guided by any theoretical concepts or models 
for the interventions. 
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2.6. Quality Assessment 

For quality assurance of articles included in this systematic review, the quality of 
studies was assessed using the CASP checklist for systematic reviews. The CASP 
checklist is an extensively used validated and reliable tool developed for evaluating 
the credibility, relevance, and quality of the evidence retrieved (Critical Appraisal 
Skills Programme, 2024). This approach was useful in building the strength of the 
review because it helped to include the finest quality of the research findings and 
gave imperative information regarding the aspects of prediction analytics in fi-
nancial applications and risk management. 

The assessment utilized the CASP checklist across multiple domains for the 
evaluation. First, the specificity of the goals and aims for each study was evaluated 
against the systematic review aim and objectives. For inclusion in the analysis, re-
search articles had to declare their purpose and cover certain elements of predictive 
analytics. Secondly, each study’s method was reviewed to understand whether it 
addressed the research questions of the current work. This involved assessing the 
elements of study design, data collection and analysis for quality and reliability 
(CASP, 2024). 

2.7. Ethical Considerations 

Although this systematic review did not encompass direct data collection and en-
gagement with participants, issues of ethics were pertinent throughout the study. 
The review adhered to ethical principles that ensured transparency, integrity, and 
respect for the work of the original authors (Suri, 2020). 

A key ethical principle was the proper acknowledgment and citation of all in-
cluded studies. This ensured that contributions from original researchers were 
acknowledged and were well in line with the academic rules of conduct. Also, at-
tempts were made to report the results of the included studies fairly and impar-
tially. Bias, including bias in reporting or drastic presentation of data, was not an 
issue to allow for the purification of results from the review (Suter & Cormier, 
2014). 

This systematic review also followed transparency measures as recommended 
in the PRISMA checklist. Full and clear reporting of inclusion (or exclusion) cri-
teria, data extraction and synthesis procedures supported the issue of replicability 
(Romero, 2019). In addition, this study followed conflict of interest to eliminate 
bias during the selection criterion and analysis of studies (Snellman, Carlberg, & 
Olsson, 2023). 

3. Results 

The publication of studies across countries and regions shows a variety of interest 
in predictive analytics (Figure 2). North America dominates the research land-
scape, contributing to 40% of the studies. This high percentage shows that sectors 
like finance, supply chain management, and risk management have a high interest 
in the region as they look to use analytics to improve efficiency. Asia is the second 
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region in the choice with 25% of the research, stressing financial organization, risk 
management, and an analysis of audit risks pointing to the increasing role of AI 
and predictive tools in Asian securities markets. Europe is responsible for 20% of 
the articles and sample application areas include mining investment projects and 
financial risk management indicating an interest in improving decision making in 
industries with significant resource consumption. The global studies are 15% 
higher; this affirms a general interest in putting predictive analytics in the various 
global sectors as a tool in risk management and decision-making. These regional 
trends demonstrate how various sectors and locations rely on predictive analytics 
to solve varied concerns, such as the global significance of industry-specific ap-
proaches to companies’ financial and operational decisions. 
 

 
Figure 2. Distribution of the country of publication of included studies.      
 

For the methodology, systematic literature reviews are dominant with a total of 
30% of studies (Figure 3). This method is suitable for cumulating previous infor-
mation on predictive analytics in various sectors and offers insight into the use of 
the technique. 25% of the studies employ mixed methods to obtain both qualita-
tive and quantitative data to assess the role of predictive analytics. The remaining 
20% belongs to qualitative case studies that allow one to focus on the description 
of certain applications and issues in such fields as finance and risk management. 
Other methods are design science (10%) and statistical methods (15%) indicating 
versatility in modeling, analyzing and applying predictive analytics for real-life 
solutions. These methodological trends show that there exists a range of ap-
proaches, which researchers use to study predictive analysis, which emphasizes 
that such methodologies should be consistent with the application complexity and 
the requirement that arises from finding practicable solutions for financial man-
agement. 

Regarding the year of publication data an exponential trend of the interest of 
authors in the topic of predictive analytics is visible. The largest number of publi-
cations, equal to 66.67% was published in 2024, while the studies published in 
2018, 2021, 2022 and 2023 each constituted 8.33% of the study (Figure 4). This 
revealed the growing interest in using predictive analytics, especially in recent 
years. 
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Figure 3. Distribution of the country of publication of included studies.      
 

 
Figure 4. Distribution of the year of publication of included studies.      

 
Table 2 provides a comprehensive overview of studies on predictive analyt-

ics, summarizing their aims, methods, geographical focus, findings, and re-
search gaps. The results show that researchers from North America and Asia 
mostly study predictive analytics use in supply chains and financial safety, but 
there are few research gaps in smaller businesses and new tech fields like block-
chain and IoT. 

4. Discussion 
4.1. Key Applications of Predictive Analytics in Financial  

Decision-Making 

The more general role of predictive analytics can be seen in virtually any type 
of financial decision-making process, including credit scoring, fraud detection, 
expected liquidity, and more, as well as market trends. The study of these mod-
els is critical to financial institutions as they use historical as well as real-time 

https://doi.org/10.4236/jfrm.2025.141004


M. F. Olagoke 
 

 

DOI: 10.4236/jfrm.2025.141004 56 Journal of Financial Risk Management 
 

data to predict credit risk, investment opportunities and consumer behaviors. 
According to Aro (2024), predictive analytics has brought significant changes 
in credit risk assessment since the old credit scoring models were enhanced 
leading to efficient assessment of potential borrowers by banks and other fi-
nancial institutions. These models also assist in the easy reorganization of po-
tentially risky customers or transactions that are likely to default or be fraudu-
lent. According to Broby (2022), predictive analytics is useful in increasing or-
ganizational performance within financial institutions through rationalization 
of the utilization of available resources in the determination of demand, which 
is essential in the determination of inventory and supply chain. In addition, 
investment fund management is among the most common areas of predictive 
analytics usage as this technology produces models that predict the prices of 
the assets, as well as the volatility of the markets and allows the investors to 
make decisions based on the data. As an effective technology tool, predictive 
analytics provides efficiency in the processing of voluminous data from differ-
ent sources enabling the identification of trends and forecasting potential risks, 
and opportunities for financial institutions more than traditional approaches 
(Aro, 2024). 

 
Table 2. Descriptive summary. 

S/N Paper Title Authors Purpose of the Study Methods Continent Findings Research Gaps 

1 

The Role of Predictive 
Analytics in Optimizing 
Supply Chain Resilience: A 
Review of Techniques and 
Case Studies 

Adewusi et al., 2024 

In this study, the 
predictive analysis (PA) 
effect on supply chain 
resilience (SCR) is 
analyzed in the context of 
revolutionizing agility, 
flexibility, and 
responsiveness. 

Systematic literature 
review. 

North America 

Supply chain management, as 
made possible by predictive 
analytics, does the following; 
namely, flexibility, agility, and 
responsiveness. Some of the 
important issues that are hard 
to overcome are data privacy 
concerns, demand for skilled 
personnel, and compatibility 
issues. Potential for 
improvement of the state of 
affairs in the future are AI and 
ML technologies for 
increasing efficiency and 
competitiveness and 
sustainable supply chain 
management. 

Limited research on 
small-to-medium 
enterprises (SMEs) and 
developing economies. 

2 

Risk Intelligence: AI-
Enhanced Predictive 
Analytics for Financial 
Institutions and Their 
Decision-Making Processes 

Qudus, 2024 

Explores the role of AI-
enhanced predictive 
analytics in improving 
risk management in 
financial institutions. 

Mixed-methods 
approach combining 
qualitative 
(interviews, case 
studies) and 
quantitative (surveys, 
dataset analysis) 
methods. 

Asia 

Risk management is enhanced 
by accuracy, efficiency, and by 
adopting an anticipatory 
approach through the use of 
AI-driven predictive analytics. 
Most financial firms 
implementing AI have 
indicated enhanced ability to 
respond to new risks, lower 
costs, and enhanced decision-
making. Some of the ethical 
issues occurring include bias 
created by an algorithm, 
conformity to legal 
requirements, and the 
intersection of data. 

Limited analysis on 
how AI can be 
integrated with other 
new advanced 
technologies including 
but not limited to; 
blockchain and IoT. 
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Continued 

3 

The Role of Predictive 
Analytics in Automating 
Risk Management and 
Regulatory Compliance in 
the U.S. Financial Sector 

Azubuike, 2024 

Examines the use of 
predictive analytics to 
encompass risk 
management within the 
particular goals and 
objectives of the financial 
sector in the U.S. 

Qualitative and 
empirical analysis 
focusing on case 
studies and 
regulations. 

North America 

Risk assessment and other 
compliance issues become 
automated in predictive 
analytics removing a lot of 
errors that might occur when 
done manually. However, it is 
compliant with the regulations 
and also helps institutions 
manage dynamic risks better. 
A focus is placed on applying 
and incorporating analytics 
with other new technologies 
such as blockchain along with 
insistence on ethical use. 

Few studies have 
addressed predictive 
analytics utilization of 
small or midsize 
financial firms. 
 

4 

The Application of 
Predictive Analysis in 
Decision-Making Processes 
on the Example of Mining 
Company’s Investment 
Projects 

Wach & Chomiak-
Orsa, 2021 

To explore the application 
of predictive analysis in 
investment decision-
making in the mining 
sector 

Case study approach, 
focusing on mining 
investment projects 

Europe 

In investment management, 
predictive analysis can predict 
the possibility of investment 
success by revealing 
problematic areas. 

Predictor analysis is an 
underdeveloped field 
regarding its 
application for the 
determination of 
investment in mines. 

5 

Opportunities and 
Challenges of 
Implementing Predictive 
Analytics for Competitive 
Advantage 

Attaran & Attaran, 
2018 

This paper seeks to 
discuss the applicability of 
business intelligence 
particularly, and 
predictive analytics 
specifically in changing 
the general nature of 
business by providing 
insights from the data 
collected. 

Literature review and 
analysis of predictive 
analytics applications 
and challenges. 

North America 

The main advantages of 
predictive analytics are aiding 
in decision-making and 
looking into trends and 
impacts of decisions. 
Limitations are big data 
requirements, qualified 
human resources, and 
handling of implementation 
costs particularly for start-up 
organizations. 

Inadequacy of LM as a 
source of information 
for SMEs, empirical 
confirmation of the 
concept under 
consideration, and 
insufficient attention to 
such ethical issues as 
potential misuse of PA. 

6 

Key Issues of Predictive 
Analytics Implementation: 
A Sociotechnical 
Perspective 

Chen, Nath, & 
Rocco, 2024 

The study examines 
predictive analytics (PA) 
implementation 
challenges from a socio-
technical perspective, 
focusing on structure, 
culture, technology, and 
tasks. 

Qualitative study 
using structured 
interviews with 
executives in 11 
organizations across 
the U.S. 

North America 

There are five core system 
issues of PA implementation, 
namely, the creation of data 
culture, the construction of 
adequate data environments, 
and the orientation of 
analytics outputs toward 
organizational objectives. 

There is also the absence 
of comparable measures 
to assess the 
effectiveness of PA, very 
little information 
regarding the 
comparison of PA 
success across industries, 
and inadequate 
consideration of the 
potential definite ethical 
matrix of using PA in 
organizations. 

7 
Risk Assessment Using 
Predictive Analytics 

Alotaibi, 2023 

This paper applies design 
science research to design 
and test a predictive 
model for audit risk 
assessment. 

Design science 
methodology 
involving model 
development and 
evaluation in a real-
world setting. 

Asia 

This proposed model 
increases the recognition of 
higher risk factors, augments 
decision-making potential, 
and increases audit quality. It 
provides direction on areas 
that need further research. 

Lack of extended 
consideration of ethical 
aspects as well as 
possible biases in a 
predictive model, and 
insufficient coverage of 
wider application of the 
described approaches in 
organizational settings. 

8 
The Use of Predictive 
Analytics in Finance 

Broby, 2022 

Statistical and 
computational methods 
are increasingly integrated 
into Decision Support 
Systems (DSS) to aid 
strategic decision-making 
in finance. 

Systematic literature 
review using the 
SPAR-4-SLR 
protocol. 

Europe 

Methods and tools of big data 
analytics improve the 
possibilities of prediction and 
risk estimation in the financial 
sphere. Thus, methods are 
increasingly incorporated in 
DSS to enable rational 
managers to use both internal 
and external data for their 
decisions. Some of the uses of 
this approach are in economic 
forecasting, the customer 
profiling process, and credit 
risk modeling. 

Limited discussion on 
practical 
implementation 
challenges, scalability 
for smaller financial 
institutions, and ethical 
implications of data 
usage and 
computational biases in 
predictive modeling. 
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Continued 

9 
Predictive Analytics for 
Financial Risk Management 
in Dynamic Markets 

Kandir & Haseki, 
2024 

Explores the use of 
predictive analytics and 
gradient-boosting 
methodology for 
managing financial risks 
in dynamic markets. 

Gradient Boosting 
Decision Trees 
(GBDT) were 
employed for 
predictive modeling. 

Europe 

Emphasized the use of 
predictive analytics in the 
areas related to financial risk 
assessment and management. 
Due to ease in modeling 
complexities, it was evident 
from the study that GBDT 
helps in strategic decision-
making with high accuracy. 
One was to emphasize the 
importance of improving the 
current model and analyzing 
the features of the model. 

Demand for using 
ensemble techniques 
and the synergetic 
analysis of various types 
of models to increase 
their accuracy. Lack of 
depth in operational 
and systemic risks’ 
investigation. Risk 
types going forward 
should involve even 
more diversification 
and perhaps the 
continuous testing of 
the predictive models. 

10 

Leveraging Advanced 
Financial Analytics for 
Predictive Risk 
Management and Strategic 
Decision-Making 

Oyedokun et al., 
2024 

Examines the use of more 
sophisticated financial 
analysis techniques such 
as machine learning, and 
predictive analytics, on 
risk management and 
decision-making 
processes in global 
markets. 

Employed machine 
learning algorithms 
and big data analytics 
to analyze trends and 
forecast risks in 
volatile global 
markets. Case studies 
were used to 
demonstrate 
practical 
applications. 

Global 

Improved risk control is 
achieved by using financial 
analysis since it will highlight 
the trends in risk in the 
organization. Stressed the 
importance of analytics in 
management decision-making 
and business processes. 
Identified pointed issues such 
as data protection and the lack 
of qualified workers as the 
areas that could narrow down 
the usage of dedicated 
learning applications. 

More research on best 
practices for integrating 
familiar systems into 
new ones and improved 
employee education 
schemes. Insufficiency 
of empirical 
information concerning 
potential long-term 
outcomes and benefits 
of the application of 
financial analytics in 
various industries. 

11 
Predictive Analytics for 
Project Risk Management 
Using Machine Learning 

Bauskar et al., 2024 

Introduces a novel 
approach for project risk 
management using 
machine learning. The 
study emphasizes real-
time risk prediction and 
resource optimization. 

Historical project 
data, including 
timelines and 
resource allocations, 
were analyzed using 
GBM and Logistic 
Regression (LR). 

North America 

The accuracy of the Gradient 
Boosting Machine (GBM) 
model was 85% to real-time 
risk prediction was shown to 
be effective. Resource 
utilization efficiency increased 
by 15% and the relative 
savings of project cost were 
twice as much as in 
conventional project 
approaches. 

The relatively narrow 
range of variables 
concerning risk in the 
dataset. Future research 
should include more 
variables in the risk 
factors and compare 
more types of machine 
learning algorithms. 
Advanced feature 
selection techniques are 
used to extract data 
features based on the 
subtle differences 
present for a particular 
type of data set. 

12 

Predictive Analytics in 
Financial Management: 
Enhancing Decision-
Making and Risk 
Management 

Aro, 2024 

Examines the use of 
predictive analytics in a 
strategic context with 
reference to the areas of 
forecast, risk, and asset. 
However, it highlights 
how financial 
performance can be 
enhanced through the use 
of various tools to make 
predictions on its 
performance. 

Case studies across 
industries were 
analyzed to 
demonstrate 
predictive analytics’ 
impact. 

North America 

Big data widened the areas of 
predictive analytics 
application in sales forecasting 
and credit risk assessment 
which in turn improved the 
overall revenue and 
identifying risks. Showed 
ability in budgeting quickly 
and in know-how in 
operational planning. Stated 
data quality and model 
accuracy as the high risks that 
need to be confronted during 
the implementation. 

Lack of prior research 
studies focusing on 
various industries to 
learn how organizations 
integrate PAA in 
measuring and 
managing risks. Recent 
efforts made in 
identifying solutions to 
data quality problems, 
and building 
capabilities in the 
workforce for advanced 
analytics solutions. 

 
In addition, the integration of artificial intelligence (AI) and machine learning 

(ML) has enhanced the outlook of predictive analytics as a field. According to 
Oyedokun et al. (2024) with the help of the machine learning approach, one can 
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predict trends and make more flexible and accurate decisions that evolve with the 
new inputs. All these help financial institutions to foresee changes in the market, 
and changes in customers’ attitudes and adapt to changes in the regulatory frame-
works. Besides, allowing predictive analytics in the decision-making process not 
only increases the accuracy of the forecasts but also helps institutions to be more 
ready to act when threats and opportunities in the financial markets arise (Qudus, 
2024). 

JP Morgan Chase’s fraud alert application provides a good example of the use 
of predictive analytics. The bank was also able to minimize fraud by positioning 
machine learning models within its transaction monitoring systems such that 
high-risk frauds were accurately flagged before the event (Tulsi et al., 2024). The 
predicted algorithm was executed and supervised by the developed system so that 
the false-positive rate was reduced; this helped to increase business productivity 
and maintain customers’ financial data safe. This implementation shows how the 
application of predictive analytics can be useful in reducing risks of financial 
crime with the aim of creating a competitive advantage. 

Predictive analytics can be very useful, but something can go wrong if a model 
is built poorly, or if people fail to understand it. During the 2008 financial crisis, 
many financial institutions relied on predictive models that failed to capture the 
complexity and latent risks inherent in subprime mortgage-backed securities 
(Hellwig, 2008). These models, anchored on historical information, did not pro-
vide for conditions that had not been witnessed in the markets and interactions 
between the asset classes, with flow-on consequences such as catastrophic losses 
(Hellwig, 2008).  

4.2. Predictive Analytics Improves Risk Management Strategies in 
Finance 

The use of predictive analytics in risk management is one of the innovative im-
provements that have occurred in the financial industry. The threats that are ever 
present for financial institutions include credit risk, liquidity risk, operational risk 
and market risk and all of these threats have immense impacts on both the stability 
as well as profitability of these institutions. Risk mitigation means that using pre-
dictive analysis techniques in institutions leads to proper evaluation of these risks 
and hence proper management of the risks. According to Aro (2024), credit risk 
management is made easier by the use of predictive analytics in that it offers a 
better view of the risk that a borrower poses in relation to the loans. Through 
historical data or the use of more sophisticated models, authors are able to antic-
ipate a borrower’s repayment pattern so that financial institutions can intervene. 
Some of these policies include changing the interest rate or coming up with strict 
specifications for risk-revolving clients. 

In the context of liquidity risk, predictive analytics is used to predict future fund 
requirements, thus increasing the prospects of better liquidity management and 
eradicating the possibility of the institution’s financial collapse. Qudus (2024) 
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opines that AI-automated predictive models mean that institutions can keep tabs 
on their exposure to market variables, and broad-based economic factors that may 
affect the liquidity of an institution. Additionally, what is enormously relevant to 
financial services is the recognition of fraudulent patterns with the assistance of 
predictive analytics. Analyzing the transaction flows, the model is able to detect 
loose strings and alert fraudulent behaviors before they can get out of hand or lead 
to major losses (Aro, 2024). 

The use of predictive analytics in market risk management is equally transform-
ative. Analytical models can be used by financial institutions to predict the mar-
ket’s next move and measure the losses should it go wrong, which is known as 
Value at Risk (VaR) analysis. Through fundamental analysis, it is possible to fore-
cast the appearance of unfavorable tendencies in the market and use effective tools 
to hedge the unfavorable market shocks and ensure the maximum efficient further 
configuration of the assets’ portfolio in financial institutions. In the same way, 
predictive analytics also benefits operational risk management as it defines prob-
able operations risk constraints that may result in loss or operations interruption. 
Such models give the institutions an appropriate way to respond to operational 
risks, decreasing the odds of making costly mistakes or taking a long time to do 
so (Oyedokun et al., 2024). 

4.3. The Challenges and Limitations Associated with the  
Implementation of Predictive Analytics in Financial Contexts 

In embracing predictive analytics, it is important for institutions to understand 
the following challenges and limitations associated with the use of the tool. One 
of the primary challenges identified in the literature is the reliance on high-qual-
ity, large-scale datasets. The problem here is that predictive models are only as 
volatile as the data that go into them and one is always bound to end up with 
wrong forecasts and hence bad decisions. According to Alotaibi (2023), there is a 
need for financial institutions to invest in quality and efficient data management 
systems since these drive all the predictive models that the institutions use based 
on quality data. The fact that large amounts of data need to be processed and in 
certain cases such as real-time systems, managed in real-time presents new com-
plications to the existing question of implementing predictive analytics, particu-
larly in the smaller institutions that might not have the resources to handle such 
volumes of data well. 

Another significant limitation is the potential for algorithmic bias. The models 
used to make such predictions including those based on AI and machine learning 
are also inclined to the bias that is in the data set that was used in making the 
model (Qudus, 2024). If the training data is stale, for example, having given cer-
tain demographic categories less attention than others, then the resulting machine 
learning models will learn these biases and translate them into unfair treatment of 
these minorities when making financial decisions. As pointed out in Qudus 
(2024), this is a significant concern because matched-pair models used when con-
structing a predictive algorithm may lead to unfair credit lending unequal risk 
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distribution in the market, and reputational risk for financial institutions. 
Another challenge is the increase in the difficulty of incorporating predictive 

analytics into now complex financial systems. According to Oyedokun et al. 
(2024), there is a challenge financial institutions experience with incorporating 
advances in predictive analytics into their existing systems. That results in such 
problems as implementation delays, incompatibility, and high costs. Furthermore, 
the adoption of predictive models requires the use of skilled human capital for 
their proper management and operation. A major challenge to deploying predic-
tive analytics in financial institutions is the sufficiently technical nature of the 
problem and the weak analytical skills of the financial institutions themselves 
(Aro, 2024; Qudus, 2024). 

4.4. Recommendations for Financial Institutions on Adopting  
Predictive Analytics to Enhance Decision-Making and  
Risk Management Processes 

To capitalize on the benefits of predictive analytics in financial decision-making 
and risk management, financial institutions must take a strategic approach to its 
adoption and implementation. In terms of investment strategies, one important 
recommendation is that institutions should invest in data quality and the related 
foundation. Moreover, using the findings of Alotaibi (2023), it is critical to men-
tion that obtaining highly reliable and up-to-date data is vital for further successful 
predictive modeling processes. It is high time that financial institutions upgraded 
their data management infrastructures, enhanced ways of collection, and global 
data management frameworks to support the most reliable predictive models. 

The second recommendation is regarding the ethics of predictive analytics, spe-
cifically the issue of algorithmic bias. Lenders should use fairness audits and review 
their prediction models for possible bias in decisions. Although recognizing algo-
rithm bias is proper, it is not enough to eliminate the fundamental causes of this 
bias. Mitigation measures, therefore, have to transcend mere acknowledgement and 
prevention techniques would encompass practices such as diversifying training 
sample sets, fair algorithms, and bias check-ups from time to time on the models 
being used for prediction (Albaroudi et al., 2024; Nazer et al., 2023). Qudus (2024) 
recommends that fairness metrics be incorporated into the models because they are 
important in making financial decisions. Also, institutions must make their models 
more and more transparent so that people put their trust in the predictive systems. 
Managers in financial institutions should also pay attention to cultivating data ro-
mance as a way towards a methodical organizational culture that will enhance pre-
dictive analytics. As Chen et al. (2024) in their analysis suggest, the resistance to 
change, and the failure of staff to utilize the tools of predictive analytics to the opti-
mum can be addressed by cultivating a culture of data-enabled decision-making. 
Learning and development is about improving skills and capacities for fostering ad-
vanced work through training and learning interventions. 

Finally, existing predictive analytics in the scenario of financial institutions can 
be improved. Predictive models must be continuously updated to adapt to chang-
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ing financial conditions, customer behaviors, and regulatory requirements. Insti-
tutions should dedicate resources to technologies that perhaps hold the key to 
continual refinement of the developed predictive models. Bauskar et al. (2024) 
stressed the aspect of model maintenance especially when the market is financially 
unstable, to explain the predictive analytics salvation. 

5. Conclusion 

This study has explored the significant role of predictive analytics in enhancing 
financial decision-making and risk management. This literature analysis shows 
that predictive analytics ushers in a novel transformation in how financial organ-
izations make decisions by relying on progressive forms of data. The uses of pre-
dictive analytics in credit scoring, fraudulent activities determination, liquidity 
determination, and market determination were deemed to be apparently valuable 
in enhancing operational, risk and financial performance. From the findings, it 
was also realized that predictive analytics provides financial institutions with more 
control, flexibility, and efficiency, in addressing credit risk, market risk, opera-
tional risk and liquidity risk. Also, the research has discussed and analyzed various 
kinds of obstacles and drawbacks connected with the application of predictive an-
alytics for financial institutions, for example, problems concerning the quality of 
data, the presence of bias in the algorithms, the interaction with existing systems, 
and the necessity to attract professionals. These recommendations are to mitigate 
these challenges and enhance best practices in applying predictive analytics for 
financial institutions' better decision-making purposes. 

Predictive analytics is a powerful tool that can significantly enhance the deci-
sion-making and risk-management processes in the financial sector. However, fi-
nancial institutions must ensure the following in order to enhance the prospects 
of successful adoption and implementation: High-quality data, fairness in the al-
gorithm, integration plans and employee training. Such initiatives will ensure that 
predictive analytics can realize full value in enhancing best practices in financial 
functions to achieve the sustainable success of financial entities. 

6. Limitations of the Study 

While this study provides valuable insights into the role of predictive analytics in 
financial decision-making and risk management, several limitations must be 
acknowledged. Firstly, the study only focused on data collection mainly from sec-
ondary sources and secondary sources of research literature, restricting the gen-
eralization of the findings. This might limit the extraction of the most up-to-date, 
or best practice real-world application of predictive analytics for firms in financial 
industries, especially in the emerging markets or firms with relatively fewer em-
ployees. 

The study does not provide an assessment of the experiences and effects of ap-
plying predictive analytics in actual firms in the finance industry. Subsequent 
qualitative studies may be a case or survey study of financial practitioners to get 
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more practical insights as to how predictive analytics is being applied in organi-
zations or the challenges associated with the implementation of such technology. 

While the study was on the technology side of predictive analytics, there is little 
attention to the implementation issues that financial organizations encounter 
when deploying such tools. That is why the success of predictive analytics also 
relies on culture, staff training, and, undoubtedly, the decision-makers who are 
involved in it. 

In the case of future research, it is suggested to advance these limitations by 
including basic data, considering the success of the implementation of predictive 
analytics in the various sectors, and examining the ethical-social and organiza-
tional factors that determine the successful usage of predictive analytics in the fi-
nancial sphere. 
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