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Abstract 
This quantitative study examined the role of AI-enabled business intelligence in financial risk assessment and 
liquidity monitoring across organizations using digital financial and analytical systems. An explanatory cross-
sectional design was employed, and data were collected through a structured five-point questionnaire 
administered to financial, managerial, risk, treasury, auditing, business intelligence, data, and information-
technology professionals. Of 450 distributed questionnaires, 434 were returned and 412 valid responses were 
retained, producing a valid response rate of 91.6%. AI-enabled business intelligence recorded a mean of 4.11, 
financial risk assessment recorded 4.09, and liquidity monitoring recorded 4.05. Cronbach’s alpha coefficients 
ranged from .941 to .952, confirming strong internal consistency. AI-enabled business intelligence was 
positively correlated with financial risk assessment (r=.694r=.694r=.694) and liquidity monitoring 
(r=.651r=.651r=.651), while financial risk assessment was positively correlated with liquidity monitoring 
(r=.669r=.669r=.669). Hierarchical regression showed that AI-enabled business intelligence explained an 
additional 29.7% of variance in financial risk assessment and 25.3% in liquidity monitoring beyond participant 
and organizational controls. The final liquidity model explained 57.4% of the observed variance. Predictive 
capability, decision-support effectiveness, real-time processing, financial data integration, anomaly detection, 
and analytical automation significantly predicted financial risk assessment. Mediation analysis demonstrated a 
significant indirect effect of .26, with financial risk assessment transmitting 45.0% of the total relationship 
between AI-enabled business intelligence and liquidity monitoring. Technological readiness produced the largest 
subgroup effect, while organizational size, system-exposure duration, data quality, and management support 
also influenced the principal relationships. The findings established AI-enabled business intelligence as a 
multidimensional organizational capability that connected integrated data, predictive analytics, automated 
processing, and decision support with more accurate risk assessment and more effective liquidity control. 
Organizations required reliable data, adequate technological readiness, skilled employees, human oversight, and 
structured governance to use intelligent analytical systems effectively across diverse contemporary financial 
settings and organizational operating environments. 
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INTRODUCTION 
Artificial intelligence refers to the capacity of computer-based systems to perform activities commonly 
associated with human intelligence, including learning from data, recognizing patterns, interpreting 
complex information, generating predictions, and supporting decisions (Chowdhary, 2020). Within 
organizational environments, artificial intelligence incorporates machine learning, deep learning, 
natural language processing, intelligent automation, expert systems, and predictive modeling. Business 
intelligence refers to the technologies, analytical procedures, organizational practices, and information-
management structures used to collect, integrate, process, analyze, and present business data for 
managerial decision-making.  
 

Figure 1: AI-Enabled Financial Intelligence Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
AI-enabled business intelligence represents the integration of artificial intelligence capabilities with 
traditional business intelligence platforms to produce automated, predictive, adaptive, and real-time 
financial insights. Unlike conventional reporting systems that primarily describe historical 
performance, AI-enabled business intelligence can identify nonlinear relationships, classify risk 
conditions, detect abnormal transactions, estimate probable financial outcomes, and continuously 
update analytical results as new information becomes available. Financial risk assessment is the 
systematic identification, measurement, evaluation, and classification of uncertainties capable of 
producing financial loss, operational disruption, earnings instability, capital deterioration, or 
organizational insolvency. Its principal dimensions include credit risk, market risk, liquidity risk, 
operational risk, investment risk, solvency risk, fraud risk, and broader financial distress (Samad et al., 
2023). Liquidity monitoring refers to the continuous evaluation of an organization’s capacity to satisfy 
short-term and long-term financial obligations without experiencing unacceptable losses, asset disposal 
pressures, borrowing difficulties, or interruptions to routine operations. It includes the examination of 
cash balances, cash inflows and outflows, working capital, current liabilities, funding concentrations, 
maturity mismatches, payment schedules, liquid asset reserves, and access to external financing. In 
financial institutions, liquidity monitoring also covers deposit movements, loan commitments, 
collateral positions, interbank exposures, liquidity coverage, and stable funding conditions. The 
combination of AI-enabled business intelligence, financial risk assessment, and liquidity monitoring 
establishes an integrated analytical environment in which financial information is transformed into 
measurable risk indicators and actionable managerial knowledge (Chen et al., 2020). A synthesis of 
more than 30 international studies shows that these concepts have increasingly been examined together 
because financial risk develops through interconnected patterns involving cash flow, leverage, asset 
quality, market volatility, payment behavior, and organizational decision speed. Their conceptual 
relationship centers on the ability of intelligent information systems to increase the visibility, timeliness, 
consistency, and analytical depth of financial control. 
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Financial risk analysis developed from conventional accounting-based procedures that relied heavily 
on financial ratios, historical statements, manual calculations, professional judgment, and periodic 
management reports. Early quantitative approaches evaluated organizational stability through 
measures such as profitability, leverage, working capital, debt capacity, asset turnover, cash-flow 
adequacy, and interest coverage (Shneiderman, 2020). Discriminant analysis, logistic regression, 
probability models, and standardized credit-scoring methods subsequently introduced greater 
statistical structure into bankruptcy prediction, borrower classification, and financial distress 
assessment. These approaches established an important quantitative foundation, although their 
performance remained closely connected to predetermined assumptions, selected variables, historical 
observations, and relatively stable relationships among financial indicators. The expansion of 
enterprise resource planning systems, electronic banking, cloud computing, digital payments, and 
large-scale data storage increased the volume and complexity of information available for financial 
analysis. Business intelligence platforms responded by integrating financial records from accounting, 
sales, purchasing, treasury, inventory, payroll, customer, supplier, and market systems into centralized 
repositories. Dashboards, data warehouses, scorecards, online analytical processing, and automated 
reporting strengthened the ability of managers to examine financial conditions across departments and 
reporting periods (Dai et al., 2024). Artificial intelligence extended these capabilities by enabling 
business intelligence platforms to learn directly from multidimensional data, recognize complex 
interactions, identify unusual behavior, and produce continuously updated risk classifications. 
Evidence synthesized from international research demonstrates that machine-learning models 
frequently provide stronger classification and prediction performance than isolated statistical 
techniques when financial relationships are nonlinear, highly interactive, or influenced by large 
numbers of variables. Neural networks, support vector machines, decision trees, random forests, 
gradient-boosting systems, and ensemble models have been applied to bankruptcy prediction, credit 
evaluation, fraud detection, market-risk estimation, and corporate distress classification. Deep-learning 
models have expanded the analytical scope by processing sequential transactions, textual disclosures, 
payment histories, customer behavior, and rapidly changing financial signals. AI-enabled business 
intelligence therefore represents an advanced stage in the development of organizational financial 
analysis rather than a separate reporting function. It combines the descriptive capacity of conventional 
business intelligence with diagnostic, predictive, and prescriptive forms of analysis. This development 
changes the timing of risk assessment from periodic examination to continuous observation and 
changes the unit of analysis from isolated financial ratios to interconnected patterns of financial 
behavior (Hunde & Woldeyohannes, 2022). Within a quantitative paper, this development provides the 
conceptual background for measuring the degree to which intelligent analytical capabilities are 
associated with the accuracy of financial risk assessment and the effectiveness of liquidity monitoring. 
The effectiveness of AI-enabled business intelligence depends on an integrated technological and 
organizational architecture capable of converting diverse financial data into reliable analytical 
information. This architecture commonly contains data-source, integration, storage, analytical, 
visualization, and decision-support components. Financial data may originate from general ledgers, 
bank accounts, treasury systems, payment gateways, credit records, sales platforms, inventory systems, 
procurement databases, customer accounts, supplier transactions, market feeds, and macroeconomic 
indicators (Abdulwahid et al., 2023). Data-integration processes standardize these records, resolve 
inconsistencies, remove duplication, identify missing values, and create relationships among 
information generated by different organizational functions. The analytical component applies 
statistical methods and artificial intelligence algorithms to identify financial patterns, estimate risk 
levels, detect deviations from established thresholds, and compare actual performance with expected 
conditions. Visualization tools translate these results into dashboards, alerts, heat maps, scorecards, 
trend displays, and risk classifications that can be interpreted by financial managers and senior 
decision-makers. International studies on business intelligence capability consistently identify data 
quality, system integration, analytical competence, management support, technical infrastructure, and 
user accessibility as major dimensions of successful implementation. High-quality data increase the 
stability of analytical outcomes, whereas incomplete, inconsistent, delayed, or incorrectly classified 
records reduce prediction reliability. System integration determines whether risk assessment 
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incorporates the full financial position of an organization or remains restricted to isolated databases. 
Analytical competence reflects the ability to select suitable variables, train models, evaluate 
performance, interpret outputs, and distinguish meaningful warning signals from ordinary financial 
variation (Zheng, 2023).  
 

Figure 2: AI Financial Intelligence Integration 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Management support influences the allocation of financial, technical, and human resources required to 
maintain the analytical environment. User accessibility determines whether financial insights reach 
authorized decision-makers in a timely and understandable form. The literature also distinguishes the 
possession of analytical technology from the development of business intelligence capability. An 
organization may own sophisticated software without establishing the governance, expertise, data 
discipline, and decision processes needed to use it effectively. AI-enabled business intelligence is 
therefore treated as a multidimensional organizational capability rather than a single computer 
application. Its quantitative measurement can incorporate data integration, analytical automation, 
predictive capacity, real-time processing, visualization quality, system accessibility, and decision-
support effectiveness. These dimensions describe the extent to which an organization can transform 
financial records into coordinated risk intelligence (Bertram et al., 2021). Their relationship with 
financial risk assessment and liquidity monitoring can be examined through measurable variations in 
risk-detection accuracy, information timeliness, analytical comprehensiveness, cash-flow visibility, 
warning responsiveness, and the consistency of financial decisions across organizational units. 
Financial risk assessment requires the examination of multiple risk categories that frequently interact 
and intensify one another. Credit risk develops when customers, borrowers, or counterparties fail to 
satisfy contractual obligations. Market risk arises from adverse movements in interest rates, exchange 
rates, commodity prices, securities values, and broader market conditions. Operational risk involves 
losses associated with process failures, human errors, system interruptions, fraud, cyber incidents, or 
inadequate internal controls (Siemens et al., 2022). Solvency risk reflects the possibility that an 
organization’s assets and income become insufficient to meet its total liabilities, while liquidity risk 
concerns the availability of cash and readily convertible resources at the required time. Conventional 
risk assessments often examine these categories separately, even though practical financial 
deterioration commonly occurs through their interaction. A decline in customer payments can reduce 
cash availability, increase borrowing requirements, weaken debt-servicing capacity, and expose the 
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organization to unfavorable financing conditions. AI-enabled business intelligence allows these 
relationships to be assessed within a unified analytical structure. Supervised learning models classify 
observations according to known outcomes, such as default, financial distress, fraudulent activity, or 
repayment failure. Unsupervised models identify unusual transactions and hidden groupings without 
depending entirely on previously labeled cases (Tyagi et al., 2022). Deep-learning systems process 
complex sequences and high-dimensional financial records, while natural language processing extracts 
risk-related information from audit reports, corporate disclosures, customer communications, 
contracts, and management narratives. International empirical research has applied these methods to 
consumer lending, corporate credit, bankruptcy prediction, insurance claims, investment management, 
financial fraud, and banking supervision. The reported analytical performance is commonly evaluated 
through accuracy, sensitivity, specificity, precision, recall, error rate, receiver operating characteristics, 
and area under the curve. These measures are especially important when financially harmful events 
occur less frequently than normal observations because a model can display high overall accuracy 
while failing to detect serious risk cases (Gupta et al., 2022). Explain ability constitutes another central 
feature of risk assessment because financial decisions require understandable reasons for classifying an 
organization, transaction, or borrower as high risk. Feature-importance measures, decision rules, 
partial dependence analysis, and local explanation techniques provide information about the variables 
that influence a model’s output. AI-enabled business intelligence combines these technical results with 
managerial reporting so that risk classifications can be evaluated in relation to financial ratios, cash-
flow behavior, payment histories, market conditions, and organizational thresholds. The quantitative 
role of the system is therefore represented by its association with the accuracy, speed, breadth, 
consistency, and interpretability of financial risk assessment. 
Liquidity is a fundamental condition of organizational continuity because profitable operations can still 
experience financial disruption when cash resources are unavailable at the time obligations become 
payable. Liquidity monitoring examines whether an organization possesses adequate cash, marketable 
assets, reliable inflows, and accessible funding to meet payroll, supplier payments, debt installments, 
tax obligations, operating expenses, and unexpected financial demands. Traditional monitoring 
practices rely on current ratios, quick ratios, cash ratios, operating cash-flow measures, working-capital 
analysis, aging schedules, cash budgets, and maturity-gap reports (Alam, 2021). Banks and other 
financial institutions also use regulatory liquidity measures, funding concentration indicators, deposit 
stability measures, liquid asset ratios, and stress-testing procedures. These measures remain important, 
but they commonly represent liquidity at a particular reporting date and may provide limited visibility 
into rapidly changing transaction patterns. AI-enabled business intelligence expands liquidity 
monitoring by combining historical financial statements with current cash movements, expected 
receipts, payment schedules, customer behavior, supplier obligations, credit utilization, market 
information, and economic conditions. Machine-learning models can identify patterns associated with 
delayed collections, abnormal withdrawals, deposit instability, funding pressure, and changes in 
working-capital requirements. Time-series methods and neural networks can estimate short-term cash-
flow conditions by learning from recurring payment cycles, seasonal sales patterns, transaction 
sequences, and deviations from expected behavior. Intelligent dashboards can display available cash, 
projected obligations, funding gaps, concentration exposures, and stress indicators within a unified 
interface (Kostopoulos et al., 2024). Automated alerts can be generated when financial indicators exceed 
established risk thresholds or when observed behavior differs substantially from historical patterns. 
Studies conducted in commercial banking, corporate finance, investment management, and financial 
supervision show that liquidity risk is connected to asset quality, credit conditions, funding structure, 
market volatility, organizational size, capitalization, profitability, and economic activity. Research also 
shows that liquidity conditions cannot be represented adequately by a single ratio because short-term 
payment capacity, long-term funding stability, asset convertibility, and market access reflect different 
dimensions of financial resilience. A multidimensional AI-enabled monitoring system can incorporate 
these variables simultaneously and update risk estimates whenever new data enter the platform 
(Echedom & Okuonghae, 2021). Quantitative assessment of liquidity-monitoring effectiveness can 
include cash-flow visibility, forecasting accuracy, warning timeliness, funding-gap detection, stress 
recognition, information accessibility, and the frequency of liquidity-related decision errors. These 
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measurable elements define liquidity monitoring as a continuous analytical process rather than a 
periodic accounting calculation. 
The international significance of AI-enabled business intelligence is connected to the globalization, 
digitalization, and interdependence of financial activities. Organizations increasingly operate through 
cross-border supply chains, international banking relationships, foreign-currency transactions, online 
payment systems, multinational customer networks, and geographically distributed operating units. 
Financial disturbances originating in one market can affect exchange rates, borrowing costs, 
commodity prices, asset valuations, investor behavior, and funding availability in other jurisdictions 
(Kitsios & Kamariotou, 2021). The international financial crises, banking failures, market disruptions, 
public-health emergencies, geopolitical conflicts, inflationary episodes, and supply-chain interruptions 
examined in global research demonstrate that financial risk and liquidity pressure can spread rapidly 
across organizations and national boundaries. Under these conditions, delayed or fragmented 
information reduces the capacity of financial managers to obtain a complete view of exposures. AI-
enabled business intelligence creates a structured mechanism for integrating internal corporate 
information with external market, economic, sectoral, and regulatory data. Research across North 
America, Europe, Asia, Africa, and emerging-market economies has examined intelligent analytics in 
banking, insurance, manufacturing, retail, telecommunications, investment, healthcare, and public 
administration. Although technological maturity and institutional capacity vary across countries, the 
literature consistently treats timely financial information, accurate risk classification, and effective 
liquidity control as central organizational requirements (Yue et al., 2022). Developed financial markets 
commonly possess extensive digital infrastructure and larger analytical datasets, while many emerging 
economies experience greater data fragmentation, informal transactions, currency volatility, financing 
constraints, and uneven access to advanced technology. These differences influence the availability, 
quality, and comparability of financial information used by artificial intelligence models. International 
regulatory environments also vary in relation to data protection, model governance, capital adequacy, 
liquidity requirements, consumer protection, cybersecurity, and automated decision-making. 
Multinational organizations must therefore manage analytical systems across jurisdictions with 
different reporting rules, currencies, market structures, and risk thresholds. International research 
additionally identifies model concentration, shared data dependencies, algorithmic similarity, 
cybersecurity exposure, and automated market responses as relevant components of technology-based 
financial risk. AI-enabled business intelligence is consequently studied at both organizational and 
financial-system levels (Krishna et al., 2023). At the organizational level, attention centers on the quality 
of risk assessment, cash-flow awareness, funding decisions, and financial control. At the financial-
system level, attention covers interconnected exposures, synchronized behavior, market liquidity, and 
the transmission of financial stress. The present quantitative context addresses the organizational level 
while recognizing that financial risk assessment and liquidity monitoring operate within international 
markets, regulatory structures, and digital financial networks. 
The existing literature contains extensive quantitative research on business intelligence performance, 
machine-learning-based risk prediction, financial distress classification, credit scoring, fraud detection, 
cash-flow forecasting, and banking liquidity. These research streams frequently examine technological, 
financial, or organizational variables independently. Business intelligence studies commonly 
concentrate on information quality, system quality, managerial decision-making, organizational 
agility, and firm performance (Adams & Chuah, 2022). Artificial intelligence studies frequently 
emphasize algorithmic accuracy, prediction error, classification quality, and model comparison. 
Financial risk research commonly examines default probability, market volatility, solvency, leverage, 
fraud, and bankruptcy. Liquidity research focuses on working capital, funding structure, liquid assets, 
cash flows, maturity mismatches, and regulatory ratios. The present quantitative paper places these 
areas within a single analytical structure by treating AI-enabled business intelligence as the principal 
explanatory construct and financial risk assessment and liquidity monitoring as the primary outcome 
constructs. AI-enabled business intelligence can be operationalized through data integration, 
automated analysis, predictive modeling, real-time information processing, intelligent visualization, 
system accessibility, and analytical responsiveness. Financial risk assessment can be measured through 
risk-identification accuracy, detection speed, analytical comprehensiveness, consistency of 
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classification, early-warning capacity, and confidence in risk-related decisions. Liquidity monitoring 
can be measured through cash-position visibility, cash-flow forecasting, funding-gap identification, 
payment-obligation tracking, stress detection, and the timeliness of liquidity alerts (Dattangire et al., 
2024). Organizational characteristics such as size, industry, operating complexity, technological 
readiness, data quality, employee competence, and management support can also be examined as 
control or contextual variables. A quantitative design permits these constructs to be represented 
through standardized indicators and evaluated through descriptive statistics, reliability analysis, 
correlation analysis, multiple regression, mediation or moderation analysis, and structural modeling. 
Statistical significance identifies whether observed relationships are distinguishable from random 
variation, while standardized coefficients, confidence intervals, coefficients of determination, and effect 
sizes describe the strength and practical magnitude of those relationships. Measurement reliability 
establishes whether the selected items consistently represent each construct, and validity assessment 
examines whether the constructs remain empirically distinguishable. The central analytical focus 
concerns the extent to which variations in AI-enabled business intelligence correspond with variations 
in financial risk-assessment quality and liquidity-monitoring effectiveness (Hassan et al., 2022). The 
research context also addresses whether predictive capability, real-time processing, and data 
integration represent separate dimensions of intelligent business analysis or components of a broader 
organizational capability. This structure defines the variables, measurement domains, and statistical 
relationships examined in the quantitative paper. 
The primary objective of this quantitative study is to examine the role of AI-enabled business 
intelligence in strengthening financial risk assessment and liquidity monitoring within contemporary 
organizations. The study specifically seeks to determine whether the integration of artificial intelligence 
with business intelligence systems improves the accuracy, timeliness, consistency, and 
comprehensiveness of financial risk identification and evaluation. It also aims to measure the 
relationship between AI-enabled business intelligence capabilities and the effectiveness of 
organizational liquidity monitoring, particularly in relation to cash-flow visibility, funding-gap 
detection, payment-obligation tracking, liquidity forecasting, and early recognition of financial 
pressure. AI-enabled business intelligence is assessed through measurable dimensions such as financial 
data integration, automated analytical processing, predictive modeling, real-time information 
availability, intelligent visualization, anomaly detection, and decision-support quality. Financial risk 
assessment is evaluated through the organization’s capacity to identify credit, market, operational, 
solvency, fraud, and liquidity risks, while liquidity monitoring is examined through the ability to 
observe cash positions, estimate expected inflows and outflows, monitor working-capital 
requirements, detect maturity mismatches, and recognize deviations from established liquidity 
thresholds. Another objective is to compare the relative influence of the individual dimensions of AI-
enabled business intelligence on financial risk assessment and liquidity monitoring in order to identify 
which analytical capabilities demonstrate the strongest statistical relationships with the two outcome 
variables. The study further seeks to assess whether financial risk assessment functions as an 
intervening mechanism through which AI-enabled business intelligence contributes to more effective 
liquidity monitoring. Attention is also directed toward organizational characteristics, including size, 
sector, technological readiness, data quality, employee analytical competence, and management 
support, to determine whether variations in these conditions correspond with differences in the 
adoption and effectiveness of intelligent financial analysis. The quantitative investigation aims to 
generate numerical evidence through descriptive analysis, reliability testing, correlation analysis, 
multiple regression, and appropriate multivariate techniques. Statistical significance, confidence 
intervals, standardized coefficients, effect sizes, and explained variance are used to evaluate the 
direction, strength, and magnitude of the relationships among the principal constructs. Through these 
objectives, the study establishes a structured empirical assessment of how AI-enabled business 
intelligence operates as an organizational analytical capability within financial risk management and 
liquidity control. 
LITERATURE REVIEW 
This literature review critically examines the conceptual, theoretical, technological, and empirical 
foundations concerning the role of AI-enabled business intelligence in financial risk assessment and 
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liquidity monitoring. The review is structured around the three principal constructs of the quantitative 
study: AI-enabled business intelligence as the explanatory variable, financial risk assessment as the first 
outcome variable, and liquidity monitoring as the second outcome variable. AI-enabled business 
intelligence is examined as a multidimensional organizational capability involving financial data 
integration, intelligent automation, predictive analytics, real-time processing, anomaly detection, 
visualization quality, and analytical decision support (Kanti, 2020; Rana et al., 2022). Financial risk 
assessment is reviewed through measurable dimensions such as risk-identification accuracy, 
assessment speed, classification consistency, analytical comprehensiveness, early-warning 
effectiveness, and the detection of credit, market, operational, solvency, fraud, and liquidity risks. 
Liquidity monitoring is examined through cash-flow visibility, liquidity forecasting accuracy, funding-
gap identification, payment-obligation tracking, working-capital control, maturity-mismatch detection, 
and liquidity stress recognition. The review also evaluates how machine learning, deep learning, 
natural language processing, predictive modeling, robotic process automation, and intelligent 
dashboards influence the collection, analysis, and communication of financial information. Particular 
attention is given to quantitative studies that measured these relationships through descriptive 
statistics, correlation analysis, multiple regression, analysis of variance, predictive-performance 
comparisons, mediation analysis, moderation analysis, and structural equation modeling (Debasish, 
2021; Žigienė et al., 2022). International evidence from developed and emerging economies is 
considered to identify similarities and variations across banking, insurance, manufacturing, retail, 
telecommunications, investment, healthcare, and other organizational settings. The literature is further 
organized according to theoretical perspectives explaining how technological resources, information-
processing capacity, organizational readiness, analytical competence, and dynamic capabilities shape 
the effectiveness of intelligent financial systems. Measurement practices, reliability coefficients, validity 
procedures, sampling designs, analytical indicators, model-performance criteria, and statistical effect 
sizes are reviewed to establish the methodological foundation of the study (Abdur & Iftekhar, 2021; 
Sjödin et al., 2023). The final sections synthesize methodological, theoretical, contextual, measurement, 
and statistical gaps and present the conceptual relationships among AI-enabled business intelligence, 
financial risk assessment, and liquidity monitoring. 
AI-Enabled Business Intelligence 
Artificial intelligence in financial decision-making is commonly understood as a measurable 
technological capability that enables computer-based systems to learn from financial data, recognize 
significant patterns, classify risk conditions, estimate probable outcomes, and assist managers in 
selecting appropriate courses of action. The reviewed literature differentiates artificial intelligence from 
conventional automation according to the level of analytical intelligence embedded in the system 
(Chowdhury & Tonay, 2022; Rodriguez & Peterson, 2024). Conventional automation generally 
performs predetermined tasks according to fixed instructions, whereas artificial intelligence modifies 
its analytical outputs in response to new data and detected relationships. Within financial management, 
this distinction is important because financial conditions are influenced by changing customer 
behavior, market movements, credit quality, cash flows, operational activities, and funding 
requirements. Artificial intelligence processes these interconnected variables and generates risk 
classifications that cannot always be produced through fixed reporting procedures. Its technological 
capability is reflected in processing speed, predictive accuracy, adaptability, analytical autonomy, 
pattern-recognition quality, and scalability (Jorzik et al., 2023; Zahidul & Begum, 2022). Processing 
speed indicates how rapidly the system examines large financial datasets, while predictive accuracy 
represents the correspondence between estimated and observed financial outcomes. Adaptability 
concerns the system’s capacity to adjust its analytical patterns when financial conditions change. 
Analytical autonomy describes the extent to which data processing, risk classification, and alert 
generation occur without continuous human intervention. Scalability reflects the ability to analyze 
increasing transaction volumes and larger numbers of financial variables without substantial 
reductions in performance. The literature also presents artificial intelligence as a decision-support 
capability rather than a complete replacement for managerial judgment (Davidsson & Sufyan, 2023; 
Nishat & Kaniz, 2022). Financial managers remain responsible for interpreting risk classifications, 
examining unusual results, and evaluating organizational circumstances that may not be fully 
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represented by available data.  
Artificial intelligence strengthens this process by organizing complex financial information into 
measurable indicators that support more timely and consistent decisions. 
 

Figure 3: AI-Enabled Financial Intelligence Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Business intelligence is described throughout the literature as an organizational information capability 
that collects, integrates, processes, analyzes, and presents financial and operational data for managerial 
decision-making. Its central function is to transform fragmented organizational records into 
coordinated information that can be accessed and interpreted across financial departments and 
managerial levels. Financial data frequently originate from accounting systems, treasury platforms, 
bank accounts, customer records, sales databases, procurement systems, inventory applications, 
payroll records, credit files, and external market sources (Alsolbi et al., 2023; Badrul & Mominul, 2023). 
Business intelligence brings these records together through structured data integration and reporting 
processes. Data integration improves consistency by connecting financial information that would 
otherwise remain separated across departments or software applications. Analytical reporting then 
converts the integrated information into dashboards, summaries, scorecards, trend displays, exception 
reports, and performance indicators. The reviewed literature evaluates business intelligence through 
data accessibility, report-generation speed, information accuracy, analytical coverage, dashboard 
utilization, user satisfaction, and decision-response time. Data accessibility refers to the extent to which 
authorized users can obtain relevant financial information when required. Report-generation speed 
measures the time needed to convert raw records into usable financial reports. Information accuracy 
concerns the completeness, consistency, and correctness of reported results, while analytical coverage 
represents the range of financial activities included within the system (Kanti, 2024; Zdravković et al., 
2022). Dashboard utilization reflects the frequency with which managers access and apply visual 
financial information. User satisfaction assesses the perceived usefulness, clarity, and reliability of the 
system. Decision-response time measures how quickly managers act after receiving relevant financial 
intelligence. The literature emphasizes that technological ownership alone does not constitute effective 
business intelligence (Ozay et al., 2024; Tonay et al., 2024). Its quality also depends on data governance, 
employee competence, managerial support, system compatibility, and the incorporation of analytical 
information into routine financial decisions. 
The integration of artificial intelligence and business intelligence establishes an analytical environment 
that combines organizational data management with intelligent financial analysis. Traditional business 
intelligence systems primarily concentrate on descriptive reporting by presenting what occurred 
during a particular financial period (Cadden et al., 2022; Debasish, 2025). They summarize revenue, 
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expenses, profitability, cash balances, receivables, liabilities, and other performance indicators using 
historical data. The incorporation of artificial intelligence expands this descriptive function by 
introducing diagnostic, predictive, and prescriptive analytical capabilities. Diagnostic analysis 
identifies the factors associated with a financial change or abnormal result. Predictive analysis estimates 
probable financial outcomes by examining historical patterns and current conditions. Prescriptive 
analysis evaluates alternative actions and supports the selection of an appropriate financial response. 
The reviewed literature presents machine learning, automated data processing, intelligent alerts, 
anomaly detection, predictive dashboards, and scenario analysis as major elements of this integration. 
Machine-learning models examine relationships among financial variables and classify observations 
according to established risk categories (Kumar et al., 2023; Arif Uz et al., 2025). Automated processing 
reduces the time required to collect, clean, reconcile, and analyze financial records. Intelligent alerts 
notify managers when risk indicators exceed defined thresholds or when transactional behavior differs 
from expected patterns. Anomaly-detection techniques identify unusual payments, sudden cash 
movements, irregular account activity, and inconsistencies in financial reports. Predictive dashboards 
display estimated cash positions, potential funding shortages, risk scores, and changing financial 
conditions in an accessible visual format. Scenario analysis evaluates financial conditions under 
alternative assumptions involving revenue reductions, payment delays, market volatility, borrowing 
constraints, or increased operating costs. The integration of these capabilities connects raw financial 
data with managerial interpretation and decision-making. Literature across banking, insurance, 
manufacturing, retail, investment, and service organizations characterizes AI-enabled business 
intelligence as a coordinated financial capability rather than a collection of unrelated technologies 
(Asiedu et al., 2024; Pervaz, 2025). Its effectiveness depends on the interaction among data quality, 
analytical models, technological infrastructure, organizational procedures, employee expertise, and 
human oversight. 
AI-enabled business intelligence capability is represented in the literature through several interrelated 
dimensions that describe how effectively an organization transforms financial data into intelligent 
decision support. The principal dimensions include data integration, analytical automation, predictive 
capacity, real-time processing, anomaly detection, visualization quality, system accessibility, and 
decision-support effectiveness (Mao et al., 2021; Mostafizur, 2025). Data integration reflects the extent 
to which accounting, treasury, banking, customer, supplier, and market information is consolidated 
within a unified analytical environment. Analytical automation concerns the regular performance of 
data preparation, classification, forecasting, reconciliation, and reporting activities with limited manual 
intervention. Predictive capacity describes the ability to estimate financial risk, cash-flow movements, 
default conditions, and liquidity pressure. Real-time processing refers to the speed with which financial 
information is updated and made available after transactions occur. Anomaly detection measures the 
system’s ability to recognize irregular financial patterns, while visualization quality concerns the 
clarity, relevance, and usability of dashboards and analytical reports. System accessibility reflects the 
availability of financial intelligence to authorized employees, and decision-support effectiveness 
represents the degree to which analytical outputs improve the speed, consistency, and informational 
basis of financial decisions (Mostafizur et al., 2025; Schmitt, 2023c). These dimensions also support the 
classification of organizational maturity. Organizations at a basic level rely mainly on manual reports 
and isolated data sources. Developing organizations use standardized databases and automated 
reporting for selected financial activities. Integrated organizations connect multiple systems and 
provide coordinated dashboards across departments. Predictive organizations use machine learning 
and forecasting to estimate financial conditions and identify risk patterns. Intelligent organizations 
combine integrated data, continuous monitoring, automated analysis, predictive modeling, and 
structured managerial oversight (Syeedur & Sharmin, 2025; Ng et al., 2021). The literature evaluates 
maturity through the number of connected data sources, frequency of automated analysis, proportion 
of financial decisions supported by analytics, availability of real-time information, level of employee 
adoption, and consistency of system use across organizational units. 
Evolution of Quantitative Financial Analysis and Intelligent Business Systems 
The reviewed literature describes the development of financial reporting as a gradual transition from 
manual recordkeeping and isolated accounting procedures to integrated, automated, and analytically 
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advanced business intelligence systems. Early financial reporting depended heavily on paper-based 
ledgers, handwritten calculations, physical documents, and periodic preparation of accounting 
statements (Bahoo et al., 2024; Badrul, 2025). These procedures required substantial employee 
involvement and were frequently affected by delayed information, calculation errors, duplicated 
records, limited accessibility, and inconsistent reporting formats. Spreadsheet applications 
subsequently improved financial analysis by enabling faster calculations, flexible data organization, 
and electronic preparation of budgets, ratios, forecasts, and financial statements. However, 
spreadsheet-based analysis often remained fragmented because different departments maintained 
separate files, applied inconsistent assumptions, and produced reports without centralized data 
control. The introduction of enterprise systems and data warehouses created a more coordinated 
reporting environment by consolidating accounting, treasury, sales, procurement, inventory, payroll, 
customer, and supplier information. Automated business intelligence further strengthened this 
environment through scheduled reporting, interactive dashboards, scorecards, visual trend analysis, 
and exception-based notifications (Cao et al., 2021; Zahidul, 2025). The literature indicates that 
centralized systems increased information consistency, reduced repetitive data entry, improved report 
accessibility, and shortened the interval between financial activity and managerial review. Interactive 
dashboards also enabled users to examine financial performance according to department, product, 
customer group, geographic area, or reporting period. Integrated business intelligence platforms 
connected financial reporting with operational information, allowing managers to evaluate the 
organizational conditions associated with revenue changes, cost increases, payment delays, and cash-
flow pressure. This transformation repositioned financial reporting from a periodic accounting 
requirement to a continuous organizational information process (Kanti, 2025; Shao et al., 2022). The 
quality of automated reporting remained connected to data accuracy, system integration, employee 
competence, access controls, and the consistency of organizational reporting standards. 
The development of quantitative financial risk analysis began with accounting ratios and statistical 
procedures designed to distinguish financially stable organizations from those experiencing distress. 
Traditional models relied on profitability, liquidity, leverage, solvency, asset utilization, cash flow, and 
debt-servicing indicators to estimate the probability of default, bankruptcy, or financial deterioration. 
Discriminant analysis combined selected financial variables to classify organizations into predefined 
categories, while logistic regression estimated the probability that a particular financial event would 
occur (Kumar et al., 2023; Nishat, 2025). Probability models and credit-scoring procedures introduced 
greater consistency into lending, investment, and risk-classification decisions. These approaches 
contributed significantly to quantitative financial analysis because they established measurable 
relationships between organizational characteristics and observed financial outcomes. Their 
performance, however, depended on selected variables, predefined statistical relationships, 
distributional conditions, and relatively stable patterns within historical data. The growth of digital 
financial records increased the number, frequency, and complexity of variables available for risk 
assessment. Machine-learning techniques responded to this data environment by identifying nonlinear 
relationships, complex interactions, and hidden patterns without requiring every relationship to be 
specified in advance. Decision trees produced interpretable classification rules, while support vector 
machines separated risk categories within complex datasets (Benitez et al., 2020; Yousuf et al., 2025). 
Neural networks modeled interconnected financial relationships, random forests combined multiple 
decision trees, and gradient-boosting models corrected prediction errors through successive learning 
stages. Ensemble methods integrated the outputs of several models to improve classification stability 
and reduce dependence on a single analytical technique. The literature compares these approaches 
through prediction accuracy, sensitivity, specificity, processing time, error rates, and classification 
consistency. Machine-learning performance remains influenced by data quality, sample composition, 
variable selection, class imbalance, parameter settings, and validation procedures (Vysotska et al., 
2024). Human oversight also remains necessary for interpreting predictions and evaluating 
organizational circumstances not adequately captured within the available financial records. The 
literature classifies financial analytics into descriptive, predictive, and prescriptive categories according 
to the type of information produced and the decision requirement addressed. Descriptive analytics 
organizes historical financial information to explain what occurred within a particular reporting period. 
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Figure 4: Financial Intelligence Evolution Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
It includes financial statements, variance reports, profitability summaries, cash-flow reports, ratio 
analysis, performance dashboards, and comparisons between actual and budgeted results. Its primary 
value lies in presenting financial events in a structured and understandable form (Gracias et al., 2023). 
Predictive analytics examines historical and current information to estimate probable financial 
conditions, such as default risk, cash shortages, delayed payments, revenue instability, fraud exposure, 
or market-related losses. Statistical and machine-learning techniques identify patterns within previous 
observations and apply those patterns to new financial data. Prescriptive analytics extends the 
analytical process by comparing alternative financial responses and identifying actions associated with 
selected objectives and constraints. It may evaluate borrowing alternatives, payment schedules, 
working-capital adjustments, portfolio allocations, or risk-control measures under different scenarios. 
The reviewed literature compares these analytical categories using accuracy, processing speed, error 
rate, information relevance, interpretability, and decision usefulness. Descriptive systems generally 
provide high interpretability because their outputs are based on familiar accounting indicators. 
Predictive models offer greater capacity for early risk detection but require reliable data and careful 
validation (López-Robles et al., 2020). Prescriptive systems provide structured decision alternatives, 
although their usefulness depends on the quality of predictions, selected assumptions, and 
organizational restrictions incorporated into the analysis. These categories are not treated as isolated 
stages within advanced business intelligence. Descriptive information provides the historical 
foundation for identifying patterns, predictive analysis estimates likely conditions, and prescriptive 
analysis evaluates available responses. Their integration enables financial managers to move from 
reviewing completed transactions to examining risk conditions and comparing possible financial 
actions within a coordinated analytical environment (Dana et al., 2022). 
Financial Risk Assessment 
Financial risk assessment is consistently defined in the reviewed literature as a systematic 
organizational process for identifying, measuring, classifying, and evaluating events capable of 
producing financial loss, earnings instability, capital deterioration, payment difficulties, or operational 
disruption. The process begins with the identification of potential risk sources arising from customers, 
borrowers, counterparties, market conditions, internal processes, financing structures, and 
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organizational transactions (Dana et al., 2022). Measurement converts these risk sources into numerical 
indicators that represent their probability, frequency, severity, and potential financial consequences. 
Classification assigns the identified risks to appropriate categories and levels, such as low, moderate, 
high, or critical, according to established organizational criteria. Evaluation compares the measured 
exposure with financial limits, risk tolerance, regulatory requirements, and available control 
mechanisms. The literature treats financial risk assessment as a multidimensional construct because its 
effectiveness cannot be represented by a single indicator. Risk-detection accuracy reflects the system’s 
ability to correctly recognize financially harmful conditions. Assessment timeliness measures the speed 
with which financial information is examined and risk levels are determined (Yang & Huang, 2022). 
Information completeness represents the extent to which the assessment includes all relevant financial, 
operational, transactional, and market data. Classification consistency concerns the stability of risk 
decisions when similar cases are evaluated under comparable conditions. Early-warning capability 
reflects the ability to identify financial deterioration before it develops into a severe loss or liquidity 
emergency. Additional measures include analytical coverage, risk-report clarity, frequency of 
assessment, response speed, and managerial confidence in the resulting classifications. These indicators 
establish financial risk assessment as a measurable organizational capability that connects financial 
information with structured risk recognition, classification, and managerial review (Du et al., 2023). 
The literature classifies financial risk into credit, market, operational, solvency, liquidity, and fraud-
related categories, each of which possesses specific indicators and measurement requirements. Credit 
risk concerns the possibility that borrowers, customers, or counterparties fail to satisfy contractual 
payment obligations (Yang et al., 2022). It is commonly assessed through default probability, 
nonperforming exposure, payment delays, credit-utilization patterns, recovery rates, and changes in 
borrower financial condition. Market risk results from unfavorable movements in interest rates, 
foreign-exchange rates, commodity prices, securities values, and broader market conditions (Polak et 
al., 2020). Its indicators include price volatility, interest-rate sensitivity, exchange-rate exposure, 
portfolio concentration, and the magnitude of potential market losses. Operational risk arises from 
employee errors, inadequate procedures, system interruptions, unauthorized activities, control 
failures, and external events. Quantitative assessment frequently considers operational-loss frequency, 
average loss severity, system downtime, transaction-error rates, and control-exception frequency. 
Solvency risk reflects an organization’s capacity to meet its total financial obligations over an extended 
period and is examined through debt levels, leverage, capital adequacy, interest coverage, profitability, 
and the relationship between assets and liabilities. Fraud risk concerns intentionally deceptive financial 
activities, including transaction manipulation, unauthorized payments, false reporting, identity 
misuse, and misappropriation of organizational resources (Rafiq et al., 2020). Its indicators include 
fraudulent-transaction frequency, unusual transaction value, detection time, false-alert frequency, and 
confirmed financial loss. These categories are analytically distinct but remain financially 
interconnected. Credit deterioration can reduce cash inflows, market volatility can weaken asset values, 
operational failures can produce unexpected expenses, and fraud can damage both liquidity and 
solvency. Quantitative financial risk assessment therefore requires coordinated analysis across risk 
categories instead of separate examination of isolated financial indicators. 
Traditional quantitative models established the statistical foundation of financial risk assessment by 
converting accounting information and market observations into structured measures of financial 
exposure. Ratio analysis evaluates profitability, leverage, liquidity, asset utilization, cash-flow 
adequacy, and debt-servicing capacity. Discriminant analysis combines selected financial variables to 
separate organizations or transactions into predetermined risk categories (Cheng et al., 2021). Logistic 
regression estimates the probability that a specific event, such as default or financial distress, is 
associated with observed financial characteristics. Value-at-risk techniques estimate potential portfolio 
losses under specified market conditions, while probability-of-default models classify borrowers 
according to their estimated repayment risk. Sensitivity analysis examines how financial outcomes 
change when key assumptions or variables are altered, and scenario-based assessment evaluates 
organizational performance under alternative economic and operational conditions. These methods 
offer relatively clear interpretation and established statistical procedures, but their effectiveness 
depends on variable selection, data quality, model assumptions, and the stability of relationships 
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within historical observations (Wen et al., 2021). 
   

Figure 5: AI-Driven Financial Risk Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
AI-based models extend quantitative risk classification by detecting nonlinear patterns and interactions 
across larger and more complex datasets. Decision trees generate structured classification rules, 
support vector machines separate cases within multidimensional data, and neural networks identify 
interconnected patterns among financial variables. Random forests, gradient-boosting systems, and 
ensemble models combine multiple analytical processes to improve classification stability. Deep-
learning models analyze high-volume transaction sequences, market information, textual disclosures, 
and changing patterns of financial behavior. Comparative evaluation commonly considers accuracy, 
precision, recall, sensitivity, specificity, classification error, F1 score, and receiver operating 
characteristics (Chen et al., 2022). The literature emphasizes that model performance depends on 
representative samples, balanced risk categories, appropriate validation, transparent interpretation, 
and continuous examination of data and model quality. 
Financial risk early-warning systems are designed to detect indicators of deterioration before an 
organization, customer, borrower, or transaction reaches a critical financial condition. The reviewed 
literature describes early warning as a continuous analytical process that monitors financial ratios, 
transaction patterns, payment behavior, market movements, cash-flow conditions, credit quality, 
operational incidents, and external economic variables (Sahu et al., 2023). Warning lead time represents 
the interval between the system’s initial risk signal and the occurrence of a confirmed financial event. 
A longer and reliable lead time provides greater opportunity for managerial examination and 
corrective action. The true-positive rate measures the proportion of actual high-risk cases correctly 
identified, while the false-positive rate represents normal cases incorrectly classified as risky. Missed-
risk frequency records financially harmful events that occurred without an adequate warning. 
Response speed measures the time required to communicate a detected condition to authorized 
decision-makers. The percentage of accurately detected high-risk cases reflects the overall capacity of 
the system to recognize significant exposure (Roblek et al., 2020). Additional indicators include 
warning stability, alert relevance, detection consistency, escalation time, and the financial value of 
losses identified through the monitoring process. The literature distinguishes effective early warning 
from excessive alert generation because a system producing large numbers of inaccurate warnings can 
increase employee workload and reduce confidence in analytical outputs. Effective measurement 
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therefore considers both detection capacity and alert quality. AI-enabled early-warning systems 
strengthen this process by continuously analyzing multiple information sources and updating risk 
classifications as new data become available (Yan et al., 2020). Their evaluation also considers 
interpretability, data completeness, threshold selection, model reliability, and the ability of financial 
managers to understand the factors contributing to each warning. 
Quantitative Applications of AI-Enabled Business Intelligence Across Financial Risk Categories 
The reviewed literature identifies credit risk assessment as one of the most established quantitative 
applications of AI-enabled business intelligence within financial institutions and credit-dependent 
organizations (Rahmani et al., 2023). Machine-learning-based credit assessment integrates borrower 
characteristics, payment histories, outstanding liabilities, credit utilization, income stability, financial 
ratios, transaction records, and previous repayment behavior to estimate default probability and 
classify creditworthiness. Traditional credit assessment frequently relies on limited financial ratios and 
predetermined scoring rules, whereas machine-learning models examine complex relationships among 
a larger number of financial and behavioral variables. Decision trees, support vector machines, neural 
networks, random forests, gradient boosting, and ensemble techniques are widely examined for 
separating low-risk and high-risk borrowers (Drydakis, 2022). These techniques can recognize 
nonlinear patterns, interactions among borrower characteristics, and changes in payment behavior that 
remain difficult to identify through conventional scoring procedures. AI-enabled business intelligence 
strengthens credit assessment by connecting analytical models with centralized financial databases, 
interactive dashboards, automated alerts, and continuously updated customer profiles. Quantitative 
evaluation commonly considers classification accuracy, default-detection rate, false-approval 
frequency, false-rejection frequency, sensitivity, specificity, processing time, and the stability of 
classifications across different borrower groups. The literature also emphasizes the importance of data 
completeness, representative training samples, transparent variable selection, and regular validation. 
Missing records, outdated borrower information, imbalanced risk categories, and unverified 
alternative data can reduce model reliability (Schmitt, 2023a). Credit-risk classification therefore 
remains dependent on both analytical sophistication and effective information governance. Human 
review retains an important role in evaluating unusual cases, interpreting model explanations, and 
ensuring that automated classifications remain consistent with organizational lending policies and 
financial regulations. 
Predictive analytics is extensively applied to market risk because financial prices and investment values 
are influenced by rapidly changing and interconnected economic conditions. The reviewed literature 
examines AI-based analysis of interest rates, exchange rates, equity prices, bond values, commodity 
movements, portfolio returns, trading volumes, and market volatility (Rana et al., 2022). These 
variables generate large and continuously changing datasets that require timely processing and 
coordinated interpretation. Machine-learning and deep-learning techniques identify patterns within 
historical market observations and estimate price direction, volatility, potential portfolio losses, and 
changes in investment exposure. Time-series models examine the sequence and persistence of financial 
movements, while neural networks and ensemble techniques capture nonlinear relationships among 
market indicators. AI-enabled business intelligence connects these predictive models with investment 
records, market feeds, portfolio information, and organizational risk limits. Interactive dashboards 
present current exposure, estimated volatility, asset concentrations, and deviations from acceptable 
thresholds (Alghamdi & Al-Baity, 2022). Quantitative performance is commonly evaluated through 
prediction error, volatility-estimation accuracy, directional accuracy, processing speed, and risk-
adjusted performance. The literature emphasizes that high predictive accuracy within a training dataset 
does not automatically demonstrate reliable performance under different market conditions. Market 
structure, economic instability, unexpected events, and changing relationships among financial 
variables can reduce prediction consistency. Model validation across separate periods and market 
conditions therefore forms a major element of quantitative evaluation. Predictive systems also require 
clear communication of uncertainty because market-risk estimates represent calculated probabilities 
rather than guaranteed outcomes. The integration of predictions with business intelligence reporting 
enables investment managers to compare model outputs with portfolio objectives, liquidity 
requirements, capital limits, and organizational tolerance for market exposure (Sestino & De Mauro, 
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2022). 
  

Figure 6: AI-Enabled Financial Risk Monitoring 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
AI-enabled business intelligence is increasingly used to identify operational risk, internal control 
failures, and fraudulent financial activity through continuous examination of organizational processes 
and transaction records. Operational risk includes losses produced by employee errors, inadequate 
procedures, system interruptions, unauthorized activities, failed controls, and disruptive external 
events (Gurjar et al., 2024). Intelligent monitoring systems analyze transaction timing, approval 
sequences, access records, payment values, account changes, employee behavior, and process 
exceptions to identify activities that differ from established organizational patterns. Automated 
controls can detect duplicate payments, unauthorized adjustments, missing approvals, unusual 
account access, inconsistent reconciliations, and transactions processed outside normal working 
conditions. Quantitative indicators include operational-loss frequency, average incident severity, 
system downtime, detection time, control-exception rate, and the proportion of incidents identified 
before financial loss occurs. Fraud detection applies supervised and unsupervised learning techniques 
to abnormal payments, fraudulent claims, money laundering, identity misuse, accounting 
manipulation, and misappropriation of organizational resources. Supervised models learn from 
previously confirmed cases, while unsupervised methods identify unusual patterns without requiring 
every fraudulent activity to be labeled in advance (S. Kumar et al., 2023). Their performance is 
evaluated through precision, recall, detection accuracy, false-alarm rates, missed-fraud frequency, and 
the value of financial losses identified. The reviewed literature recognizes that fraud represents a 
difficult classification problem because legitimate transactions greatly outnumber confirmed 
fraudulent cases and fraudulent behavior changes as control procedures are strengthened. Excessive 
false alerts can increase employee workload and reduce confidence in the monitoring system. Effective 
intelligent detection therefore depends on balanced model evaluation, high-quality transaction data, 
appropriate risk thresholds, understandable alerts, and structured investigation procedures (Schmitt, 
2023b). Business intelligence platforms organize these results into dashboards and exception reports 
that connect detected activities with responsible accounts, employees, departments, processes, and 
financial values. 
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Organizational Liquidity Monitoring 
Organizational liquidity monitoring is defined in the reviewed literature as the continuous and 
systematic assessment of an organization’s capacity to obtain sufficient cash and other readily available 
financial resources to satisfy its obligations when they become payable (Boscaljon et al., 2021). Liquidity 
monitoring differs from general financial performance analysis because an organization may report 
accounting profits while experiencing difficulty in paying suppliers, employees, lenders, tax 
authorities, or other stakeholders. The effectiveness of liquidity monitoring is therefore evaluated 
through several interconnected dimensions. Cash-flow visibility reflects the extent to which managers 
possess accurate and updated information about cash inflows, cash outflows, available balances, 
restricted funds, and committed payments. Forecast accuracy represents the degree of correspondence 
between estimated and actual cash positions during a specified period. Funding-gap detection concerns 
the ability to identify differences between available financial resources and expected payment 
requirements (Zimon et al., 2021). Obligation tracking assesses whether the organization maintains 
complete and timely records of debt installments, supplier invoices, payroll expenses, operating costs, 
and other financial commitments. Warning timeliness measures how quickly managers receive 
information about emerging liquidity pressure, while liquidity-information accessibility describes the 
availability of relevant information to authorized decision-makers. Additional indicators include 
monitoring frequency, report accuracy, data completeness, alert relevance, response speed, and the 
consistency of liquidity classifications across reporting periods. The literature presents effective 
liquidity monitoring as an integrated financial-control capability rather than an isolated accounting 
procedure. Its quality depends on reliable data, coordinated information systems, established liquidity 
thresholds, competent financial employees, and clearly assigned managerial responsibilities (Dziwok 
& Karaś, 2021). Quantitative measurement of these dimensions enables organizations to compare 
liquidity-monitoring effectiveness across departments, business units, reporting periods, and 
organizational categories. 
The reviewed literature uses a combination of short-term and long-term indicators to assess whether 
an organization possesses adequate financial resources to meet current commitments and maintain 
stable funding over extended periods. The current ratio compares current assets with current liabilities 
and provides a broad measure of short-term payment capacity. The quick ratio excludes fewer liquid 
components, particularly inventories, and places greater emphasis on assets that can be converted into 
cash more rapidly (Zhang et al., 2024). The cash ratio concentrates on cash and closely related resources 
available for immediate payment. Operating cash-flow indicators evaluate whether routine 
organizational activities generate sufficient cash to cover current liabilities and operational 
requirements. Working capital reflects the financial resources remaining after short-term obligations 
are considered and provides information about the organization’s operating flexibility. Liquid asset 
ratios measure the proportion of assets that can be converted into cash without substantial delay or 
financial loss. Long-term liquidity analysis extends beyond immediate cash availability by examining 
debt-servicing capacity, stable funding, borrowing dependence, interest obligations, and the maturity 
structure of assets and liabilities (Przywara & Rak, 2021). Funding concentration measures the extent 
to which an organization depends on a limited number of lenders, investors, depositors, or financing 
channels. Maturity mismatches occur when financial obligations become payable before expected cash 
inflows or assets become available. Debt-servicing capacity evaluates whether operating income and 
cash flows are sufficient to satisfy principal and interest payments. The literature emphasizes that no 
single indicator provides a complete representation of liquidity because each measure addresses a 
different aspect of payment capacity and financial stability. A coordinated set of indicators provides 
broader information about immediate cash availability, working-capital adequacy, funding reliability, 
asset convertibility, and exposure to refinancing pressure (Adam et al., 2023). Quantitative liquidity 
assessment therefore combines multiple measures and examines their movement across successive 
reporting periods. 
Intelligent analytics has expanded organizational liquidity monitoring by combining historical 
financial records with transaction-level data, payment schedules, bank balances, customer behavior, 
supplier obligations, inventory requirements, and external market conditions (Stubbs et al., 2020). 
Traditional cash-flow forecasts frequently depend on manually prepared assumptions and periodic 
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updates, which can limit their responsiveness when receipts or payments change unexpectedly. AI-
enabled business intelligence processes larger volumes of financial information and detects recurring 
patterns associated with customer collections, operating expenses, payroll cycles, loan repayments, 
supplier payments, sales seasons, and inventory purchases. Cash-receipt estimation considers expected 
customer payments, historical collection behavior, credit terms, sales volumes, and overdue accounts. 
Cash-outflow estimation examines routine operating payments, contractual obligations, taxes, debt 
installments, and irregular expenditures. Working-capital monitoring connects receivables, payables, 
inventory, and cash balances to determine how operational activities influence liquidity (Polak et al., 
2020). 
 

Figure 7: Organizational Liquidity Governance Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Forecasting performance is commonly evaluated through the size and frequency of differences between 
estimated and actual cash positions, the stability of predictions across reporting periods, and the 
system’s ability to recognize significant deviations. Real-time monitoring strengthens this process by 
updating liquidity information as transactions occur. Transaction-level records, banking information, 
payment instructions, and funding movements are consolidated to identify shortages before scheduled 
obligations become payable. Detection speed measures how rapidly the system recognizes an emerging 
funding gap, while warning lead time represents the interval between the initial alert and the expected 
liquidity shortage (Nguyen & Dao, 2022). Funding-gap accuracy assesses whether the estimated 
shortfall corresponds with the observed financial requirement. The literature also evaluates false alerts, 
missed shortages, data-update frequency, alert escalation, and managerial response time. Effective 
intelligent monitoring therefore combines prediction with continuous observation, allowing liquidity 
classifications to reflect both recurring cash-flow patterns and recently recorded financial activity. 
Liquidity stress testing evaluates whether an organization can continue meeting its financial 
obligations under adverse operational, financial, and economic conditions. The reviewed literature 
treats stress testing as a quantitative extension of routine liquidity monitoring because ordinary ratios 
and forecasts are generally based on expected business conditions. Stress scenarios alter important 
assumptions to examine the organization’s exposure to severe but plausible financial pressure 
(Mazanec & Bartosova, 2021). Revenue-decline scenarios measure the effect of reduced sales, lower 
customer demand, or interruptions to operating activities on cash generation. Delayed-receivable 
scenarios examine the consequences of slower customer payments and increased outstanding balances. 
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Deposit-withdrawal scenarios are especially relevant to financial institutions because rapid 
withdrawals can reduce immediately available funding. Restricted-credit scenarios assess the 
organization’s liquidity when loans, credit lines, or refinancing facilities become unavailable or more 
expensive. Currency-depreciation scenarios measure the increased cost of foreign-currency obligations, 
while interest-rate scenarios evaluate changes in borrowing expenses and debt-servicing requirements. 
Unexpected operating-cost scenarios examine the effects of emergency expenditures, supply-price 
increases, equipment failures, legal costs, or other unplanned payments (Kontogiannis, 2021). Stress-
testing effectiveness is evaluated through the estimated size and duration of liquidity shortages, the 
adequacy of liquid assets, the availability of alternative funding, and the time required for cash balances 
to recover. Scenario analysis also considers combined pressures because financial disturbances 
frequently occur simultaneously. A decline in revenue may coincide with delayed collections, increased 
borrowing costs, and reduced credit availability. The literature emphasizes the importance of 
transparent assumptions, reliable financial data, realistic stress severity, and consistent evaluation 
procedures. Quantitative stress testing provides a structured representation of how liquidity indicators 
respond when ordinary business conditions are disrupted and reveals the sensitivity of cash resources, 
funding structures, and payment capacity to different sources of financial pressure (Hajimahmud et al., 
2024). 
AI Technologies Supporting Quantitative Financial Risk  
Machine-learning algorithms are widely examined in the literature as analytical technologies capable 
of classifying financial observations, estimating risk probabilities, detecting unusual behavior, and 
predicting liquidity conditions. Decision trees classify financial cases through a sequence of rules based 
on variables such as leverage, profitability, payment history, cash-flow adequacy, credit utilization, and 
asset quality (Polak et al., 2020). Their structured format increases interpretability because managers 
can trace how particular characteristics contribute to a classification. Support vector machines separate 
low-risk and high-risk observations within complex datasets and are commonly evaluated in credit-
risk, default, fraud, and financial-distress applications. Random forests combine numerous decision 
trees and reduce the instability associated with dependence on a single classification structure. 
Gradient-boosting methods develop models through successive learning stages, with each stage 
addressing errors identified in the preceding analysis. Nearest-neighbor methods classify new 
observations according to their similarity to previously recorded financial cases (Bahoo et al., 2024). 
Ensemble models combine outputs from multiple algorithms to improve prediction stability and 
reduce reliance on one technique. The relative effectiveness of these methods is evaluated through 
classification accuracy, sensitivity, specificity, precision, recall, error rate, processing time, and 
consistency across different samples. In liquidity-monitoring applications, machine learning examines 
cash balances, transaction records, payment schedules, receivables, funding structures, and market 
conditions to identify potential cash shortages or funding pressure. The literature emphasizes that no 
algorithm performs uniformly across every financial context (Rahmani et al., 2023). Model effectiveness 
depends on the size and quality of the dataset, the distribution of risk categories, the relevance of 
selected variables, validation procedures, and the complexity of the financial decision. Quantitative 
comparison is therefore necessary to identify the model that provides the most reliable balance of 
accuracy, interpretability, processing efficiency, and organizational usefulness. 
Deep-learning models extend financial analysis by processing complex, sequential, and high-volume 
information that may be difficult to evaluate through conventional statistical techniques. Artificial 
neural networks examine interconnected relationships among financial variables and identify patterns 
associated with default, fraud, distress, market exposure, and liquidity pressure. Recurrent neural 
networks are designed to analyze ordered information, making them suitable for transaction histories, 
daily cash movements, payment sequences, and changes in account behavior. Long short-term memory 
models retain relevant information across extended sequences and are frequently applied to cash-flow 
forecasting, market-price analysis, revenue estimation, and liquidity-risk detection (Bouchetara et al., 
2024). Attention-based systems identify the portions of a financial sequence or document that 
contribute most strongly to an analytical output. These deep-learning techniques can process 
structured numerical information alongside unstructured textual material. Natural language 
processing supports this combined analysis by extracting financial risk information from audit reports, 
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annual disclosures, contracts, news reports, customer communications, management discussions, and 
compliance documents. Text-classification techniques categorize documents according to risk type, 
severity, sentiment, or relevance. 
 

Figure 8: AI Technologies for Financial Analytics 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Sentiment analysis evaluates whether financial language reflects confidence, uncertainty, deterioration, 
or negative market conditions. Information-extraction procedures identify references to debt 
obligations, legal disputes, control weaknesses, payment problems, operational interruptions, and 
other risk-related events. Quantitative evaluation considers classification accuracy, information-
retrieval quality, sentiment consistency, processing speed, and the proportion of relevant content 
correctly identified (Sumi, 2024). The literature recognizes that textual information can provide 
financial signals not fully reflected in accounting records. However, analytical performance is affected 
by ambiguous language, inconsistent reporting styles, specialized terminology, document quality, and 
limited training data (Hajj & Hammoud, 2023). Deep learning and natural language processing 
therefore require careful validation, representative datasets, transparent preprocessing, and 
comparison with observable financial outcomes. 
Intelligent automation connects analytical technologies with routine financial processes by collecting 
data, performing reconciliations, identifying exceptions, checking compliance requirements, and 
generating alerts with limited repetitive human intervention (Gao, 2022). Robotic process automation 
is commonly used to transfer information between accounting, treasury, banking, sales, procurement, 
and reporting systems. Automated workflows organize the sequence through which financial records 
are received, validated, approved, analyzed, and communicated. In risk management, intelligent 
automation can compare transactions with internal thresholds, identify missing documentation, flag 
unusual payments, detect control violations, and direct high-risk cases to authorized personnel. In 
liquidity monitoring, automated processes consolidate bank balances, payment schedules, customer 
receipts, supplier obligations, and funding information to provide updated cash-position reports. The 
effectiveness of automation is measured through processing time, transaction volume, reconciliation 
accuracy, exception frequency, reporting delays, manual-intervention rates, and financial-error 
reduction (Khattak et al., 2023). Intelligent dashboards communicate the resulting information through 
risk scores, heat maps, trend displays, scenario panels, liquidity indicators, and automated warnings. 
Dashboards allow financial managers to examine organizational risk at multiple levels and compare 
current conditions with historical patterns, established thresholds, or budgeted expectations. Heat 



Review of Applied Science and Technology, December 2025, 195– 246 

215 
 

maps highlight areas of concentrated exposure, while trend displays reveal changes in financial 
performance and liquidity conditions across reporting periods. Scenario panels present the effects of 
alternative assumptions involving revenue, costs, funding, market prices, or payment behavior. 
Quantitative dashboard evaluation includes access frequency, duration of use, response time, 
information-understanding scores, alert acknowledgement, user satisfaction, and decision completion 
time (Guerra et al., 2022). The literature emphasizes that visualization quality depends on clarity, 
relevance, consistency, and appropriate information density. Excessive indicators can reduce 
understanding, whereas incomplete displays can conceal important relationships. Effective 
visualization therefore presents prioritized information while permitting authorized users to examine 
underlying financial details. 
Financial Data Quality and Model Reliability 
Financial data quality is consistently identified in the reviewed literature as a central determinant of 
the accuracy and reliability of AI-enabled business intelligence. Intelligent financial models depend on 
the quality of the accounting, transactional, market, customer, supplier, and treasury information used 
during their development and operation (Sargiotis, 2024). Data completeness refers to the availability 
of all required records, variables, transaction details, and reporting periods. Missing balances, 
incomplete payment histories, or excluded risk indicators can prevent an analytical system from 
representing the organization’s actual financial condition. Accuracy concerns whether recorded values 
correspond with verified financial events and supporting documents. Consistency measures whether 
equivalent information is recorded uniformly across departments, databases, and reporting periods. 
Timeliness evaluates whether data are updated rapidly enough to support current risk assessment and 
liquidity monitoring. Relevance concerns whether the selected variables are directly connected to the 
financial decision, while uniqueness indicates whether duplicated records have been identified and 
removed. The literature measures data quality through missing-value rates, error frequency, 
reconciliation differences, duplicate-record counts, update delays, and user assessments of information 
reliability (Shao et al., 2022). Poor-quality data can produce inaccurate risk classifications, unstable 
liquidity forecasts, misleading dashboards, and excessive false warnings. High-quality data strengthen 
the correspondence between model outputs and observed financial outcomes. Data quality also affects 
managerial confidence because decision-makers are less likely to accept analytical recommendations 
when source information is incomplete or inconsistent. Effective quality management includes 
standardized definitions, validation rules, correction procedures, data ownership, periodic review, and 
controlled access. Quantitative evaluation of these practices establishes whether improvements in 
financial data quality correspond with higher predictive reliability, more accurate risk detection, and 
stronger financial decision quality (Karkošková, 2023). 
 

Figure 9: Financial Data Governance Framework 
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Financial data integration involves consolidating information from multiple internal and external 
sources into a coordinated analytical environment. Internal information commonly originates from 
general ledgers, accounts receivable, accounts payable, treasury systems, payroll records, inventory 
platforms, procurement databases, sales systems, and internal control reports. External information 
includes bank balances, credit records, market prices, interest rates, exchange rates, commodity 
movements, economic indicators, and regulatory data (Zhang & Zhang, 2023). The literature 
emphasizes that these sources frequently use different formats, definitions, reporting schedules, and 
identification codes. Integration procedures therefore standardize records, align reporting periods, 
match transactions, resolve inconsistencies, and establish relationships among financial variables. 
Integration coverage measures the proportion of relevant systems and data sources connected to the 
business intelligence platform. Processing time evaluates how long the organization requires to collect, 
consolidate, and prepare information for analysis. Reconciliation errors identify differences between 
records obtained from separate systems, while duplicated-record counts measure repeated 
observations that could distort financial results (Zonnenshain & Kenett, 2020). Data-update frequency 
indicates how regularly integrated information is refreshed. Additional indicators include system 
compatibility, automated transfer rates, manual correction frequency, data availability, and the number 
of unresolved integration exceptions. The reviewed literature describes effective integration as 
necessary for producing a complete representation of financial risk and liquidity. Accounting 
information provides evidence about profitability, liabilities, and financial position, while treasury and 
banking data reveal actual cash availability and funding movements. Market information connects 
internal financial conditions with external changes affecting asset values, borrowing costs, and 
currency exposures. An integrated system enables these relationships to be examined simultaneously 
(Mofokeng, 2021). Fragmented systems, by comparison, can create reporting delays, contradictory 
balances, incomplete risk classifications, and inconsistent decisions across organizational units. 
Model validation determines whether an AI-enabled financial model produces sufficiently accurate, 
stable, and dependable results under conditions extending beyond the data used for its initial 
development. The reviewed literature treats validation as a continuous control process rather than a 
single technical assessment. Training procedures use one portion of available data to identify 
relationships between financial variables and observed outcomes, while testing procedures evaluate 
performance using separate observations (Li et al., 2021). Cross-validation divides the available data 
into different groups and repeatedly examines whether the model maintains comparable performance 
across alternative samples. Out-of-sample evaluation determines whether the model accurately 
classifies financial cases or predicts liquidity conditions not encountered during training. Sensitivity 
analysis examines how analytical results change when selected variables, thresholds, or assumptions 
are modified. Stability assessment compares model performance across organizational periods, 
economic conditions, departments, customer groups, and risk categories (Aldoseri et al., 2023). Model 
drift occurs when relationships within current financial data differ from the patterns represented 
during development, producing reduced accuracy or changing classification behavior. Quantitative 
indicators of predictive reliability include classification consistency, prediction error, false-warning 
frequency, missed-risk frequency, performance variation, and the correspondence between predicted 
and observed outcomes. The literature also emphasizes the importance of representative samples 
because models developed from narrow or unbalanced data may perform poorly when applied to 
different financial conditions. Validation procedures examine variable relevance, data quality, model 
complexity, interpretability, and susceptibility to overfitting (Shahzad et al., 2021). Independent review 
strengthens reliability by separating model development from performance assessment. 
Documentation of datasets, assumptions, parameters, validation results, and identified limitations 
creates an auditable record of analytical quality. These procedures establish whether financial risk 
classifications and liquidity warnings remain dependable across varying organizational and economic 
conditions. 
Cybersecurity and governance are closely connected to the operational reliability of AI-enabled 
financial systems because these platforms process sensitive accounting records, banking information, 
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customer data, payment instructions, and risk classifications. The reviewed literature identifies 
unauthorized access, data manipulation, privacy violations, malicious software, system interruptions, 
and fraudulent transactions as major sources of technological and financial exposure (Durlik et al., 
2023). Cybersecurity performance is measured through incident frequency, detection time, system 
downtime, affected-record volume, recovery duration, and the financial severity of confirmed events. 
Operational reliability concerns whether the analytical platform remains available, processes 
information correctly, preserves data integrity, and recovers effectively after an interruption. Access 
controls, identity verification, encryption, activity logging, system monitoring, backup procedures, and 
recovery plans form important components of financial system protection. Governance extends these 
controls to the approval, use, and review of automated financial decisions (Strielkowski et al., 2023). 
Accountability defines responsibility for data quality, model development, validation, system 
operation, and managerial action. Human oversight requires authorized personnel to examine high-
risk classifications, unusual liquidity warnings, and decisions with significant financial consequences. 
Model approval establishes whether an analytical system satisfies organizational standards before 
operational use. Auditability ensures that data inputs, analytical procedures, decisions, and managerial 
overrides can be traced and examined. Documentation records model purposes, variables, 
assumptions, validation results, access permissions, and identified limitations. Compliance monitoring 
evaluates whether automated decisions remain consistent with organizational policies, financial 
regulations, privacy requirements, and internal controls. Governance quality can be measured through 
policy coverage, review frequency, exception rates, unresolved control findings, approval completion, 
and audit-result consistency (Ho et al., 2021). The literature presents effective governance as a 
coordinated structure combining technological protection, operational control, managerial 
responsibility, and documented oversight. 
Theoretical Foundations of AI-Enabled Financial Analysis 
The resource-based view explains AI-enabled business intelligence as an organizational capability 
developed through the coordinated use of technological infrastructure, financial data, employee 
expertise, managerial knowledge, and established analytical routines. From this theoretical 
perspective, the value of AI-enabled business intelligence does not arise from purchasing advanced 
software alone (Bhatt & Singh, 2023). Its organizational value depends on how effectively technological 
and human resources are combined to support financial analysis and decision-making. Financial 
databases provide the informational foundation, while machine-learning applications, automated 
workflows, intelligent dashboards, and predictive models provide the technological capacity to process 
that information. Employee expertise enables the organization to prepare data, operate analytical 
systems, interpret model outputs, and evaluate financial warnings. Managerial knowledge connects 
analytical findings with organizational priorities, financial policies, and risk-tolerance levels (Jamie et 
al., 2024). Analytical routines determine how frequently information is reviewed, how risk 
classifications are communicated, and how liquidity alerts are escalated. Dynamic capabilities theory 
extends this explanation by concentrating on the organization’s ability to recognize changing financial 
conditions, reorganize resources, and respond to identified risk and liquidity pressure. Financial 
sensing involves detecting changes in cash flows, customer payments, borrowing costs, market 
exposure, and funding availability.  
Resource reconfiguration includes adjusting budgets, payment schedules, credit policies, financing 
arrangements, and monitoring procedures (Theodorou et al., 2021). Financial responsiveness reflects 
the speed and consistency with which managers act upon reliable analytical information. The combined 
theoretical perspective presents AI-enabled business intelligence as both a strategic resource and an 
adaptive financial capability. Its quantitative dimensions include technological availability, data 
quality, employee competence, analytical-use frequency, response speed, and the extent to which 
financial decisions are supported by intelligent analysis. 
Organizational information processing theory explains that an organization’s need for information 
increases as financial activities become more uncertain, complex, interconnected, and difficult to 
predict. Financial uncertainty arises from changing customer behavior, payment delays, market 
volatility, interest-rate movements, exchange-rate fluctuations, operational interruptions, credit 
deterioration, and restricted funding availability (Anshari et al., 2021). Organizations operating across 
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multiple markets, currencies, departments, and financial platforms encounter larger volumes of data 
and greater difficulty in identifying the relationships among financial events. 

 
Figure 10: AI Financial Analysis Theories 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
When information-processing capacity is lower than the level required by the financial environment, 
managers may receive incomplete reports, overlook emerging risks, or respond slowly to liquidity 
pressure. AI-enabled business intelligence increases information-processing capacity by integrating 
diverse financial records, automating repetitive analytical activities, identifying unusual patterns, and 
presenting risk information through structured dashboards and alerts. The theory connects financial 
uncertainty with the quantity, quality, speed, and complexity of information required for effective 
decision-making (Anshari et al., 2021). Data integration reduces fragmentation by connecting 
accounting, treasury, banking, customer, supplier, and market information. Predictive analytics 
processes historical and current records to identify patterns associated with default, fraud, cash 
shortages, or financial deterioration. Real-time monitoring reduces information delays by updating 
financial indicators as transactions occur. Visualization improves interpretability by presenting 
complex analytical results in accessible formats. Quantitative assessment of this theoretical relationship 
includes financial uncertainty levels, data-processing volume, report-generation speed, information 
completeness, alert timeliness, analytical accuracy, and decision-response time. The literature also 
recognizes that greater technological capacity does not automatically produce effective information 
processing (Arshi et al., 2024). Analytical systems require relevant data, standardized procedures, 
employee competence, and clear decision responsibilities. Organizational information processing 
theory therefore provides a structured explanation of how intelligent financial systems address 
information demands created by complex risk and liquidity conditions. 
The technology–organization–environment framework explains AI-enabled business intelligence 
adoption through the combined influence of technological readiness, organizational conditions, and 
the external operating environment. Technological readiness includes the availability of compatible 
information systems, reliable financial databases, processing capacity, cybersecurity controls, and 
technical expertise (Faqihi & Miah, 2023). Organizational conditions include firm size, financial 
resources, management support, employee competence, data-governance practices, and the degree of 
coordination among accounting, treasury, risk, and information-technology functions. Environmental 
conditions include competitive pressure, regulatory requirements, industry standards, market 
uncertainty, and the availability of external technological services. These factors explain variations in 
the level at which organizations adopt and use intelligent financial systems. Information systems 
success theory complements this adoption perspective by examining whether the implemented system 
operates effectively and produces measurable organizational benefits. System quality concerns 
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reliability, processing speed, accessibility, security, and ease of use. Information quality includes 
accuracy, completeness, relevance, consistency, and timeliness (Davidsson & Sufyan, 2023). Service 
quality reflects the availability of technical support, employee training, system maintenance, and 
assistance with analytical interpretation. System use measures the frequency and extent to which 
employees access dashboards, review automated reports, and apply analytical outputs. User 
satisfaction represents employee perceptions of usefulness, clarity, trustworthiness, and convenience. 
Organizational benefits include faster reporting, improved risk identification, stronger liquidity 
visibility, reduced manual processing, and greater decision consistency. The integration of these 
perspectives distinguishes the conditions supporting adoption from the characteristics determining 
operational effectiveness. An organization may possess strong external motivation to adopt artificial 
intelligence while lacking the internal resources required for successful use (Zdravković et al., 2022). 
Quantitative measurement therefore incorporates readiness, management support, employee skills, 
competitive pressure, system quality, information quality, usage frequency, satisfaction, and financial 
decision effectiveness. 
An integrated theoretical model combines the resource-based view, dynamic capabilities theory, 
organizational information processing theory, the technology–organization–environment framework, 
and information systems success theory to explain the operation of AI-enabled business intelligence in 
financial risk assessment and liquidity monitoring (Mathrani, 2024). The resource-based view identifies 
technology, data, expertise, and analytical routines as organizational resources that form the 
foundation of intelligent financial analysis. Dynamic capabilities theory explains how these resources 
are used to recognize financial change, reorganize financial activities, and respond to emerging risk 
conditions. Organizational information processing theory describes how AI-enabled systems increase 
the organization’s capacity to manage complex, uncertain, and rapidly changing financial information. 
The technology–organization–environment framework identifies the internal and external conditions 
that shape the adoption and depth of system use. Information systems success theory evaluates 
whether the implemented platform provides reliable technology, high-quality information, satisfactory 
user experiences, and measurable financial benefits (Alsolbi et al., 2023). Within the integrated model, 
AI-enabled business intelligence functions as the principal explanatory construct and is represented by 
data integration, analytical automation, predictive capability, real-time processing, intelligent 
visualization, and decision-support quality. Financial risk assessment is represented by detection 
accuracy, assessment timeliness, classification consistency, analytical coverage, and early-warning 
effectiveness. Liquidity monitoring is represented by cash-flow visibility, forecast accuracy, funding-
gap detection, obligation tracking, warning timeliness, and stress recognition. Data quality, 
technological readiness, employee competence, managerial support, and external conditions operate 
as organizational and contextual factors (Kumar et al., 2023). The model also recognizes financial risk 
assessment as a possible connecting mechanism between intelligent analytical capability and liquidity-
monitoring effectiveness. Quantitative testing can examine the direct relationships among these 
constructs and determine whether variations in organizational resources, processing capacity, system 
success, and adoption conditions correspond with variations in risk-assessment and liquidity-
monitoring outcomes. 
METHOD 
The study employed a quantitative, explanatory, cross-sectional research design to examine the role of 
AI-enabled business intelligence in financial risk assessment and liquidity monitoring. The quantitative 
approach was selected because the principal constructs could be operationalized through numerical 
indicators and examined using statistical procedures. The cross-sectional design allowed standardized 
data to be collected from eligible financial and managerial professionals during a defined data-
collection period, while the explanatory orientation supported the assessment of direct and indirect 
relationships among the study variables. AI-enabled business intelligence was treated as the principal 
independent variable and was measured through financial data integration, analytical automation, 
predictive capability, real-time processing, anomaly detection, visualization quality, and decision-
support effectiveness. Financial risk assessment was treated as the first dependent variable and as a 
potential mediating variable in the relationship between AI-enabled business intelligence and liquidity 
monitoring.  
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It was measured through risk-detection accuracy, assessment timeliness, information completeness, 
classification consistency, and early-warning capability. Liquidity monitoring was treated as the 
principal financial-control outcome and was measured through cash-flow visibility, forecasting 
accuracy, funding-gap detection, obligation tracking, warning timeliness, and liquidity-information 
accessibility. The theoretical framework integrated the resource-based view, dynamic capabilities 
theory, organizational information processing theory, the technology–organization–environment 
framework, and information systems success theory. These perspectives explained how technological 
resources, financial data, analytical expertise, organizational readiness, system quality, and 
information-processing capacity contributed to financial risk and liquidity analysis. The framework 
specified direct relationships between AI-enabled business intelligence and financial risk assessment, 
between AI-enabled business intelligence and liquidity monitoring, and between financial risk 
assessment and liquidity monitoring. It also specified an indirect relationship in which financial risk 
assessment transmitted part of the statistical influence of AI-enabled business intelligence to liquidity-
monitoring effectiveness. 
The target population consisted of professionals employed in organizations that used digital financial 
reporting, business intelligence, enterprise information systems, automated dashboards, predictive 
analytics, or related data-driven technologies. Eligible participants were drawn from banking, 
insurance, manufacturing, retail, telecommunications, investment, healthcare, and professional-service 
organizations. The unit of analysis was the individual professional because the questionnaire measured 
employee perceptions and experiences concerning organizational analytical capability, risk assessment, 
and liquidity monitoring. The study population included finance managers, accountants, treasury 
professionals, risk officers, internal auditors, financial analysts, business intelligence specialists, data 
analysts, information-technology professionals supporting financial systems, and senior managers 
involved in financial decision-making. A multistage sampling strategy was applied. Participating 
organizations were initially grouped according to industry sector and organizational size to increase 
the representation of different operational environments. Organizations were then selected from 
available professional directories, organizational listings, industry networks, and institutional contacts. 
Within each participating organization, employees were screened according to their professional 
responsibilities and experience with financial information systems. Eligible employees were selected 
using proportionate procedures where reliable staff lists were available, while purposive selection was 
applied where organizations restricted access to complete employee records. An a priori power 
assessment was used to determine the minimum number of participants required for multiple 
regression, mediation analysis, and structural modeling. The minimum sample requirement was 
established at 384 participants to support stable parameter estimation and subgroup analysis. A total 
of 450 questionnaires was distributed to compensate for nonresponse, incomplete submissions, and 
cases excluded during data screening. Representation across sectors, organizational sizes, job 
categories, and levels of analytical experience was monitored throughout data collection to reduce 
excessive concentration within a single participant group. 
Participants were included when they were at least 18 years old, were currently employed by an eligible 
organization, and had completed at least one year of relevant professional experience. They were also 
required to hold responsibilities related to accounting, corporate finance, treasury management, 
financial risk, internal auditing, business intelligence, data analysis, financial information systems, or 
managerial decision-making. Participants were included only when their organizations had used a 
digital financial system, business intelligence platform, automated reporting application, or related 
analytical technology for at least 12 months. This requirement ensured that participants possessed 
sufficient exposure to evaluate system integration, analytical automation, predictive capability, 
financial risk assessment, and liquidity monitoring. Participation was limited to individuals who 
provided informed consent and completed the questionnaire voluntarily. Interns, temporary trainees, 
external consultants with limited knowledge of internal financial procedures, and employees 
performing roles unrelated to financial or analytical decisions were excluded. Respondents with less 
than one year of relevant experience were excluded because their limited organizational exposure 
could reduce the reliability of their assessments. Questionnaires were also excluded when a substantial 
proportion of the required items remained unanswered, when responses displayed duplicated 
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submission identifiers, or when completion times were unreasonably short in relation to the 
instrument’s expected duration. Cases showing uniform responses across nearly all scale items, 
contradictory answers to validation questions, or clear evidence of inattentive participation were 
examined and removed when the response pattern could not be considered reliable. Participants 
involved in the pilot test were excluded from the principal survey to prevent repeated participation 
and contamination of the final analytical sample. 
 

Figure 11: Methodology of this study 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Data were collected through a structured, self-administered questionnaire developed from the 
conceptual definitions, theoretical framework, and measurement dimensions established in the 
literature review. The questionnaire contained four principal sections. The first section collected 
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demographic and organizational information, including age, gender, educational qualification, 
professional position, years of experience, industry sector, organizational size, and length of exposure 
to AI-enabled or digitally supported financial systems. The second section measured AI-enabled 
business intelligence through items addressing financial data integration, analytical automation, 
predictive capability, real-time processing, anomaly detection, visualization quality, system 
accessibility, and decision-support effectiveness. The third section measured financial risk assessment 
through items related to risk-detection accuracy, assessment speed, analytical completeness, 
classification consistency, early-warning effectiveness, and the ability to evaluate credit, market, 
operational, solvency, fraud, and liquidity risks. The fourth section measured liquidity monitoring 
through cash-flow visibility, forecast reliability, funding-gap detection, obligation tracking, working-
capital monitoring, warning timeliness, stress recognition, and access to liquidity information. The 
principal constructs were measured using a five-point Likert-type scale ranging from strong 
disagreement to strong agreement. Higher scores represented stronger AI-enabled business 
intelligence capability and greater effectiveness of financial risk assessment and liquidity monitoring. 
A small number of negatively worded items was included to identify inattentive response patterns, 
and these items were reverse-coded before analysis. The questionnaire was administered through a 
secure web-based platform, with paper-based copies provided where digital access was limited. 
Responses were exported into spreadsheet format, checked for coding errors, and transferred to the 
statistical software used for analysis. No specialized physical hardware or laboratory equipment was 
required because the study relied on survey-based organizational data. 
The content validity of the questionnaire was evaluated by a panel consisting of specialists in financial 
management, business intelligence, quantitative research, risk assessment, treasury operations, and 
information systems. The reviewers assessed whether the items adequately represented the conceptual 
dimensions of AI-enabled business intelligence, financial risk assessment, and liquidity monitoring. 
They also examined the clarity, relevance, professional appropriateness, and potential ambiguity of 
each statement. Items receiving inconsistent evaluations were revised, simplified, or removed before 
pilot administration. The revised questionnaire was pilot-tested with 40 professionals who satisfied the 
main eligibility requirements but were not included in the final sample. Pilot responses were examined 
to determine whether the instructions were understandable, whether the response categories were 
appropriate, and whether the estimated completion time was reasonable. Preliminary item analysis 
was conducted to identify items with weak item-total relationships, restricted variation, excessive 
missing responses, or evidence of misunderstanding. Internal consistency was assessed using 
Cronbach’s alpha and McDonald’s omega. A coefficient of .70 or higher was considered acceptable for 
each principal construct and measurement dimension. Construct validity was subsequently examined 
through exploratory and confirmatory factor analysis. Factor loadings of .50 or higher were treated as 
satisfactory, while composite reliability values of at least .70 and average variance extracted values of 
at least .50 were used to evaluate construct reliability and convergent validity. Discriminant validity 
was assessed by comparing the shared relationships among constructs with the variance represented 
by their respective indicators. The instrument was revised after the pilot assessment, and the final 
wording, item order, coding structure, and electronic format were standardized before the principal 
data-collection procedure began. 
The research procedure was completed in a structured chronological sequence. Institutional approval 
and permission from participating organizations were obtained before contact was made with eligible 
employees. Organizational representatives received a summary of the study purpose, participant 
requirements, data-protection procedures, and estimated questionnaire-completion time. Potential 
participants were then provided with an information statement explaining that participation was 
voluntary, that they could discontinue the questionnaire without penalty, and that their responses were 
used only for academic analysis. Informed consent was obtained before the questionnaire became 
accessible. Participants completed the survey individually and were instructed to base their responses 
on their direct experience with organizational financial systems and analytical practices. The survey 
remained open for eight weeks. Reminder notices were distributed at controlled intervals to improve 
participation without pressuring respondents. Paper questionnaires were entered into the same coding 
structure used for electronic responses and were independently checked to minimize transcription 
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errors. Personally, identifying information was not included in the analytical dataset. Each response 
was assigned a numerical code, and organizational identifiers were replaced with general sector and 
size categories. After the data-collection period ended, electronic and paper responses were merged 
into a master dataset. The dataset was examined for missing information, duplicated submissions, 
impossible values, inconsistent response patterns, and cases failing the eligibility criteria. Reverse-
worded items were recoded, scale scores were calculated, and all variable labels and value categories 
were verified before statistical analysis. The final anonymized dataset was stored in password-
protected files accessible only to authorized research personnel. 
Data screening was completed before hypothesis testing. Frequencies, minimum values, maximum 
values, and graphical distributions were examined to identify coding errors and observations outside 
the permitted response range. Missing data were evaluated according to their amount and pattern. 
Cases containing extensive missing information were excluded, while limited missing values were 
treated using an appropriate imputation procedure when the missingness pattern did not indicate 
systematic bias. Univariate outliers were examined through standardized scores and boxplots, while 
multivariate outliers were assessed using Mahala Nobis distance. Potential outliers were reviewed in 
relation to the original questionnaire and were removed only when they represented data-entry 
problems, invalid responses, or highly influential observations that could not be justified substantively. 
Normality was examined through skewness, kurtosis, histograms, and probability plots. Linearity and 
homoscedasticity were evaluated through scatterplots and residual analysis. Multicollinearity was 
assessed using tolerance values and variance inflation factors. Tolerance values below .20 and variance 
inflation factors above 5.00 were treated as indications of potentially problematic overlap among 
predictors. Common-method bias was evaluated through procedural and statistical controls, including 
anonymous participation, clear item wording, separation of construct sections, and examination of 
whether a single factor accounted for an excessive proportion of the observed variance. The 
assumptions associated with regression, analysis of variance, mediation analysis, and structural 
modeling were examined separately. When distributional or variance assumptions were not 
adequately satisfied, robust standard errors, bootstrap confidence intervals, or suitable nonparametric 
alternatives were applied. 
Statistical analysis was conducted using IBM SPSS Statistics and R. Confirmatory factor analysis and 
structural modeling were completed using an appropriate structural equation modeling package. 
Descriptive statistics, including frequencies, percentages, means, standard deviations, minimum 
values, maximum values, skewness, and kurtosis, were calculated to summarize participant 
characteristics and the distributions of the principal constructs. Cronbach’s alpha, McDonald’s omega, 
composite reliability, and factor analysis were used to evaluate measurement quality. Pearson 
correlation analysis was conducted to examine the direction and strength of the relationships among 
AI-enabled business intelligence, financial risk assessment, and liquidity monitoring. Independent-
samples t tests and one-way analysis of variance were used to determine whether mean construct scores 
differed across participant and organizational categories. Statistically significant analysis-of-variance 
results were followed by corrected pairwise comparisons. Cohen’s d and partial eta squared were 
reported to describe the magnitude of group differences. 
Hierarchical multiple regression was used to assess the explanatory contribution of AI-enabled 
business intelligence. Organizational and participant characteristics were entered in the first regression 
stage as control variables. The overall AI-enabled business intelligence score was entered in the second 
stage to estimate its relationship with financial risk assessment. The individual dimensions of data 
integration, analytical automation, predictive capability, real-time processing, anomaly detection, 
visualization quality, and decision support were subsequently examined to identify their relative 
statistical contributions. A separate regression model treated liquidity monitoring as the dependent 
variable and included organizational controls, AI-enabled business intelligence, and financial risk 
assessment as predictors. Changes in explained variance, standardized regression coefficients, 
confidence intervals, and effect sizes were reported for each model. 
Mediation analysis was conducted to determine whether financial risk assessment transmitted part of 
the relationship between AI-enabled business intelligence and liquidity monitoring. Indirect effects 
were estimated through 5,000 bootstrap resamples, and mediation was considered statistically 
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supported when the bootstrap confidence interval did not contain zero. Structural equation modeling 
was also used to examine the measurement and structural relationships simultaneously. Model 
adequacy was assessed through multiple fit indicators rather than dependence on a single criterion. 
Sector, organizational size, technological readiness, data quality, and management support were 
examined as contextual variables through subgroup comparisons or interaction analysis where 
sufficient observations were available. All statistical tests were two-tailed, and statistical significance 
was evaluated at p<.05p < .05p<.05. Ninety-five percent confidence intervals were reported, and 
interpretation emphasized effect magnitude, explained variance, predictive reliability, and practical 
importance alongside statistical significance. 
FINDINGS 
Final Sample Characteristics and Quantitative Data Screening 
Of the 450 questionnaires distributed, 434 were returned, producing a return rate of 96.4%. Following 
systematic screening, 22 questionnaires were excluded: seven contained substantial missing 
information, three represented duplicated submissions, five failed the eligibility criteria, and seven 
demonstrated unusually short completion times or inattentive response patterns. The final dataset 
therefore contained 412 valid cases, exceeding the minimum sample requirement of 384. The valid 
response rate was 91.6% of all distributed questionnaires and 94.9% of returned questionnaires. The 
participants had a mean age of 36.84 years, with ages ranging from 22 to 62 years. Their mean 
professional experience was 9.64 years, while the average duration of exposure to AI-enabled or 
digitally supported financial systems was 5.18 years. 
 

Table 1: Demographic and Professional Characteristics of the Final Sample 
 

Characteristic Category n % M (SD) Range 

Age Years 412 — 36.84 
(9.42) 

22–62 

Gender Male 231 56.1 — — 
 Female 176 42.7 — — 
 Prefer not to disclose 5 1.2 — — 

Educational qualification Bachelor’s degree 163 39.6 — — 
 Master’s degree 215 52.2 — — 
 Doctoral or professional degree 34 8.3 — — 

Professional position Finance and accounting 122 29.6 — — 
 Treasury, risk, and internal audit 101 24.5 — — 
 Business intelligence, data, and IT 87 21.1 — — 
 Senior and other management 102 24.8 — — 

Professional experience 1–5 years 118 28.6 — — 
 6–10 years 133 32.3 — — 
 11–15 years 91 22.1 — — 
 More than 15 years 70 17.0 — — 

Professional experience Years 412 — 9.64 
(6.21) 

1–33 

Exposure to digital financial systems 1–2 years 104 25.2 — — 
 3–5 years 162 39.3 — — 
 6–8 years 91 22.1 — — 
 More than 8 years 55 13.3 — — 

Exposure to digital financial systems Years 412 — 5.18 
(3.64) 

1–17 

 
Table 1 showed that the final sample contained experienced professionals with substantial exposure to 
digital financial systems. Participants averaged 36.84 years of age, and 71.4% possessed at least six years 
of professional experience. Master’s degree holders represented 52.2% of respondents. Finance and 
accounting employees formed the largest professional category at 29.6%, followed by treasury, risk, 
and internal-audit personnel at 24.5%. Furthermore, 74.8% of respondents had used AI-enabled or 
digitally supported financial systems for at least three years. The distribution across gender, 
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educational level, occupation, and experience supported varied organizational perspectives within the 
final quantitative dataset used for subsequent statistical analysis. 
The final sample included respondents from eight sectoral categories. Banking produced the largest 
group, although no individual sector represented more than one quarter of the sample. Most 
respondents worked in medium or large organizations, and the majority reported high or very high 
technological readiness. More than three quarters of participants worked in organizations with 
integrated, predictive, or intelligent levels of business intelligence adoption. Missing responses within 
retained cases represented only 0.42% of eligible data points and were treated through expectation-
maximization imputation. Ten potential univariate or multivariate outliers were examined and 
retained because they represented plausible professional responses and did not exert excessive 
influence on the statistical models. 
 

Table 2: Organizational Characteristics and Quantitative Data-Screening Results 
 

Domain Category or statistic n/Value %/Range 

Industry sector Banking 88 21.4 
 Insurance 46 11.2 
 Manufacturing 70 17.0 
 Retail 51 12.4 
 Telecommunications 39 9.5 
 Investment and professional services 48 11.7 
 Healthcare 34 8.3 
 Other services 36 8.7 

Organizational size Small 77 18.7 
 Medium 156 37.9 
 Large 179 43.4 

Technological readiness Moderate 116 28.2 
 High 189 45.9 
 Very high 107 26.0 

Business intelligence adoption Developing 97 23.5 
 Integrated 175 42.5 
 Predictive or intelligent 140 34.0 

Survey administration Questionnaires distributed 450 100.0 
 Questionnaires returned 434 96.4 
 Questionnaires not returned 16 3.6 

Excluded questionnaires Substantial missing data 7 1.6 
 Duplicated submissions 3 0.7 
 Eligibility failures 5 1.1 
 Inattentive or unusually rapid responses 7 1.6 

Final dataset Valid questionnaires retained 412 91.6 
Screening statistic Retention rate among returned surveys 94.9% — 

 Missing eligible data points 0.42% — 
 Skewness across principal constructs — −0.74 to 0.62 
 Kurtosis across principal constructs — −0.81 to 0.77 
 Tolerance values — 0.35–0.76 
 Variance inflation factors — 1.31–2.84 
 Largest single-factor variance 34.7% — 

 
Note. Small organizations employed fewer than 100 employees, medium organizations employed 100–
499 employees, and large organizations employed at least 500 employees. 
Table 2 demonstrated that the dataset represented multiple industries and different organizational 
environments. Banking contributed the largest sector group at 21.4%, while medium and large 
organizations accounted for 81.3% of respondents. High or very high technological readiness 
represented 71.8%, and 76.5% of participants worked in integrated, predictive, or intelligent business 
intelligence environments. Of the 450 distributed questionnaires, 434 were returned and 412 were 
retained, producing an overall valid response rate of 91.6%. The acceptable distributional statistics, 
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variance inflation factors below 3.00, and single-factor variance of 34.7% supported the suitability of 
the screened dataset for multivariate analysis and structural model testing. 
 
The skewness and kurtosis values remained within acceptable ranges, indicating no serious departure 
from normality. Residual plots supported linearity and homoscedasticity, while tolerance and variance 
inflation values indicated that multicollinearity did not threaten the regression estimates. The largest 
factor extracted during the common-method assessment explained 34.7% of the total variance, 
remaining below the threshold associated with excessive single-source influence. Collectively, the 
screening results confirmed that the retained dataset possessed adequate completeness, distributional 
quality, and predictor independence for correlation, regression, mediation, subgroup, and structural 
equation analyses. 
Descriptive Statistics and Construct Validity 
The descriptive results demonstrated favorable evaluations of AI-enabled business intelligence, 
financial risk assessment, and liquidity monitoring among the 412 respondents. AI-enabled business 
intelligence recorded the highest overall mean, followed by financial risk assessment and liquidity 
monitoring. Among the AI-enabled business intelligence dimensions, visualization quality achieved 
the highest mean, while anomaly detection recorded the lowest. Risk-detection accuracy produced the 
highest mean within financial risk assessment, whereas information completeness received the lowest 
assessment. Cash-flow visibility recorded the highest liquidity-monitoring mean, while liquidity-stress 
recognition received the lowest. All construct and dimension means remained substantially above the 
midpoint of the five-point response scale. 
 

Table 3: Descriptive Statistics and Reliability of the Study Constructs 
 

Construct and dimension M SD Observed 
range 

Skewness Kurtosis Cronbach’s 
α 

McDonald’s 
ω 

AI-enabled business 
intelligence 

4.11 0.52 2.47–5.00 −0.62 0.48 .952 .954 

Financial data integration 4.18 0.60 2.33–5.00 −0.71 0.55 .862 .865 
Analytical automation 4.07 0.63 2.00–5.00 −0.48 0.21 .841 .844 
Predictive capability 4.02 0.65 1.67–5.00 −0.39 −0.07 .835 .838 
Real-time processing 4.13 0.62 2.00–5.00 −0.56 0.32 .853 .856 
Anomaly detection 3.98 0.68 1.67–5.00 −0.34 −0.18 .828 .832 

Visualization quality 4.21 0.58 2.33–5.00 −0.74 0.77 .876 .879 
System accessibility 4.15 0.61 2.00–5.00 −0.59 0.41 .847 .850 

Decision-support 
effectiveness 

4.16 0.59 2.33–5.00 −0.63 0.52 .881 .884 

Financial risk assessment 4.09 0.55 2.27–5.00 −0.57 0.39 .941 .943 
Risk-detection accuracy 4.14 0.62 2.00–5.00 −0.61 0.45 .858 .861 
Assessment timeliness 4.08 0.64 2.00–5.00 −0.46 0.18 .842 .845 

Information completeness 4.03 0.66 1.67–5.00 −0.41 0.06 .834 .838 
Classification consistency 4.06 0.61 2.00–5.00 −0.49 0.29 .846 .849 
Early-warning capability 4.12 0.63 2.00–5.00 −0.58 0.37 .872 .875 

Liquidity monitoring 4.05 0.57 2.13–5.00 −0.52 0.31 .949 .951 
Cash-flow visibility 4.19 0.59 2.33–5.00 −0.68 0.61 .875 .878 
Forecast accuracy 4.03 0.66 1.67–5.00 −0.40 0.09 .846 .849 

Funding-gap detection 4.01 0.65 1.67–5.00 −0.37 −0.03 .839 .842 
Obligation tracking 4.14 0.60 2.33–5.00 −0.62 0.49 .867 .870 

Working-capital monitoring 4.06 0.63 2.00–5.00 −0.45 0.16 .851 .854 
Warning timeliness 3.98 0.69 1.67–5.00 −0.31 −0.15 .832 .836 

Liquidity-stress recognition 3.93 0.70 1.33–5.00 −0.28 −0.21 .824 .828 
Liquidity-information 

accessibility 
4.10 0.62 2.00–5.00 −0.54 0.35 .861 .864 

Note. N=412N=412N=412. All variables were measured using a five-point scale. Higher scores 
represented stronger organizational capability or effectiveness. 
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Table 3 indicated favorable assessments of all three principal constructs. AI-enabled business 
intelligence recorded the highest overall mean (M = 4.11), followed by financial risk assessment (M = 
4.09) and liquidity monitoring (M = 4.05). Visualization quality achieved the strongest dimension mean, 
whereas liquidity-stress recognition recorded the lowest, although both remained above the scale 
midpoint. Standard deviations indicated moderate response dispersion, and skewness and kurtosis 
remained within acceptable limits. Cronbach’s alpha and McDonald’s omega exceeded .82 for every 
dimension and .94 for each overall construct, confirming strong internal consistency across the final 
measurement scales used in subsequent multivariate statistical analyses. 
The Kaiser–Meyer–Olkin value was .948, demonstrating excellent sampling adequacy for factor 
analysis.  
Bartlett’s test of sphericity was statistically significant, 
χ2(1,953)=15,486.27\chi^2(1,953)=15,486.27χ2(1,953)=15,486.27, p<.001p<.001p<.001, confirming that 
the item correlations were sufficiently strong for factor extraction. The exploratory factor analysis 
reproduced the expected multidimensional structure without serious cross-loading problems. Three 
items that demonstrated weak preliminary performance during pilot testing had been revised before 
principal data collection; consequently, no item required removal from the final analytical dataset. 
The confirmatory factor analysis supported the three-construct measurement model. Model fit was 
satisfactory, χ2(1,884)=3,052.71\chi^2(1,884)=3,052.71χ2(1,884)=3,052.71, p<.001p<.001p<.001, with a 
relative chi-square value of 1.62, comparative fit index of .947, Tucker–Lewis index of .944, root mean 
square error of approximation of .039, and standardized root mean square residual of .043. 
Standardized factor loadings ranged from .67 to .91. Composite reliability exceeded .94 for every 
construct, while average variance extracted exceeded .50, supporting convergent validity. 
 

Table 4: Confirmatory Factor Analysis, Convergent Validity, and Discriminant Validity 
 

Construct Items Standardized 
loading range 

Composite 
reliability 

AVE MSV √AVE AIBI FRA LM Maximum 
HTMT 

AI-enabled 
business 

intelligence 
(AIBI) 

24 .68–.90 .953 .548 .482 .740 .740 .694 .651 .794 

Financial risk 
assessment 

(FRA) 

15 .71–.91 .942 .574 .482 .758 .694 .758 .669 .794 

Liquidity 
monitoring 

(LM) 

24 .67–.89 .950 .558 .448 .747 .651 .669 .747 .781 

 
Note. AVE = average variance extracted; MSV = maximum shared variance; √AVE = square root of 
average variance extracted; HTMT = heterotrait–monotrait ratio. Bold diagonal values represented the 
square roots of AVE. Pairwise HTMT values were .794 for AIBI–FRA, .762 for AIBI–LM, and .781 for 
FRA–LM. 
Table 4 confirmed satisfactory convergent and discriminant validity. Standardized factor loadings 
ranged from .67 to .91 and exceeded the minimum acceptable criterion. Composite reliability 
coefficients ranged from .942 to .953, while average variance extracted values ranged from .548 to .574. 
Each construct’s square root of average variance extracted exceeded its correlations with the remaining 
constructs, and every maximum shared variance estimate remained below the corresponding average 
variance extracted value. The heterotrait–monotrait ratios ranged from .762 to .794 and remained below 
.85. These results confirmed that the three constructs were statistically reliable, empirically distinct, and 
appropriate for structural analysis and mediation. 
Primary Outcomes and Hypothesis Testing 
Pearson correlation analysis identified statistically significant positive relationships among AI-enabled 
business intelligence, financial risk assessment, and liquidity monitoring. AI-enabled business 
intelligence demonstrated a strong positive relationship with financial risk assessment, 
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r=.694r=.694r=.694, p<.001p<.001p<.001, and a strong positive relationship with liquidity monitoring, 
r=.651r=.651r=.651, p<.001p<.001p<.001. Financial risk assessment was also strongly associated with 
liquidity monitoring, r=.669r=.669r=.669, p<.001p<.001p<.001. At the dimensional level, predictive 
capability recorded the strongest correlation with financial risk assessment, while real-time processing 
produced the strongest correlation with liquidity monitoring. Decision-support effectiveness was also 
strongly related to both outcomes. 
 

Table 5:  Correlations Among AI-Enabled Business Intelligence Dimensions and Primary 
Outcomes 

 
Variable AIBI Financial risk assessment Liquidity monitoring 

AI-enabled business intelligence (AIBI) 1.000 .694*** .651*** 
Financial data integration .783*** .602*** .574*** 

Analytical automation .761*** .548*** .516*** 
Predictive capability .804*** .635*** .581*** 
Real-time processing .798*** .619*** .598*** 
Anomaly detection .742*** .573*** .522*** 

Visualization quality .735*** .521*** .487*** 
System accessibility .721*** .506*** .492*** 

Decision-support effectiveness .812*** .628*** .590*** 
Financial risk assessment .694*** 1.000 .669*** 

Liquidity monitoring .651*** .669*** 1.000 

 
Note. N=412N=412N=412. AIBI = AI-enabled business intelligence. All tests were two-tailed. 
***p<.001p<.001p<.001. 
 
Table 5 showed positive relationships among the three principal constructs. AI-enabled business 
intelligence correlated significantly with financial risk assessment (r = .694) and liquidity monitoring (r 
= .651), while financial risk assessment correlated with liquidity monitoring (r = .669). Predictive 
capability demonstrated the strongest dimension-level relationship with financial risk assessment, 
whereas real-time processing produced the strongest relationship with liquidity monitoring. Decision-
support effectiveness also showed substantial correlations with both outcomes. Every reported 
coefficient was positive and statistically significant at p < .001, indicating that stronger intelligent 
analytical capability consistently corresponded with better financial risk assessment and liquidity-
monitoring performance across the sample. 
Hierarchical regression analysis was conducted after the assumptions of linearity, residual normality, 
homoscedasticity, error independence, and predictor independence had been satisfied. The first model 
predicting financial risk assessment included age, professional experience, organizational size, sector, 
technological readiness, data quality, and management support. The control block was significant, 
F(7,404)=18.03F(7,404)=18.03F(7,404)=18.03, p<.001p<.001p<.001, and explained 23.8% of the variance 
in financial risk assessment. Data quality, technological readiness, management support, and 
organizational size were significant control variables, whereas age, professional experience, and 
individual sector categories did not make significant independent contributions after the remaining 
variables had been controlled. 
Introducing the overall AI-enabled business intelligence score increased explained variance from 23.8% 
to 53.5%. The resulting increase of 29.7 percentage points was statistically significant, 
p<.001p<.001p<.001, and represented a large incremental effect, f2=.639f^2=.639f2=.639. AI-enabled 
business intelligence remained a strong positive predictor of financial risk assessment, 
β=.61\beta=.61β=.61, 95% CI [.54, .69]. The dimension-level model explained 57.9% of the variance. 
Predictive capability was the strongest dimension-level predictor, followed by decision-support 
effectiveness, real-time processing, financial data integration, anomaly detection, and analytical 
automation. Visualization quality and system accessibility were positively associated with financial 
risk assessment at the bivariate level but did not retain significant independent effects after the other 
dimensions had been entered simultaneously. 
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The first control model predicting liquidity monitoring was statistically significant, 
F(7,404)=15.90F(7,404)=15.90F(7,404)=15.90, p<.001p<.001p<.001, and explained 21.6% of the observed 
variance. Adding AI-enabled business intelligence increased explained variance to 46.9%, representing 
a statistically significant increase of 25.3 percentage points and a large incremental effect, 
f2=.476f^2=.476f2=.476. AI-enabled business intelligence significantly predicted liquidity monitoring, 
β=.57\beta=.57β=.57, 95% CI [.49, .65], p<.001p<.001p<.001. When financial risk assessment was 
entered into the final model, explained variance increased to 57.4%. Both AI-enabled business 
intelligence, β=.32\beta=.32β=.32, and financial risk assessment, β=.43\beta=.43β=.43, remained 
significant, indicating that each construct provided an independent contribution to liquidity-
monitoring effectiveness. 
 
Table 6: Hierarchical Regression Results for Financial Risk Assessment and Liquidity Monitoring 

 
Outcome 

and model 
Principal 
predictor 

Standardized 
β 

SE 95% 
CI 

p R² Adjusted 
R² 

ΔR² Effect 
size 

f2f^2f2 

Model 
F 

Financial 
risk 

assessment 

          

Model 1 Control 
variables 

— — — — .238 .225 .238 .312 18.03*** 

Model 2 AI-enabled 
business 

intelligence 

.61 .038 [.54, 
.69] 

<.001 .535 .526 .297 .639 57.95*** 

Model 3 Financial data 
integration 

.16 .050 [.06, 
.26] 

.002 .579 .563 .044 .105 36.31*** 

 Analytical 
automation 

.11 .046 [.02, 
.20] 

.018 — — — — — 

 Predictive 
capability 

.20 .045 [.11, 
.29] 

<.001 — — — — — 

 Real-time 
processing 

.17 .048 [.08, 
.26] 

<.001 — — — — — 

 Anomaly 
detection 

.14 .050 [.04, 
.24] 

.006 — — — — — 

 Visualization 
quality 

.06 .043 [−.02, 
.14] 

.164 — — — — — 

 System 
accessibility 

.05 .042 [−.03, 
.13] 

.232 — — — — — 

 Decision-
support 

effectiveness 

.18 .046 [.09, 
.27] 

<.001 — — — — — 

Liquidity 
monitoring 

          

Model 1 Control 
variables 

— — — — .216 .202 .216 .276 15.90*** 

Model 2 AI-enabled 
business 

intelligence 

.57 .040 [.49, 
.65] 

<.001 .469 .458 .253 .476 44.49*** 

Model 3 AI-enabled 
business 

intelligence 

.32 .041 [.24, 
.40] 

<.001 .574 .564 .105 .246 60.19*** 

 Financial risk 
assessment 

.43 .039 [.35, 
.51] 

<.001 — — — — — 

 
Table 6 demonstrated that AI-enabled business intelligence explained substantial additional variance 
beyond participant and organizational controls. Its inclusion increased explained variance in financial 
risk assessment by 29.7 percentage points and in liquidity monitoring by 25.3 percentage points, 
representing large effects. Predictive capability, decision-support effectiveness, real-time processing, 
and data integration were the strongest dimension-level predictors of financial risk assessment. In the 
final liquidity model, both AI-enabled business intelligence (β = .32) and financial risk assessment (β = 
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.43) remained significant. Financial risk assessment added 10.5 percentage points of explained variance, 
supporting all three direct hypotheses at p < .001 with confidence. 
The first hypothesis, which proposed a positive relationship between AI-enabled business intelligence 
and financial risk assessment, was supported. The second hypothesis, which proposed a positive 
relationship between AI-enabled business intelligence and liquidity monitoring, was also supported. 
The third hypothesis, which proposed that financial risk assessment was positively associated with 
liquidity monitoring, received statistical support. The standardized coefficients, confidence intervals, 
changes in explained variance, and effect-size estimates demonstrated that the observed relationships 
were statistically significant and substantial in magnitude. 
Mediation, Contextual, and Subgroup Findings 
The mediation analysis examined whether financial risk assessment transmitted part of the relationship 
between AI-enabled business intelligence and liquidity monitoring. Participant age, professional 
experience, organizational size, industry sector, technological readiness, data quality, and management 
support were statistically controlled. AI-enabled business intelligence significantly predicted financial 
risk assessment, β=.61\beta=.61β=.61, p<.001p<.001p<.001, while financial risk assessment 
significantly predicted liquidity monitoring after AI-enabled business intelligence had been included, 
β=.43\beta=.43β=.43, p<.001p<.001p<.001. The total effect of AI-enabled business intelligence on 
liquidity monitoring was β=.58\beta=.58β=.58, whereas its direct effect after inclusion of the mediator 
was β=.32\beta=.32β=.32. The indirect effect was β=.26\beta=.26β=.26, and its bootstrap confidence 
interval excluded zero, indicating statistically significant partial mediation. 
 

Table 7: Mediation and Structural-Path Results 
 

Structural relationship Effect Standardized 
β 

Bootstrap 
SE 

95% 
bootstrap 

CI 

p Statistical 
result 

AIBI → Financial risk 
assessment 

Path aaa .61 .038 [.54, .69] <.001 Significant 

Financial risk assessment → 
Liquidity monitoring 

Path bbb .43 .039 [.35, .51] <.001 Significant 

AIBI → Liquidity monitoring Total effect .58 .036 [.51, .65] <.001 Significant 
AIBI → Liquidity monitoring, 
controlling for financial risk 

assessment 

Direct effect .32 .041 [.24, .40] <.001 Significant 

AIBI → Financial risk 
assessment → Liquidity 

monitoring 

Indirect 
effect 

.26 .034 [.20, .33] <.001 Significant 

Proportion of total effect 
transmitted through financial 

risk assessment 

Mediated 
proportion 

45.0% — — — Partial 
mediation 

 
Table 7 showed that AI-enabled business intelligence significantly predicted financial risk assessment, 
which subsequently predicted liquidity monitoring. The total standardized effect on liquidity 
monitoring was .58. After financial risk assessment was included, the direct effect remained significant 
at .32, while the bootstrapped indirect effect was .26, with a confidence interval excluding zero. 
Approximately 45.0% of the total relationship was transmitted through financial risk assessment, 
demonstrating statistically supported partial mediation. The structural model explained 53.5% of 
variance in financial risk assessment and 57.4% in liquidity monitoring. All model-fit indicators 
remained within acceptable ranges, supporting the proposed structural relationships across the sample. 
Structural equation modeling produced an acceptable fit to the observed data, 
χ2(1,885)=3,092.44\chi^2(1,885)=3,092.44χ2(1,885)=3,092.44, p<.001p<.001p<.001, with a relative chi-
square value of 1.64. The comparative fit index was .946, the Tucker–Lewis index was .943, the root 
mean square error of approximation was .039 with a 90% confidence interval of [.036, .041], and the 
standardized root mean square residual was .045. The standardized path coefficients were consistent 
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with the hierarchical regression results. The persistence of the direct AI-enabled business intelligence 
effect after financial risk assessment had been included established partial rather than complete 
mediation. 
Subgroup analyses identified significant variations according to organizational size, technological 
readiness, system-exposure duration, and industry sector. Large organizations recorded higher AI-
enabled business intelligence, financial risk assessment, and liquidity-monitoring scores than small 
organizations. Respondents working in organizations with very high technological readiness reported 
consistently higher scores than those working in moderately ready organizations. Participants with 
more than eight years of exposure to intelligent financial systems also reported higher construct scores 
than participants with one to two years of exposure. Professional position did not produce significant 
differences after the remaining organizational conditions had been considered. 
 

Table 8: Contextual, Subgroup, and Interaction Analysis 
 

Grouping 
variable 

Outcome Lowest 
group 
mean 

Highes
t group 
mean 

Test statistic p Parti
al η² 

Significan
t 

corrected 
compariso
n and 95% 

CI 

Industry 
sector 

AIBI Healthcare: 
3.98 

Bankin
g: 4.21 

F(7,404)=2.46F(7,404)=2.46F(7,404)=2.
46 

.018 .041 Banking–
healthcare
: .23 [.04, 

.42] 
 Financial 

risk 
assessme

nt 

Other 
services: 

3.98 

Bankin
g: 4.18 

F(7,404)=2.18F(7,404)=2.18F(7,404)=2.
18 

.035 .036 No 
corrected 
pairwise 

difference 
 Liquidity 

monitori
ng 

Retail: 3.96 Bankin
g: 4.17 

F(7,404)=2.72F(7,404)=2.72F(7,404)=2.
72 

.009 .045 Banking–
retail: .21 
[.03, .39] 

Organization
al size 

AIBI Small: 3.96 Large: 
4.20 

F(2,409)=9.84F(2,409)=9.84F(2,409)=9.
84 

<.00
1 

.046 Large–
small: .24 
[.11, .37] 

 Financial 
risk 

assessme
nt 

Small: 3.94 Large: 
4.17 

F(2,409)=8.12F(2,409)=8.12F(2,409)=8.
12 

<.00
1 

.038 Large–
small: .23 
[.09, .37] 

 Liquidity 
monitori

ng 

Small: 3.89 Large: 
4.15 

F(2,409)=10.37F(2,409)=10.37F(2,409)=
10.37 

<.00
1 

.048 Large–
small: .26 
[.12, .40] 

Professional 
position 

AIBI Senior 
manageme

nt: 4.05 

Treasur
y and 
risk: 
4.15 

F(3,408)=1.62F(3,408)=1.62F(3,408)=1.
62 

.184 .012 No 
significant 
difference 

 Financial 
risk 

assessme
nt 

Senior 
manageme

nt: 4.03 

Treasur
y and 
risk: 
4.14 

F(3,408)=1.37F(3,408)=1.37F(3,408)=1.
37 

.252 .010 No 
significant 
difference 

 Liquidity 
monitori

ng 

Senior 
manageme

nt: 3.98 

Treasur
y and 
risk: 
4.11 

F(3,408)=1.91F(3,408)=1.91F(3,408)=1.
91 

.127 .014 No 
significant 
difference 

Technologica
l readiness 

AIBI Moderate: 
3.88 

Very 
high: 
4.32 

F(2,409)=32.46F(2,409)=32.46F(2,409)=
32.46 

<.00
1 

.137 Very 
high–

moderate: 
.44 [.33, 

.55] 
 Financial 

risk 
assessme

nt 

Moderate: 
3.89 

Very 
high: 
4.29 

F(2,409)=28.75F(2,409)=28.75F(2,409)=
28.75 

<.00
1 

.123 Very 
high–

moderate: 
.40 [.28, 



Review of Applied Science and Technology, December 2025, 195– 246 

232 
 

.52] 
 Liquidity 

monitori
ng 

Moderate: 
3.83 

Very 
high: 
4.26 

F(2,409)=30.12F(2,409)=30.12F(2,409)=
30.12 

<.00
1 

.128 Very 
high–

moderate: 
.43 [.31, 

.55] 
System-

exposure 
duration 

AIBI 1–2 years: 
3.98 

More 
than 8 
years: 
4.25 

F(3,408)=7.86F(3,408)=7.86F(3,408)=7.
86 

<.00
1 

.055 More than 
8 years–1–

2 years: 
.27 [.11, 

.43] 
 Financial 

risk 
assessme

nt 

1–2 years: 
3.97 

More 
than 8 
years: 
4.22 

F(3,408)=6.94F(3,408)=6.94F(3,408)=6.
94 

<.00
1 

.049 More than 
8 years–1–

2 years: 
.25 [.08, 

.42] 
 Liquidity 

monitori
ng 

1–2 years: 
3.91 

More 
than 8 
years: 
4.20 

F(3,408)=8.31F(3,408)=8.31F(3,408)=8.
31 

<.00
1 

.058 More than 
8 years–1–

2 years: 
.29 [.12, 

.46] 
Contextual 
interaction 

Outcome Standardiz
ed β 

SE 95% CI p ΔR² Effect size 
f2f^2f2 

AIBI × data 
quality 

Financial 
risk 

assessme
nt 

.12 .038 [.05, .19] .002 .013 .031 

AIBI × 
technological 

readiness 

Liquidity 
monitori

ng 

.15 .040 [.07, .23] <.00
1 

.019 .045 

AIBI × 
management 

support 

Liquidity 
monitori

ng 

.10 .039 [.02, .18] .011 .009 .021 

 
Table 8 demonstrated that organizational context produced differences in the principal constructs. 
Large organizations, organizations with very high technological readiness, and respondents with more 
than eight years of system exposure reported the highest mean scores. Technological readiness 
produced the largest subgroup effects, explaining between 12.3% and 13.7% of score variation. 
Professional position did not generate significant differences. Sector effects were small and inconsistent 
after corrected comparisons. Interaction analysis showed that data quality strengthened the 
relationship between AI-enabled business intelligence and risk assessment, while technological 
readiness and management support strengthened its relationship with liquidity monitoring. 
Interaction effects were small but significant. 
The interaction results showed that the positive association between AI-enabled business intelligence 
and financial risk assessment was stronger when financial data quality was high. Similarly, the 
relationship between AI-enabled business intelligence and liquidity monitoring became stronger in 
organizations with greater technological readiness. Management support also strengthened the 
relationship with liquidity monitoring, although its incremental effect was smaller than that of 
technological readiness. These contextual effects remained statistically significant after organizational 
size, sector, professional experience, and system-exposure duration had been controlled. 
Statistical Significance, Effect Sizes, and Visual Presentation 
The quantitative findings were evaluated using two-tailed statistical tests at p<.05p<.05p<.05, although 
interpretation was not restricted to statistical significance. Confidence intervals, standardized 
coefficients, explained variance, incremental variance, Cohen’s ddd, partial eta squared, and f2f^2f2 
were examined to determine the magnitude and practical importance of each result. The confidence 
intervals surrounding the principal correlations, regression coefficients, and mediation effects were 
relatively narrow and excluded zero, demonstrating acceptable estimation precision. The principal 
relationships remained statistically significant under the more restrictive p<.001p<.001p<.001 criterion. 
The correlations among AI-enabled business intelligence, financial risk assessment, and liquidity 
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monitoring ranged from .651 to .694 and represented strong positive relationships. AI-enabled business 
intelligence explained an additional 29.7% of the variance in financial risk assessment and an additional 
25.3% in liquidity monitoring beyond the participant and organizational control variables. These 
changes represented large effects. Financial risk assessment contributed another 10.5% to the explained 
variance in liquidity monitoring, producing a moderate-to-large incremental effect. The mediation 
analysis showed that 45.0% of the total relationship between AI-enabled business intelligence and 
liquidity monitoring was transmitted through financial risk assessment. 
 

Table 9: Integrated Summary of Statistical Significance, Confidence Intervals, and Effect Sizes 
 

Analysis Relationship 
or comparison 

Statistical estimate 95% CI p Variance or effect size Magnitud
e 

Correlation AIBI–financial 
risk 

assessment 

r=.694r=.694r=.694 [.641, 
.741] 

<.00
1 

r2=.482r^2=.482r2=.482 Strong 

Correlation AIBI–liquidity 
monitoring 

r=.651r=.651r=.651 [.591, 
.704] 

<.00
1 

r2=.424r^2=.424r2=.424 Strong 

Correlation Financial risk 
assessment–

liquidity 
monitoring 

r=.669r=.669r=.669 [.612, 
.719] 

<.00
1 

r2=.448r^2=.448r2=.448 Strong 

Regression AIBI 
predicting 

financial risk 
assessment 

β=.61\beta=.61β=.61 [.54, .69] <.00
1 

ΔR2=.297; f2=.639\Delta 
R^2=.297;\ 

f^2=.639ΔR2=.297; f2=.63
9 

Large 

Regression AIBI 
predicting 
liquidity 

monitoring 

β=.57\beta=.57β=.57 [.49, .65] <.00
1 

ΔR2=.253; f2=.476\Delta 
R^2=.253;\ 

f^2=.476ΔR2=.253; f2=.47
6 

Large 

Final 
regression 

AIBI 
predicting 
liquidity 

monitoring 

β=.32\beta=.32β=.32 [.24, .40] <.00
1 

Included in 
R2=.574R^2=.574R2=.574 

Moderate 

Final 
regression 

Financial risk 
assessment 
predicting 
liquidity 

monitoring 

β=.43\beta=.43β=.43 [.35, .51] <.00
1 

ΔR2=.105; f2=.246\Delta 
R^2=.105;\ 

f^2=.246ΔR2=.105; f2=.24
6 

Moderate 
to large 

Mediation AIBI → risk 
assessment → 

liquidity 
monitoring 

Indirect β=.26\beta=.26β=.26 [.20, .33] <.00
1 

45.0% mediated Moderate 

ANOVA Technological 
readiness 

differences in 
AIBI 

F(2,409)=32.46F(2,409)=32.46F(2,409)=32
.46 

Mean 
differenc

e [.33, 
.55] 

<.00
1 

Partial 
η2=.137\eta^2=.137η2=.1

37 

Moderate 
to large 

ANOVA Organizationa
l-size 

differences in 
liquidity 

monitoring 

F(2,409)=10.37F(2,409)=10.37F(2,409)=10
.37 

Mean 
differenc

e [.12, 
.40] 

<.00
1 

Partial 
η2=.048\eta^2=.048η2=.0

48 

Small to 
moderate 

ANOVA System-
exposure 

differences in 
liquidity 

monitoring 

F(3,408)=8.31F(3,408)=8.31F(3,408)=8.31 Mean 
differenc

e [.12, 
.46] 

<.00
1 

Partial 
η2=.058\eta^2=.058η2=.0

58 

Small to 
moderate 

ANOVA Sector 
differences in 

AIBI 

F(7,404)=2.46F(7,404)=2.46F(7,404)=2.46 Mean 
differenc

e [.04, 
.42] 

.018 Partial 
η2=.041\eta^2=.041η2=.0

41 

Small 

ANOVA Professional-
position 

differences in 
liquidity 

monitoring 

F(3,408)=1.91F(3,408)=1.91F(3,408)=1.91 — .127 Partial 
η2=.014\eta^2=.014η2=.0

14 

Small, 
non-

significant 

Independen
t t test 

Gender 
difference in 

AIBI 

t(405)=0.38t(405)=0.38t(405)=0.38 Mean 
differenc
e [−.08, 

.12] 

.704 d=.04d=.04d=.04 Negligible 
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Interaction AIBI × data 
quality 

predicting risk 
assessment 

β=.12\beta=.12β=.12 [.05, .19] .002 f2=.031f^2=.031f2=.031 Small 

Interaction AIBI × 
technological 

readiness 
predicting 
liquidity 

monitoring 

β=.15\beta=.15β=.15 [.07, .23] <.00
1 

f2=.045f^2=.045f2=.045 Small 

Interaction AIBI × 
management 

support 
predicting 
liquidity 

monitoring 

β=.10\beta=.10β=.10 [.02, .18] .011 f2=.021f^2=.021f2=.021 Small 

 
Table 9 demonstrated that the principal relationships were significant and practically substantial. 
Correlations among the three constructs ranged from .651 to .694, representing strong associations. AI-
enabled business intelligence produced large incremental effects on financial risk assessment and 
liquidity monitoring, while financial risk assessment added a moderate-to-large contribution to the 
liquidity model. The indirect mediation effect was significant and accounted for 45.0% of the total 
relationship. Technological readiness produced the strongest subgroup effect. Organizational size, 
sector, system exposure, and contextual interactions generated smaller effects. Gender and 
professional-position differences remained non-significant and negligible, confirming that 
interpretation was not based on p-values alone. 
The visual comparison of dimension-level means showed that visualization quality received the 
highest assessment within AI-enabled business intelligence, followed by financial data integration and 
decision-support effectiveness. Anomaly detection received the lowest AI-enabled business 
intelligence mean. Risk-detection accuracy produced the highest financial risk assessment score, while 
information completeness received the lowest. Cash-flow visibility and obligation tracking were the 
strongest liquidity-monitoring dimensions. Liquidity-stress recognition and warning timeliness 
received the lowest liquidity-monitoring assessments. 

Table 10: Numerical Values Supporting Dimension-Level and Sector-Based Visual Presentation 
 

Visual category Variable or group n M SD 95% CI 

AIBI dimension Financial data integration 412 4.18 0.60 [4.12, 4.24] 
AIBI dimension Analytical automation 412 4.07 0.63 [4.01, 4.13] 
AIBI dimension Predictive capability 412 4.02 0.65 [3.96, 4.08] 
AIBI dimension Real-time processing 412 4.13 0.62 [4.07, 4.19] 
AIBI dimension Anomaly detection 412 3.98 0.68 [3.91, 4.05] 
AIBI dimension Visualization quality 412 4.21 0.58 [4.15, 4.27] 
AIBI dimension System accessibility 412 4.15 0.61 [4.09, 4.21] 
AIBI dimension Decision-support effectiveness 412 4.16 0.59 [4.10, 4.22] 

Financial risk dimension Risk-detection accuracy 412 4.14 0.62 [4.08, 4.20] 
Financial risk dimension Assessment timeliness 412 4.08 0.64 [4.02, 4.14] 
Financial risk dimension Information completeness 412 4.03 0.66 [3.97, 4.09] 
Financial risk dimension Classification consistency 412 4.06 0.61 [4.00, 4.12] 
Financial risk dimension Early-warning capability 412 4.12 0.63 [4.06, 4.18] 

Liquidity dimension Cash-flow visibility 412 4.19 0.59 [4.13, 4.25] 
Liquidity dimension Forecast accuracy 412 4.03 0.66 [3.97, 4.09] 
Liquidity dimension Funding-gap detection 412 4.01 0.65 [3.95, 4.07] 
Liquidity dimension Obligation tracking 412 4.14 0.60 [4.08, 4.20] 
Liquidity dimension Working-capital monitoring 412 4.06 0.63 [4.00, 4.12] 
Liquidity dimension Warning timeliness 412 3.98 0.69 [3.91, 4.05] 
Liquidity dimension Liquidity-stress recognition 412 3.93 0.70 [3.86, 4.00] 
Liquidity dimension Liquidity-information accessibility 412 4.10 0.62 [4.04, 4.16] 

Sector-based AIBI Banking 88 4.21 0.49 [4.11, 4.31] 
Sector-based AIBI Insurance 46 4.14 0.51 [3.99, 4.29] 
Sector-based AIBI Manufacturing 70 4.12 0.50 [4.00, 4.24] 
Sector-based AIBI Retail 51 4.04 0.54 [3.89, 4.19] 
Sector-based AIBI Telecommunications 39 4.09 0.53 [3.92, 4.26] 
Sector-based AIBI Investment and professional services 48 4.17 0.48 [4.03, 4.31] 
Sector-based AIBI Healthcare 34 3.98 0.56 [3.79, 4.17] 
Sector-based AIBI Other services 36 4.00 0.55 [3.81, 4.19] 



Review of Applied Science and Technology, December 2025, 195– 246 

235 
 

Table 10 supplied the exact values used for the dimension and sector figures. Visualization quality 
achieved the highest AI-enabled business intelligence mean, while anomaly detection recorded the 
lowest. Risk-detection accuracy led the financial risk dimensions, and cash-flow visibility led liquidity 
monitoring. Liquidity-stress recognition received the lowest mean across all dimensions but remained 
above the scale midpoint. Sector means varied within a narrow range, from 3.98 in healthcare to 4.21 
in banking. Confidence intervals indicated reasonably precise estimates across the complete sample, 
while wider sector intervals reflected smaller subgroup sizes. The graphical patterns were therefore 
consistent with the reported inferential results. 
The participant-distribution chart showed that banking contributed the largest sector group at 21.4%, 
whereas healthcare contributed the smallest at 8.3%. The correlation heat map displayed three strong 
positive relationships, with the darkest association occurring between AI-enabled business intelligence 
and financial risk assessment. The standardized coefficient plot showed that predictive capability was 
the strongest dimension-level predictor of financial risk assessment, followed by decision-support 
effectiveness and real-time processing. The mediation-path figure displayed a significant direct effect 
of .32 and an indirect effect of .26. The sector chart showed the highest AI-enabled business intelligence 
mean in banking and the lowest mean in healthcare, although the sector effect remained small. 
DISCUSSION 
This study demonstrated that AI-enabled business intelligence occupied a substantial role in 
organizational financial risk assessment and liquidity monitoring. The overall mean for AI-enabled 
business intelligence was 4.11, indicating that respondents generally perceived their organizations as 
possessing strong capabilities in financial data integration, analytical automation, predictive analysis, 
real-time processing, anomaly detection, visualization, system accessibility, and decision support 
(Sjödin et al., 2023). Financial risk assessment also produced a high mean of 4.09, while liquidity 
monitoring recorded a mean of 4.05. These results showed that the participating organizations had 
established relatively advanced digital and analytical practices across their financial functions. Earlier 
international studies similarly reported that organizations adopting integrated business intelligence 
systems achieved faster reporting, improved access to financial information, and more consistent 
managerial decisions. Earlier research also showed that artificial intelligence expanded business 
intelligence beyond historical reporting by enabling continuous monitoring, pattern recognition, 
prediction, and automated classification. The present findings extended this evidence by 
demonstrating that intelligent analytical capability was closely associated with both financial risk and 
liquidity outcomes rather than with general information quality alone. Visualization quality produced 
the highest AI-enabled business intelligence dimension mean at 4.21, followed by financial data 
integration at 4.18 and decision-support effectiveness at 4.16. These results were consistent with 
previous studies that identified dashboards, integrated databases, and accessible financial reports as 
highly visible components of organizational digital transformation (Sjödin et al., 2023). Anomaly 
detection received the lowest AI-enabled business intelligence mean at 3.98, indicating that automated 
identification of unusual transactions or financial patterns was less developed than reporting and 
visualization. Earlier studies reached comparable findings by showing that organizations commonly 
adopted dashboards and reporting automation before implementing sophisticated anomaly-detection 
models. The high construct reliability coefficients, ranging from .941 to .952, also confirmed that 
respondents differentiated consistently among the three principal constructs. The measurement 
evidence supported earlier quantitative research that treated AI capability, financial risk assessment, 
and liquidity control as multidimensional organizational phenomena (Alshurideh et al., 2024). 
Collectively, the findings reflected a financial environment in which intelligent technologies had 
become embedded in routine analysis, although capability remained uneven across descriptive, 
predictive, and advanced detection functions. 
The relationship between AI-enabled business intelligence and financial risk assessment represented 
one of the strongest findings of this study. The correlation between the two constructs was positive and 
substantial, r=.694r=.694r=.694, showing that organizations with stronger intelligent analytical 
capabilities also reported greater risk-detection accuracy, assessment timeliness, information 
completeness, classification consistency, and early-warning effectiveness (Kumar et al., 2024). 
Hierarchical regression further demonstrated that AI-enabled business intelligence explained an 
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additional 29.7% of the variance in financial risk assessment after age, professional experience, 
organizational size, sector, technological readiness, data quality, and management support had been 
controlled. The standardized regression coefficient of .61 and the large incremental effect size of .639 
established that the relationship possessed considerable magnitude rather than merely statistical 
significance. Earlier studies of financial distress prediction, credit scoring, fraud detection, and market-
risk analysis similarly found that machine-learning models improved the classification of complex 
financial conditions. Those investigations commonly reported that intelligent models handled 
nonlinear relationships and interactions more effectively than traditional procedures based exclusively 
on accounting ratios, fixed thresholds, or isolated statistical assumptions (Žigienė et al., 2022). The 
present findings were also consistent with earlier business intelligence studies showing that integrated 
data improved the completeness and speed of financial analysis. Predictive capability emerged as the 
strongest independent dimension-level predictor of financial risk assessment, with a standardized 
coefficient of .20. Decision-support effectiveness, real-time processing, financial data integration, 
anomaly detection, and analytical automation also contributed significantly. This pattern corresponded 
with previous research emphasizing that prediction alone did not establish effective risk management 
unless the results were delivered through accessible systems and incorporated into managerial 
decisions. Visualization quality and system accessibility were positively correlated with financial risk 
assessment but became non-significant after the remaining dimensions were entered simultaneously. 
This result indicated that visual presentation and access were important supporting capabilities but did 
not independently determine risk-assessment effectiveness when predictive, integrative, and decision-
oriented functions were considered. Earlier studies reported a comparable distinction between system 
availability and analytical value, showing that possessing dashboards or user access did not guarantee 
accurate risk classification (Jorzik et al., 2023). Data quality, technological readiness, and management 
support also remained important contextual factors, reinforcing earlier evidence that artificial 
intelligence performed effectively only when reliable information, suitable infrastructure, skilled users, 
and established organizational processes were present. 
 

Figure 12: AI-Driven Financial Intelligence Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
AI-enabled business intelligence was strongly related to liquidity-monitoring effectiveness. The 
correlation of r=.651r=.651r=.651 demonstrated that stronger intelligent analytical capabilities were 
associated with better cash-flow visibility, forecasting accuracy, funding-gap detection, obligation 
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tracking, working-capital monitoring, warning timeliness, stress recognition, and access to liquidity 
information (Dhanushkodi & Thejas, 2024). When participant and organizational characteristics were 
controlled, AI-enabled business intelligence explained an additional 25.3% of the variance in liquidity 
monitoring. The standardized coefficient of .57 and incremental effect size of .476 represented a large 
contribution. These findings agreed with earlier studies showing that integrated financial technologies 
improved cash-position reporting, transaction monitoring, and the identification of short-term funding 
requirements. Previous liquidity research frequently relied on current ratios, cash ratios, liquid asset 
measures, working-capital indicators, and maturity-gap reports. Such measures provided essential 
financial information but often represented liquidity at a specific reporting date. Earlier studies 
involving intelligent analytics demonstrated that transaction-level data, customer payment behavior, 
banking information, and scheduled obligations produced more responsive estimates of liquidity 
pressure. The present results reinforced that evidence by showing that AI-enabled business intelligence 
was associated with the continuous organizational monitoring process rather than with a single 
financial ratio (Nawaz et al., 2024). Cash-flow visibility recorded the highest liquidity dimension mean 
at 4.19, followed by obligation tracking at 4.14 and liquidity-information accessibility at 4.10. These 
findings matched earlier organizational studies in which digital treasury platforms improved the 
availability of cash and payment information. Liquidity-stress recognition recorded the lowest 
dimension mean at 3.93, while warning timeliness recorded 3.98. Earlier research similarly found that 
organizations were generally stronger at observing current cash balances than at identifying severe 
liquidity conditions under combined financial stress. Stress recognition required integrated scenario 
analysis, reliable external information, and models capable of evaluating simultaneous changes in 
revenue, receivables, borrowing costs, and funding availability. The lower assessment of these 
capabilities indicated that real-time visibility had developed more extensively than advanced liquidity-
stress analysis. Financial risk assessment also remained a significant predictor of liquidity monitoring 
after AI-enabled business intelligence had been included (Sharma et al., 2022). This finding supported 
earlier studies showing that liquidity pressure was rarely isolated from credit deterioration, operational 
disruption, market exposure, fraud, and solvency conditions. Effective liquidity monitoring therefore 
depended on both technological capability and the quality of the broader financial risk-assessment 
process. 
The mediation findings established financial risk assessment as an important mechanism connecting 
AI-enabled business intelligence with liquidity monitoring. AI-enabled business intelligence 
significantly predicted financial risk assessment, and financial risk assessment subsequently predicted 
liquidity monitoring (Jakhongirov et al., 2024). The total standardized effect of AI-enabled business 
intelligence on liquidity monitoring was .58. After financial risk assessment had been incorporated into 
the model, the direct effect remained statistically significant at .32, while the indirect effect transmitted 
through financial risk assessment was .26. The bootstrap confidence interval for the indirect effect 
ranged from .20 to .33 and excluded zero. Approximately 45.0% of the total relationship was 
transmitted through financial risk assessment, demonstrating partial mediation. Earlier studies 
frequently examined business intelligence, financial risk prediction, and liquidity management as 
separate analytical areas. Business intelligence research concentrated mainly on information quality 
and decision performance, risk studies emphasized classification accuracy, and liquidity research 
focused on financial ratios, cash flows, and funding structures. The present mediation result connected 
these research areas by demonstrating that part of the contribution of intelligent business analysis 
operated through improved risk assessment. This pattern was consistent with earlier evidence that 
integrated data and predictive systems strengthened organizational decisions by first improving the 
quality of risk information available to managers (Shafik, 2024). Partial mediation was also theoretically 
appropriate because AI-enabled business intelligence supported liquidity monitoring through several 
additional channels, including direct cash-position reporting, automated obligation tracking, 
transaction reconciliation, cash-flow forecasting, and real-time alerts. Financial risk assessment 
therefore represented an important but not exclusive transmission mechanism. The resource-based 
perspective explained the result by treating technology, data, expertise, and analytical routines as 
coordinated organizational resources. Dynamic capabilities theory explained how these resources 
supported the recognition of changing financial conditions and the adjustment of organizational 
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responses. Organizational information processing theory further explained why financial risk 
assessment became a mediating mechanism: AI-enabled systems increased information-processing 
capacity, and that increased capacity improved the identification and classification of financially 
harmful conditions (Haque et al., 2024). The acceptable structural-model fit and explained variance of 
53.5% for financial risk assessment and 57.4% for liquidity monitoring provided quantitative support 
for this integrated interpretation. Earlier studies reported comparable patterns in which analytical 
capability influenced operational or financial outcomes through intermediate decision-quality and risk-
management processes. This study therefore positioned financial risk assessment as a measurable 
organizational process through which intelligent financial information was converted into stronger 
liquidity awareness and control. 
The dimension-level results showed that the contribution of AI-enabled business intelligence varied 
according to the analytical function examined. Predictive capability, decision-support effectiveness, 
real-time processing, data integration, anomaly detection, and analytical automation independently 
predicted financial risk assessment, whereas visualization quality and system accessibility did not 
retain significant independent effects in the complete model. Predictive capability produced the 
strongest dimension-level coefficient at .20, followed by decision-support effectiveness at .18, real-time 
processing at .17, data integration at .16, anomaly detection at .14, and analytical automation at .11. 
Earlier machine-learning studies similarly emphasized predictive accuracy as a central advantage of 
artificial intelligence in credit, default, fraud, and financial-distress assessment (Zahidi et al., 2024). 
Earlier business intelligence research also showed that integrated and rapidly updated information 
improved organizational awareness of financial conditions. Decision-support effectiveness emerged as 
a particularly important component because analytical output became useful only when it informed 
managerial judgment, prioritization, and response. The non-significant independent effects for 
visualization and accessibility did not indicate that these dimensions lacked value. Both were 
significantly correlated with financial risk assessment, and visualization quality recorded the highest 
descriptive mean. Their reduced regression effects reflected shared variance with more analytically 
substantive capabilities, particularly decision support, real-time processing, and data integration. 
Earlier information systems studies reported similar results by distinguishing user-facing system 
qualities from the deeper analytical processes responsible for prediction and classification. 
Measurement reliability strengthened confidence in these interpretations (Bharti et al., 2023). 
Cronbach’s alpha and McDonald’s omega exceeded .82 for every dimension and .94 for all overall 
constructs. Composite reliability ranged from .942 to .953, while average variance extracted ranged 
from .548 to .574. Standardized factor loadings remained between .67 and .91, and the heterotrait–
monotrait ratios remained below .85. These findings were consistent with earlier quantitative studies 
that required multidimensional technology and financial-management constructs to demonstrate both 
internal consistency and empirical distinctiveness. The confirmatory model also achieved satisfactory 
fit, with a comparative fit index of .947, Tucker–Lewis index of .944, root mean square error of 
approximation of .039, and standardized root mean square residual of .043. The measurement results 
therefore demonstrated that AI-enabled business intelligence, financial risk assessment, and liquidity 
monitoring were closely related but statistically distinguishable constructs (Zhang et al., 2023). This 
distinction was necessary for interpreting the regression and mediation findings as relationships 
among separate organizational capabilities. 
The subgroup findings demonstrated that organizational context influenced the level of AI-enabled 
business intelligence, financial risk assessment, and liquidity monitoring. Technological readiness 
produced the strongest subgroup effects, explaining between 12.3% and 13.7% of the variation in 
construct scores. Organizations with very high technological readiness reported an AI-enabled 
business intelligence mean of 4.32, compared with 3.88 among organizations with moderate readiness. 
Comparable differences appeared in financial risk assessment and liquidity monitoring (Tsolakis et al., 
2023). Earlier technology-adoption studies consistently identified compatible infrastructure, digital 
integration, technical expertise, and system reliability as major conditions supporting advanced 
analytical use. The present findings were aligned with that evidence and showed that readiness affected 
not only technology adoption but also financial risk and liquidity outcomes. Organizational size 
produced smaller but significant effects. Large organizations reported higher means than small 
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organizations across all three constructs, with effect sizes ranging from .038 to .048. Earlier research 
similarly showed that large organizations often possessed greater financial resources, larger datasets, 
specialized analytical employees, and more formal governance structures. Smaller organizations 
frequently relied on less integrated systems and narrower technical teams, which constrained the depth 
of intelligent financial analysis. Duration of exposure to digital financial systems also produced 
significant differences. Respondents with more than eight years of exposure consistently reported 
stronger capabilities than those with one to two years of exposure (Blöcher & Alt, 2021). This result 
corresponded with earlier learning and technology-assimilation studies showing that repeated system 
use strengthened employee competence, organizational routines, and trust in analytical information. 
Sector differences were statistically significant but small and inconsistent after corrected comparisons. 
Banking generally recorded the highest mean scores, which was consistent with earlier evidence 
concerning regulatory reporting, transaction volume, risk controls, and investment in financial 
technology. Professional position produced no statistically significant differences, and gender 
differences were negligible. These non-significant findings indicated that organizational infrastructure 
and analytical maturity were more influential than individual demographic or occupational categories. 
The interaction results provided further contextual evidence. Data quality strengthened the 
relationship between AI-enabled business intelligence and financial risk assessment, while 
technological readiness and management support strengthened the relationship with liquidity 
monitoring (Litvinova et al., 2024). Earlier research repeatedly identified these conditions as 
complementary resources that enabled technology to generate organizational value. The small 
interaction effect sizes showed that contextual factors refined the strength of the principal relationships 
without replacing the direct contribution of AI-enabled business intelligence. 
The combined statistical evidence demonstrated that the findings possessed both statistical and 
practical importance. The three principal correlations ranged from .651 to .694, indicating strong 
relationships rather than weak associations that reached significance primarily because of sample size. 
The regression models explained 53.5% of the variance in financial risk assessment and 57.4% of the 
variance in liquidity monitoring (Sabeti et al., 2021). These values compared favorably with earlier 
organizational studies in which technology, data quality, system use, and management support 
explained moderate proportions of variation in decision quality or financial performance. The large 
incremental effects of AI-enabled business intelligence on both outcome constructs showed that 
intelligent analytical capability contributed information beyond conventional organizational controls. 
Earlier risk-prediction studies commonly emphasized improvements in accuracy or classification 
performance, while the present study measured broader organizational outcomes involving timeliness, 
completeness, consistency, visibility, and early warning. This broader measurement perspective 
explained why the results extended beyond purely technical model comparisons. The mediation effect 
of .26 and mediated proportion of 45.0% also represented a meaningful structural relationship. Earlier 
studies often reported direct associations between analytical technology and organizational 
performance, but fewer investigations examined the internal financial process through which that 
relationship operated (Aquino et al., 2023). The present evidence showed that improved risk 
assessment accounted for a substantial part of the relationship with liquidity monitoring. The reporting 
of confidence intervals and effect sizes also allowed the findings to be interpreted more 
comprehensively than results based exclusively on probability values. Technological readiness 
produced the largest subgroup effect, while sector, organizational size, exposure duration, and 
interaction terms produced small to moderate effects. Gender and professional-position comparisons 
remained non-significant and negligible, demonstrating that not every tested difference was treated as 
substantively important. This balanced pattern was consistent with earlier methodological 
recommendations encouraging simultaneous consideration of significance, precision, magnitude, and 
explained variance. The findings also corresponded with international evidence from banking, 
insurance, manufacturing, retail, telecommunications, investment, healthcare, and professional 
services, where intelligent analytics strengthened financial visibility and risk recognition under 
different organizational conditions (Papagiannidis et al., 2023). Variation across sectors remained 
limited, indicating that the principal relationships were not confined to a single industry. The statistical 
results therefore located AI-enabled business intelligence within an integrated organizational 
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framework involving technology, data, analytical competence, risk assessment, and liquidity control. 
CONCLUSION 
This quantitative study concluded that AI-enabled business intelligence played a substantial and 
statistically significant role in strengthening financial risk assessment and liquidity monitoring across 
the participating organizations. Evidence obtained from 412 financial, managerial, analytical, and 
information-technology professionals showed favorable evaluations of AI-enabled business 
intelligence, financial risk assessment, and liquidity monitoring, which recorded mean scores of 4.11, 
4.09, and 4.05, respectively. The measurement scales demonstrated strong internal consistency, with 
Cronbach’s alpha coefficients ranging from .941 to .952, while confirmatory factor analysis established 
satisfactory convergent and discriminant validity. AI-enabled business intelligence was strongly 
correlated with financial risk assessment at r=.694r=.694r=.694 and liquidity monitoring at 
r=.651r=.651r=.651, while financial risk assessment was strongly related to liquidity monitoring at 
r=.669r=.669r=.669. Hierarchical regression analysis showed that AI-enabled business intelligence 
explained an additional 29.7% of the variance in financial risk assessment and 25.3% of the variance in 
liquidity monitoring after participant and organizational characteristics had been controlled. Predictive 
capability, decision-support effectiveness, real-time processing, financial data integration, anomaly 
detection, and analytical automation emerged as significant components of effective financial risk 
assessment. The final liquidity model explained 57.4% of the observed variance, with AI-enabled 
business intelligence and financial risk assessment retaining significant independent effects. Mediation 
analysis demonstrated that financial risk assessment transmitted 45.0% of the total relationship 
between AI-enabled business intelligence and liquidity monitoring. The statistically significant indirect 
effect of .26 established that intelligent analytical capability strengthened liquidity monitoring partly 
by improving the identification, measurement, classification, and communication of financial risk. 
Technological readiness produced the strongest contextual differences, while organizational size, 
industry sector, system-exposure duration, data quality, and management support also influenced 
analytical effectiveness. Professional position and gender produced no meaningful differences, 
indicating that organizational capabilities were more influential than individual demographic 
characteristics. Overall, the findings established AI-enabled business intelligence as an integrated 
financial-management capability that connected reliable data, predictive analytics, automated 
processing, real-time information, and managerial decision support with more accurate risk assessment 
and more effective liquidity control. The results confirmed that intelligent financial analysis derived its 
organizational value from the coordinated interaction of technology, data quality, analytical 
competence, governance, and structured risk-management processes. 
RECOMMENDATION  
Organizations should strengthen AI-enabled business intelligence as an integrated financial-
management capability rather than treating it as an isolated reporting application. Priority should be 
given to connecting accounting, treasury, banking, customer, supplier, operational, and market 
information within a governed data environment because financial data integration was strongly 
associated with effective risk assessment. Investment should also concentrate on predictive analytics, 
decision-support effectiveness, and real-time processing, which emerged as the most influential 
dimensions of intelligent financial analysis. Organizations should improve anomaly-detection systems 
capable of identifying unusual transactions, payment irregularities, control failures, and emerging 
financial deterioration, as this dimension received a comparatively lower assessment. Liquidity-
monitoring systems should move beyond current cash reporting by incorporating cash-flow 
forecasting, funding-gap detection, maturity analysis, automated obligation tracking, and scenario-
based stress assessment. Particular attention should be directed toward liquidity-stress recognition and 
warning timeliness because these dimensions recorded the lowest liquidity-monitoring scores. 
Financial managers should establish measurable alert thresholds, escalation responsibilities, and 
response procedures so that analytical warnings lead to timely examination and action. Organizations 
should maintain formal data-quality programs covering completeness, accuracy, consistency, 
timeliness, relevance, and duplication control because data quality significantly strengthened the 
relationship between intelligent business analysis and financial risk assessment. Management should 
provide sustained financial support, employee training, system maintenance, and cross-functional 
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coordination among finance, treasury, risk, auditing, information technology, and senior leadership. 
Independent validation should be conducted regularly to evaluate predictive accuracy, false-warning 
rates, model stability, and changes in financial relationships. Explainable artificial intelligence 
techniques should accompany complex models so that managers can identify the variables contributing 
to risk classifications and liquidity warnings. Strong cybersecurity, access controls, documentation, 
model approval, audit trails, and human oversight should be maintained to protect sensitive financial 
information and preserve accountability. Smaller and moderately prepared organizations should adopt 
capability development in manageable stages, beginning with data standardization and integrated 
dashboards before introducing advanced prediction and automated decision support. Regulators and 
professional bodies should provide sector-appropriate guidance on model governance, financial data 
protection, validation, and responsible automated analysis. Periodic performance reviews should use 
statistical significance, confidence intervals, effect sizes, forecasting errors, response time, and financial-
loss prevention to determine whether AI-enabled business intelligence continues to support accurate 
risk assessment and effective liquidity monitoring. 
LIMITATIONS 
This study contained several limitations that should be considered when interpreting its quantitative 
findings. The cross-sectional design measured AI-enabled business intelligence, financial risk 
assessment, and liquidity monitoring during a single data-collection period, preventing the statistical 
relationships from establishing definitive temporal order or causality. The mediation result showed 
that financial risk assessment transmitted part of the relationship between intelligent business analysis 
and liquidity monitoring, but the simultaneous measurement of the variables limited causal 
interpretation of this indirect pathway. Data were collected through a structured self-administered 
questionnaire, meaning that the results reflected participant perceptions rather than independently 
verified system records, actual risk events, transactional data, or observed liquidity outcomes. Self-
reported information was susceptible to social desirability, recall error, response consistency, and 
favorable assessments of organizational technology. Procedural and statistical controls reduced 
common-method bias, although dependence on a single primary instrument could not eliminate it 
completely. The sample included professionals from several industries and organizational sizes, but 
access restrictions required a combination of proportionate and purposive selection. Consequently, the 
final respondents might not have represented every employee or organization using AI-enabled 
financial systems. Banking and large organizations possessed comparatively stronger representation 
and technological readiness, potentially limiting generalization to small enterprises, informal 
businesses, and organizations with limited digital infrastructure. The subgroup sizes also varied, 
producing wider confidence intervals for some sector estimates and reducing statistical power for 
detailed comparisons. AI-enabled business intelligence was measured as a broad organizational 
capability containing multiple technological and managerial dimensions. Differences among specific 
software platforms, machine-learning algorithms, data architectures, implementation costs, and system 
vendors were not evaluated separately. Financial risk assessment and liquidity monitoring were 
measured through perceived effectiveness rather than confirmed reductions in default, fraud, financial 
loss, cash shortages, or funding costs. Although relevant organizational characteristics were controlled, 
additional factors such as economic instability, regulatory intensity, cybersecurity maturity, 
organizational culture, leadership style, and employee resistance could have influenced the reported 
relationships. The use of a five-point response scale also limited the degree of variation available for 
representing complex organizational practices. Finally, artificial intelligence systems and financial 
regulations change rapidly, meaning that the findings reflected the technologies, governance 
arrangements, and organizational conditions present during the defined study period rather than every 
possible form of intelligent financial analysis. 
REFERENCES 

[1]. Abdulwahid, A. H., Pattnaik, M., Palav, M. R., Babu, S. T., Manoharan, G., & Selvi, G. P. (2023). Library management 
system using artificial intelligence. 2023 Eighth International Conference on Science Technology Engineering and 
Mathematics (ICONSTEM),  

[2]. Abu Jamie, N. H., Abu-Jamie, T. N., & Al-Absy, M. S. M. (2024). Advances in AI and their effects on finance and 
economic analysis. The AI Revolution: Driving Business Innovation and Research: Volume 1, 507-523.  



Review of Applied Science and Technology, December 2025, 195– 246 

242 
 

[3]. Adam, M., Soliman, A. M., & Mahtab, N. (2023). Measuring enterprise risk management implementation: A 
multifaceted approach for the banking sector. The Quarterly Review of Economics and Finance, 87, 244-256.  

[4]. Adams, D., & Chuah, K.-M. (2022). Artificial intelligence-based tools in research writing: Current trends and future 
potentials. Artificial intelligence in higher education, 169-184.  

[5]. Alam, A. (2021). Should robots replace teachers? Mobilisation of AI and learning analytics in education. 2021 
international conference on advances in computing, communication, and control (ICAC3),  

[6]. Aldoseri, A., Al-Khalifa, K. N., & Hamouda, A. M. (2023). Re-thinking data strategy and integration for artificial 
intelligence: concepts, opportunities, and challenges. Applied Sciences, 13(12), 7082.  

[7]. Alghamdi, N. A., & Al-Baity, H. H. (2022). Augmented analytics driven by AI: A digital transformation beyond 
business intelligence. Sensors, 22(20), 8071.  

[8]. Alshurideh, M. T., El Khatib, M., Al Kurdi, B., Nawaiseh, A. K., Hamadneh, S., Al-Sulaiti, K., Alrawabdeh, W. A., 
Alshurideh, A., Shwedeh, F., & Alzoubi, H. M. (2024). Exploring the Impact of AI-Based Technology on Supply Chain 
Efficiency, with Mediator Role of Smart Inventory Management Practices. International Scientific Conference 
Management and Engineering,  

[9]. Alsolbi, I., Agarwal, R., Unhelkar, B., Al-Jabri, T., Samarawickrama, M., Tafavogh, S., & Prasad, M. (2023). A 
conceptual design of an AI-enabled decision support system for analysing donor behaviour in nonprofit 
organisations. Information, 14(10), 578.  

[10]. Anshari, M., Almunawar, M. N., Masri, M., & Hrdy, M. (2021). Financial technology with AI-enabled and ethical 
challenges. Society, 58(3), 189-195.  

[11]. Aquino, Y. S. J., Rogers, W. A., Braunack-Mayer, A., Frazer, H., Win, K. T., Houssami, N., Degeling, C., Semsarian, 
C., & Carter, S. M. (2023). Utopia versus dystopia: professional perspectives on the impact of healthcare artificial 
intelligence on clinical roles and skills. International Journal of Medical Informatics, 169, 104903.  

[12]. Arshi, T. A., Elborno, F. S., & Al Macki, N. (2024). Theory Building or Theory Testing: How Can Entrepreneurship 
Research Benefit from Artificial Intelligence? International Conference on Business Management, Entrepreneurship 
and Sustainable Circular Economy,  

[13]. Asiedu, E., Boakye, A. N., Malcalm, E., & Majeed, M. (2024). AI-enabled Chatbot integration on business process and 
its effect on service performance. International conference on advances in information communication technology & 
computing,  

[14]. Bahoo, S., Cucculelli, M., Goga, X., & Mondolo, J. (2024). Artificial intelligence in Finance: a comprehensive review 
through bibliometric and content analysis. SN Business & Economics, 4(2), 23.  

[15]. Benitez, G. B., Ayala, N. F., & Frank, A. G. (2020). Industry 4.0 innovation ecosystems: An evolutionary perspective 
on value cocreation. International journal of production economics, 228, 107735.  

[16]. Bertram, C., Weiss, Z., Zachrich, L., & Ziai, R. (2021). Artificial intelligence in history education. Linguistic content 
and complexity analyses of student writings in the CAHisT project (Computational assessment of historical 
thinking). Computers and Education: Artificial Intelligence, 100038.  

[17]. Bharti, S. S., Prasad, K., Sudha, S., & Kumari, V. (2023). Customer acceptability towards AI-enabled digital banking: 
a PLS-SEM approach. Journal of Financial Services Marketing, 28(4), 779-793.  

[18]. Bhatt, S., & Singh, P. (2023). A comprehensive review of AI-enabled financial domain: past, present & future aspects. 
2023 3rd international conference on innovative sustainable computational technologies (CISCT),  

[19]. Blöcher, K., & Alt, R. (2021). AI and robotics in the European restaurant sector: Assessing potentials for process 
innovation in a high-contact service industry: K. Blöcher, R. Alt. Electronic Markets, 31(3), 529-551.  

[20]. Boscaljon, B., Feng, H., Jia, Y., & Sun, Q. (2021). Government customers, institutional investment horizons, and 
liquidity risk. Review of Quantitative Finance and Accounting, 56(1), 273-296.  

[21]. Bouchetara, M., Zerouti, M., & Zouambi, A. R. (2024). Leveraging artificial intelligence (AI) in public sector financial 
risk management: Innovations, challenges, and future directions. EDPACS, 69(9), 124-144.  

[22]. Cadden, T., Dennehy, D., Mantymaki, M., & Treacy, R. (2022). Understanding the influential and mediating role of 
cultural enablers of AI integration to supply chain. International Journal of Production Research, 60(14), 4592-4620.  

[23]. Cao, L., Yang, Q., & Yu, P. S. (2021). Data science and AI in FinTech: An overview. International Journal of Data Science 
and Analytics, 12(2), 81-99.  

[24]. Chen, L., Chen, P., & Lin, Z. (2020). Artificial intelligence in education: A review. IEEE access, 8, 75264-75278.  
[25]. Chen, Y., Huang, D., Liu, Z., Osmani, M., & Demian, P. (2022). Construction 4.0, Industry 4.0, and Building 

Information Modeling (BIM) for sustainable building development within the smart city. Sustainability, 14(16), 10028.  
[26]. Cheng, X., Liu, S., Sun, X., Wang, Z., Zhou, H., Shao, Y., & Shen, H. (2021). Combating emerging financial risks in the 

big data era: A perspective review. Fundamental Research, 1(5), 595-606.  
[27]. Chowdhary, K. (2020). Fundamentals of artificial intelligence.  
[28]. Dai, C.-P., Ke, F., Pan, Y., Moon, J., & Liu, Z. (2024). Effects of artificial intelligence-powered virtual agents on learning 

outcomes in computer-based simulations: A meta-analysis. Educational Psychology Review, 36(1), 31.  
[29]. Dana, L.-P., Salamzadeh, A., Hadizadeh, M., Heydari, G., & Shamsoddin, S. (2022). Urban entrepreneurship and 

sustainable businesses in smart cities: Exploring the role of digital technologies. Sustainable Technology and 
Entrepreneurship, 1(2), 100016.  

[30]. Dattangire, R., Vaidya, R., Biradar, D., & Joon, A. (2024). Exploring the tangible impact of artificial intelligence and 
machine learning: Bridging the gap between hype and reality. 2024 1st International Conference on Advanced 
Computing and Emerging Technologies (ACET),  

[31]. Davidsson, P., & Sufyan, M. (2023). What does AI think of AI as an external enabler (EE) of entrepreneurship? An 
assessment through and of the EE framework. Journal of Business Venturing Insights, 20, e00413.  



Review of Applied Science and Technology, December 2025, 195– 246 

243 
 

[32]. Debasish, A. (2021). Energy-Aware Process Optimization for Reducing Material Waste in Sustainable Additive 
Manufacturing. American Journal of Advanced Technology and Engineering Solutions, 1(4), 108-137. 
https://doi.org/10.63125/j0wk7j48  

[33]. Debasish, A. (2025). Design-for-Manufacturing Optimization for Improving Resilience in U.S. Additive 
Manufacturing Supply Chains. American Journal of Interdisciplinary Studies, 6(02), 185-204. 
https://doi.org/10.63125/hxm3tb71  

[34]. Dhanushkodi, K., & Thejas, S. (2024). Ai enabled threat detection: Leveraging artificial intelligence for advanced 
security and cyber threat mitigation. IEEE access, 12, 173127-173136.  

[35]. Drydakis, N. (2022). Artificial Intelligence and reduced SMEs’ business risks. A dynamic capabilities analysis during 
the COVID-19 pandemic. Information systems frontiers, 24(4), 1223-1247.  

[36]. Du, S., El Akremi, A., & Jia, M. (2023). Quantitative research on corporate social responsibility: A quest for relevance 
and rigor in a quickly evolving, turbulent world. Journal of Business Ethics, 187(1), 1-15.  

[37]. Durlik, I., Miller, T., Cembrowska-Lech, D., Krzemińska, A., Złoczowska, E., & Nowak, A. (2023). Navigating the sea 
of data: a comprehensive review on data analysis in maritime IoT applications. Applied Sciences, 13(17), 9742.  

[38]. Dziwok, E., & Karaś, M. A. (2021). Systemic illiquidity noise-based measure—a solution for systemic liquidity 
monitoring in frontier and emerging markets. Risks, 9(7), 124.  

[39]. Echedom, A. U., & Okuonghae, O. (2021). Transforming academic library operations in Africa with artificial 
intelligence: Opportunities and challenges: A review paper. New Review of Academic Librarianship, 27(2), 243-255.  

[40]. El Hajj, M., & Hammoud, J. (2023). Unveiling the influence of artificial intelligence and machine learning on financial 
markets: A comprehensive analysis of AI applications in trading, risk management, and financial operations. Journal 

of Risk and Financial Management, 16(10), 434.  
[41]. El Samad, M., Nasserddine, G., & Kheir, A. (2023). Introduction to artificial intelligence. In Artificial intelligence and 

knowledge processing (pp. 1-14). CRC Press.  
[42]. Faqihi, A., & Miah, S. J. (2023). Artificial intelligence-driven talent management system: Exploring the risks and 

options for constructing a theoretical foundation. Journal of Risk and Financial Management, 16(1), 31.  
[43]. Gao, B. (2022). The use of machine learning combined with data mining technology in financial risk prevention. 

Computational economics, 59(4), 1385-1405.  
[44]. Gracias, J. S., Parnell, G. S., Specking, E., Pohl, E. A., & Buchanan, R. (2023). Smart cities—A structured literature 

review. Smart cities, 6(4), 1719-1743.  
[45]. Guerra, P., Castelli, M., & Côrte-Real, N. (2022). Machine learning for liquidity risk modelling: A supervisory 

perspective. Economic Analysis and Policy, 74, 175-187.  
[46]. Gupta, S., Modgil, S., Bhattacharyya, S., & Bose, I. (2022). Artificial intelligence for decision support systems in the 

field of operations research: review and future scope of research. Annals of Operations Research, 308(1), 215-274.  
[47]. Gurjar, K., Jangra, A., Baber, H., Islam, M., & Sheikh, S. A. (2024). An analytical review on the impact of artificial 

intelligence on the business industry: Applications, trends, and challenges. IEEE Engineering Management Review, 
52(2), 84-102.  

[48]. Hajimahmud, V. A., Khang, A., Ali, R. N., Aliyeva, S., & Asgarova, B. (2024). Managing financial risks in the Gig 
economy. In Synergy of AI and Fintech in the Digital Gig Economy (pp. 125-134). CRC Press.  

[49]. Haque, A., Akther, N., Khan, I., Agarwal, K., & Uddin, N. (2024). Artificial intelligence in retail marketing: Research 
agenda based on bibliometric reflection and content analysis (2000–2023). Informatics,  

[50]. Hassan, W. M., Aldoseri, D. T., Saeed, M. M., Khder, M. A., & Ali, B. J. (2022). Utilization of artificial intelligence and 
robotics technology in business. 2022 ASU International Conference in Emerging Technologies for Sustainability and 
Intelligent Systems (ICETSIS),  

[51]. Ho, G. T., Tang, Y. M., Tsang, K. Y., Tang, V., & Chau, K. Y. (2021). A blockchain-based system to enhance aircraft 
parts traceability and trackability for inventory management. Expert Systems with Applications, 179, 115101.  

[52]. Hunde, B. R., & Woldeyohannes, A. D. (2022). Future prospects of computer-aided design (CAD)–A review from the 
perspective of artificial intelligence (AI), extended reality, and 3D printing. Results in Engineering, 14, 100478.  

[53]. Jakhongirov, I., Roshan, K., Bamini, J., & Silpa, G. (2024). Finding the Factors by Integrating the AI Model and 
Business Analytics Risk Assessment on Firm Organization. 2024 2nd International Conference on Disruptive 
Technologies (ICDT),  

[54]. Jorzik, P., Yigit, A., Kanbach, D. K., Kraus, S., & Dabić, M. (2023). Artificial intelligence-enabled business model 
innovation: Competencies and roles of top management. IEEE transactions on engineering management, 71, 7044-7056.  

[55]. Karkošková, S. (2023). Data governance model to enhance data quality in financial institutions. Information Systems 
Management, 40(1), 90-110.  

[56]. Khattak, B. H. A., Shafi, I., Khan, A. S., Flores, E. S., Lara, R. G., Samad, M. A., & Ashraf, I. (2023). A systematic survey 
of AI models in financial market forecasting for profitability analysis. IEEE access, 11, 125359-125380.  

[57]. Kitsios, F., & Kamariotou, M. (2021). Artificial intelligence and business strategy towards digital transformation: A 
research agenda. Sustainability, 13(4), 2025.  

[58]. Kontogiannis, T. (2021). A qualitative model of patterns of resilience and vulnerability in responding to a pandemic 
outbreak with system dynamics. Safety Science, 134, 105077.  

[59]. Kostopoulos, G., Davrazos, G., & Kotsiantis, S. (2024). Explainable artificial intelligence-based decision support 
systems: A recent review. Electronics, 13(14), 2842.  

[60]. Krishna, S. H., Madala, R., Ramya, P., Sabarirajan, A., Dobhal, D., & Sapate, S. (2023). Ethically Governed Artificial 
Intelligence Based Innovative Business Research in Finance and Marketing System. 2023 Eighth International 
Conference on Science Technology Engineering and Mathematics (ICONSTEM),  

https://doi.org/10.63125/j0wk7j48
https://doi.org/10.63125/hxm3tb71


Review of Applied Science and Technology, December 2025, 195– 246 

244 
 

[61]. Kumar, M., Raut, R. D., Mangla, S. K., Ferraris, A., & Choubey, V. K. (2024). The adoption of artificial intelligence 
powered workforce management for effective revenue growth of micro, small, and medium scale enterprises 
(MSMEs). Production Planning & Control, 35(13), 1639-1655.  

[62]. Kumar, P., Dwivedi, Y. K., & Anand, A. (2023). Responsible artificial intelligence (AI) for value formation and market 
performance in healthcare: The mediating role of patient’s cognitive engagement. Information systems frontiers, 25(6), 
2197-2220.  

[63]. Kumar, S., Lim, W. M., Sivarajah, U., & Kaur, J. (2023). Artificial intelligence and blockchain integration in business: 
trends from a bibliometric-content analysis. Information systems frontiers, 25(2), 871-896.  

[64]. Li, F., Lu, H., Hou, M., Cui, K., & Darbandi, M. (2021). Customer satisfaction with bank services: The role of cloud 
services, security, e-learning and service quality. Technology in Society, 64, 101487.  

[65]. Litvinova, Y., Mikalef, P., & Luo, X. (2024). Framework for human–XAI symbiosis: extended self from the dual-
process theory perspective. Journal of Business Analytics, 7(4), 224-255.  

[66]. López-Robles, J. R., Otegi-Olaso, J. R., Porto-Gómez, I., Gamboa-Rosales, H., & Gamboa-Rosales, N. K. (2020). 
Understanding the intellectual structure and evolution of Competitive Intelligence: A bibliometric analysis from 1984 
to 2017. Technology analysis & strategic management, 32(5), 604-619.  

[67]. Mao, H., Zhang, T., & Tang, Q. (2021). Research framework for determining how artificial intelligence enables 
information technology service management for business model resilience. Sustainability, 13(20), 11496.  

[68]. Mathrani, S. (2024). Creating financial management prowess with AI-enabled enterprise systems. 2024 International 
Conference on Sustainable Technology and Engineering (i-COSTE),  

[69]. Mazanec, J., & Bartosova, V. (2021). Prediction model as sustainability tool for assessing financial status of non-profit 
organizations in the Slovak Republic. Sustainability, 13(17), 9721.  

[70]. Md Arif Uz, Z., Sharmin, S., & Md Abdur, R. (2025). Factors Influencing Behavioural Intention to Use he Innovative 
Open And Distance Learning Systems With The Role Of Continuance Intention. American Journal of Scholarly Research 
and Innovation, 4(01), 202-220. https://doi.org/10.63125/pbjxp014  

[71]. Md Mahamud Pervaz, P. (2025). Development of a CMMS-Integrated Predictive Maintenance Framework for 
Industrial PLC and Drive Systems. American Journal of Scholarly Research and Innovation, 4(01), 894–942. 
https://doi.org/10.63125/j33gtf31  

[72]. Md Mostafizur, R. (2025). Data-Driven Graph Neural Network Models for Detecting Fraudulent Insurance Claims 
In Healthcare Systems. American Journal of Interdisciplinary Studies, 6(1), 263-294. 
https://doi.org/10.63125/pmqa1e33  

[73]. Md Mostafizur, R., Omar Muhammad, F., & Sheratun Noor, J. (2025). Data Privacy in Business Intelligence Systems: 
Ensuring Compliance In HRIS And Enterprise Platforms. International Journal of Scientific Interdisciplinary Research, 
6(1), 97-136. https://doi.org/10.63125/527rnx08  

[74]. Md Syeedur, R., & Sharmin, R. (2025). A Data-Driven Study on the use of Small Language Models & Large Language 
Models for Interpreting Complex Industrial Data and Deriving Actionable Outcome. American Journal of Data Science 
and Analytics, 6(11), 01-19. https://doi.org/10.63125/5vyhgs98  

[75]. Md. Abdur, R., & Iftekhar, A. (2021). Customer Retention Forecasting in Mobile Wallet Services Using Neural 
Networks: A Comparative Quantitative Study. International Journal of Business and Economics Insights, 1(4), 70-102. 
https://doi.org/10.63125/dyrpc387  

[76]. Mofokeng, T. E. (2021). The impact of online shopping attributes on customer satisfaction and loyalty: Moderating 
effects of e-commerce experience. Cogent Business & Management, 8(1), 1968206.  

[77]. Mohammad Abir Chowdhury, S., & Tonay, P. (2022). An Empirical Analysis of the Impact of Robotic Process 
Automation and Continuous Auditing on the Timeliness And Accuracy Of Financial Reporting Assurance. 
International Journal of Business and Economics Insights, 2(4), 73-126. https://doi.org/10.63125/7p8dcr47  

[78]. Mohammad Badrul, A. (2025). SCADA And IOT-Enabled Smart Water Metering: A Systematic Review of Resilient 
Supply Monitoring. International Journal of Scientific Interdisciplinary Research, 6(1), 576–615. 
https://doi.org/10.63125/at8pnx81  

[79]. Mohammad Badrul, A., & Md. Mominul, H. (2023). Machine Learning–Based Assessment of Environmental and 
Public Health Risks in Sewerage Sludge Management Systems. American Journal of Advanced Technology and 
Engineering Solutions, 3(02), 33-77. https://doi.org/10.63125/y3yfxa92  

[80]. Muhammad Zahidul, I. (2025). Development of a Dashboarding and Visualization Framework For Pharmaceutical 
Brand Performance Analytics Using Tableau and Python. American Journal of Interdisciplinary Studies, 6(3), 351-393. 
https://doi.org/10.63125/e6djq308  

[81]. Muhammad Zahidul, I., & Amena Begum, S. (2022). Applied Data-Analytics Approaches to Cardiovascular Drug-
Utilization Patterns: An Empirical Study Using Real-World Pharmaceutical Sales Data. American Journal of Data 
Science and Analytics, 3(12), 89-129. https://doi.org/10.63125/7xgryf71  

[82]. Mukut Kanti, B. (2020). Integrated Framework for Fire Safety and Electrical Hazard Assessment in Large-Scale 
Industrial and Commercial Facilities: A Mixed-Method Analysis. American Journal of Advanced Technology and 
Engineering Solutions, 1(01), 40-86. https://doi.org/10.63125/zxsbdr47  

[83]. Mukut Kanti, B. (2024). AI-Enabled Predictive Asset Integrity Monitoring for Industrial Equipment in Oil & Gas and 
Energy Sector Facilities. International Journal of Scientific Interdisciplinary Research, 5(2), 746–791. 
https://doi.org/10.63125/3mjcah04  

[84]. Mukut Kanti, B. (2025). Lifecycle Carbon Reduction and Net Zero Pathway Modeling Using LEED, EDGE, and SBTI 
Frameworks in Developing Economy Industrial Buildings. American Journal of Interdisciplinary Studies, 6(3), 306-350. 
https://doi.org/10.63125/tnneth75  

https://doi.org/10.63125/pbjxp014
https://doi.org/10.63125/j33gtf31
https://doi.org/10.63125/pmqa1e33
https://doi.org/10.63125/527rnx08
https://doi.org/10.63125/5vyhgs98
https://doi.org/10.63125/dyrpc387
https://doi.org/10.63125/7p8dcr47
https://doi.org/10.63125/at8pnx81
https://doi.org/10.63125/y3yfxa92
https://doi.org/10.63125/e6djq308
https://doi.org/10.63125/7xgryf71
https://doi.org/10.63125/zxsbdr47
https://doi.org/10.63125/3mjcah04
https://doi.org/10.63125/tnneth75


Review of Applied Science and Technology, December 2025, 195– 246 

245 
 

[85]. Nawaz, N., Arunachalam, H., Pathi, B. K., & Gajenderan, V. (2024). The adoption of artificial intelligence in human 
resources management practices. International Journal of Information Management Data Insights, 4(1), 100208.  

[86]. Ng, D. T. K., Leung, J. K. L., Chu, S. K. W., & Qiao, M. S. (2021). Conceptualizing AI literacy: An exploratory review. 
Computers and Education: Artificial Intelligence, 2, 100041.  

[87]. Nguyen, N. P. A., & Dao, T. T. B. (2022). Liquidity, corporate governance and firm performance: A meta-analysis. 
Cogent Business & Management, 9(1), 2137960.  

[88]. Nishat, J. (2025). Leveraging Machine Learning to Identify and Address Maternal Health Disparities in Underserved 
U.S. Communities. American Journal of Data Science and Analytics, 6(12), 125-169. https://doi.org/10.63125/c2t7r719  

[89]. Nishat, J., & Mst Kaniz, F. (2022). A Review of the Impact of Covid-19 On Maternal and Child Health Service 
Utilization in Bangladesh. American Journal of Scholarly Research and Innovation, 1(02), 223–269. 
https://doi.org/10.63125/vgv5s742  

[90]. Ozay, D., Jahanbakht, M., Shoomal, A., & Wang, S. (2024). Artificial Intelligence (AI)-based Customer Relationship 
Management (CRM): a comprehensive bibliometric and systematic literature review with outlook on future research. 
Enterprise Information Systems, 18(7), 2351869.  

[91]. Papagiannidis, E., Mikalef, P., Conboy, K., & Van de Wetering, R. (2023). Uncovering the dark side of AI-based 
decision-making: A case study in a B2B context. Industrial Marketing Management, 115, 253-265.  

[92]. Polak, P., Nelischer, C., Guo, H., & Robertson, D. C. (2020). “Intelligent” finance and treasury management: what we 
can expect. Ai & Society, 35(3), 715-726.  

[93]. Przywara, D., & Rak, A. (2021). Monitoring of time and cost variances of schedule using simple earned value method 
indicators. Applied Sciences, 11(4), 1357.  

[94]. Rafiq, M., Zhang, X., Yuan, J., Naz, S., & Maqbool, S. (2020). Impact of a balanced scorecard as a strategic management 
system tool to improve sustainable development: measuring the mediation of organizational performance through 
PLS-smart. Sustainability, 12(4), 1365.  

[95]. Rahmani, A. M., Rezazadeh, B., Haghparast, M., Chang, W.-C., & Ting, S. G. (2023). Applications of artificial 
intelligence in the economy, including applications in stock trading, market analysis, and risk management. IEEE 
access, 11, 80769-80793.  

[96]. Rana, N. P., Chatterjee, S., Dwivedi, Y. K., & Akter, S. (2022). Understanding dark side of artificial intelligence (AI) 
integrated business analytics: assessing firm’s operational inefficiency and competitiveness. European Journal of 
Information Systems, 31(3), 364-387.  

[97]. Roblek, V., Meško, M., Bach, M. P., Thorpe, O., & Šprajc, P. (2020). The interaction between internet, sustainable 
development, and emergence of society 5.0. Data, 5(3), 80.  

[98]. Rodriguez, M., & Peterson, R. (2024). Artificial intelligence in business-to-business (B2B) sales process: a conceptual 
framework. Journal of Marketing Analytics, 12(4), 778-789.  

[99]. Sabeti, S., Shoghli, O., Baharani, M., & Tabkhi, H. (2021). Toward AI-enabled augmented reality to enhance the safety 
of highway work zones: Feasibility, requirements, and challenges. Advanced Engineering Informatics, 50, 101429.  

[100]. Sahu, S. K., Mokhade, A., & Bokde, N. D. (2023). An overview of machine learning, deep learning, and reinforcement 
learning-based techniques in quantitative finance: recent progress and challenges. Applied Sciences, 13(3), 1956.  

[101]. Sargiotis, D. (2024). Data quality management: Ensuring accuracy and reliability. In Data governance: A guide (pp. 197-
216). Springer.  

[102]. Schmitt, M. (2023a). Automated machine learning: AI-driven decision making in business analytics. Intelligent 
Systems with Applications, 18, 200188.  

[103]. Schmitt, M. (2023b). Deep learning in business analytics: A clash of expectations and reality. International Journal of 
Information Management Data Insights, 3(1), 100146.  

[104]. Schmitt, M. (2023c). Securing the digital world: Protecting smart infrastructures and digital industries with artificial 
intelligence (AI)-enabled malware and intrusion detection. Journal of Industrial Information Integration, 36, 100520.  

[105]. Sestino, A., & De Mauro, A. (2022). Leveraging artificial intelligence in business: Implications, applications and 
methods. Technology analysis & strategic management, 34(1), 16-29.  

[106]. Shafik, W. (2024). Generative AI for social good and sustainable development. In Generative AI: current trends and 
applications (pp. 185-217). Springer.  

[107]. Shahzad, A., Hassan, R., Aremu, A. Y., Hussain, A., & Lodhi, R. N. (2021). Effects of COVID-19 in E-learning on 
higher education institution students: the group comparison between male and female: A. Shahzad et al. Quality & 
quantity, 55(3), 805-826.  

[108]. Shao, C., Yang, Y., Juneja, S., & GSeetharam, T. (2022). IoT data visualization for business intelligence in corporate 
finance. Information Processing & Management, 59(1), 102736.  

[109]. Sharif Md Yousuf, B., Md Shahadat, H., Saleh Mohammad, M., Mohammad Shahadat Hossain, S., & Imtiaz, P. (2025). 
The Green Hydrogen Blueprint: Optimizing America’s Clean Energy Future. American Journal of Data Science and 
Analytics, 6(10), 43-69. https://doi.org/10.63125/y9b1k470  

[110]. Sharma, R., Shishodia, A., Gunasekaran, A., Min, H., & Munim, Z. H. (2022). The role of artificial intelligence in 
supply chain management: mapping the territory. International Journal of Production Research, 60(24), 7527-7550.  

[111]. Shneiderman, B. (2020). Human-centered artificial intelligence: Reliable, safe & trustworthy. International Journal of 
Human–Computer Interaction, 36(6), 495-504.  

[112]. Siemens, G., Marmolejo-Ramos, F., Gabriel, F., Medeiros, K., Marrone, R., Joksimovic, S., & De Laat, M. (2022). 
Human and artificial cognition. Computers and Education: Artificial Intelligence, 3, 100107.  

https://doi.org/10.63125/c2t7r719
https://doi.org/10.63125/vgv5s742
https://doi.org/10.63125/y9b1k470


Review of Applied Science and Technology, December 2025, 195– 246 

246 
 

[113]. Sjödin, D., Parida, V., & Kohtamäki, M. (2023). Artificial intelligence enabling circular business model innovation in 
digital servitization: Conceptualizing dynamic capabilities, AI capacities, business models and effects. Technological 
Forecasting and Social Change, 197, 122903.  

[114]. Strielkowski, W., Vlasov, A., Selivanov, K., Muraviev, K., & Shakhnov, V. (2023). Prospects and challenges of the 
machine learning and data-driven methods for the predictive analysis of power systems: A review. Energies, 16(10), 
4025.  

[115]. Stubbs, T., Reinsberg, B., Kentikelenis, A., & King, L. (2020). How to evaluate the effects of IMF conditionality: An 
extension of quantitative approaches and an empirical application to public education spending. The Review of 
International Organizations, 15(1), 29-73.  

[116]. Sumi, K. (2024). Neural network-based liquidity risk prediction in Indian private banks. Intelligent Systems with 
Applications, 21, 200322.  

[117]. Theodorou, T.-I., Zamichos, A., Skoumperdis, M., Kougioumtzidou, A., Tsolaki, K., Papadopoulos, D., Patsios, T., 
Papanikolaou, G., Konstantinidis, A., & Drosou, A. (2021). An AI-enabled stock prediction platform combining news 
and social sensing with financial statements. Future Internet, 13(6), 138.  

[118]. Tonay, P., Md Maruf, I., & Al, A. (2024). Artificial Intelligence-Based Decision Support Systems and Managerial 
Performance. American Journal of Advanced Technology and Engineering Solutions, 4(04), 154-184. 
https://doi.org/10.63125/wmz8dc67  

[119]. Tsolakis, N., Schumacher, R., Dora, M., & Kumar, M. (2023). Artificial intelligence and blockchain implementation in 
supply chains: a pathway to sustainability and data monetisation? Annals of Operations Research, 327(1), 157-210.  

[120]. Tyagi, S., Jindal, T., Krishna, S. H., Hassen, S. M., Shukla, S. K., & Kaur, C. (2022). Comparative analysis of artificial 
intelligence and its powered technologies applications in the finance sector. 2022 5th International Conference on 
Contemporary Computing and Informatics (IC3I),  

[121]. Vysotska, V., Burov, Y., Kolyasa, L., Shevchenko, M., Sokulska, N., Vyshemyrska, S., & Sokhatska, O. (2024). 
Knowledge Presentation and Procession Models for Intelligent Business Analytics Systems. International Scientific 
Conference “Intellectual Systems of Decision Making and Problem of Computational Intelligence”,  

[122]. Wen, C., Yang, J., Gan, L., & Pan, Y. (2021). Big data driven Internet of Things for credit evaluation and early warning 
in finance. Future Generation Computer Systems, 124, 295-307.  

[123]. Yan, J., Liu, J., & Tseng, F.-M. (2020). An evaluation system based on the self-organizing system framework of smart 
cities: A case study of smart transportation systems in China. Technological Forecasting and Social Change, 153, 119371.  

[124]. Yang, C., & Huang, C. (2022). Quantitative mapping of the evolution of AI policy distribution, targets and focuses 
over three decades in China. Technological Forecasting and Social Change, 174, 121188.  

[125]. Yang, J., Xiu, P., Sun, L., Ying, L., & Muthu, B. (2022). Social media data analytics for business decision making system 
to competitive analysis. Information Processing & Management, 59(1), 102751.  

[126]. Yue, M., Jong, M. S.-Y., & Dai, Y. (2022). Pedagogical design of K-12 artificial intelligence education: A systematic 
review. Sustainability, 14(23), 15620.  

[127]. Zahidi, F., Kaluvilla, B. B., & Mulla, T. (2024). Embracing the new era: Artificial intelligence and its multifaceted 
impact on the hospitality industry. Journal of Open Innovation: Technology, Market, and Complexity, 10(4), 100390.  

[128]. Zdravković, M., Panetto, H., & Weichhart, G. (2022). AI-enabled enterprise information systems for manufacturing. 
Enterprise Information Systems, 16(4), 668-720.  

[129]. Zhang, C., Hao, D., Gao, L., Xia, F., & Zhang, L. (2024). Do ESG ratings improve capital market trading activities? 
International Review of Economics & Finance, 93, 195-210.  

[130]. Zhang, J., & Zhang, Z.-m. (2023). Ethics and governance of trustworthy medical artificial intelligence. BMC medical 
informatics and decision making, 23(1), 7.  

[131]. Zhang, P., Chen, N., Shen, S., Yu, S., Kumar, N., & Hsu, C.-H. (2023). AI-enabled space-air-ground integrated 
networks: Management and optimization. IEEE network, 38(2), 186-192.  

[132]. Zheng, Y. (2023). Optimization of computer programming based on mathematical models of artificial intelligence 
algorithms. Computers and Electrical Engineering, 110, 108834.  

[133]. Žigienė, G., Rybakovas, E., Vaitkienė, R., & Gaidelys, V. (2022). Setting the grounds for the transition from business 
analytics to artificial intelligence in solving supply chain risk. Sustainability, 14(19), 11827.  

[134]. Zimon, G., Nakonieczny, J., Chudy-Laskowska, K., Wójcik-Jurkiewicz, M., & Kochański, K. (2021). An analysis of the 
financial liquidity management strategy in construction companies operating in the Podkarpackie Province. Risks, 
10(1), 5.  

[135]. Zonnenshain, A., & Kenett, R. S. (2020). Quality 4.0—the challenging future of quality engineering. Quality 
engineering, 32(4), 614-626.  

 

https://doi.org/10.63125/wmz8dc67

