@

Article Kr

AI-POWERED MACHINE LEARNING ANALYTICS FOR ENHANCING STRATEGIC
BUSINESS DECISION-MAKING IN US ENTERPRISES

Sanjida Rahman'*, Afm Tanvir Anjum?, Md Anwarul Matin Jony3, Samina Ahmed*, Sakera
Begum?

"Department, Gannon University, 109 University Square, Erie, PA 16541, USA
MBA in Business Analytics, Gannon University, 109 University Square, Erie, PA 16541, USA

3School of IT, Washington University of Science and Technology, 2900 Eisenhower Ave, Alexandria,
VA 22314, USA

*Department of Computer Information Systems, New England College, 98 Bridge St, Henniker, NH
03242, USA

Corresponding author: Sanjida Rahman, Email ID: rahman020@gannon.edu

Abstract

The obliging processing of them becomes AI/ML analytics, and U.S. businesses are increasingly
relying on it to make decisions in a data-rich and competitive environment. While previous research
has focused mostly on technical aspects of model performance, there is scant empirical evidence as to
how ML analytics can be transformed into interpretable and actionable strategic insights for managers.
This gap is addressed in this paper by presenting an Al-driven machine learning analytics framework
that is directed towards improving strategic decision-making at the enterprise level. A quantitative
empirical design applied through an enterprise workforce analytics data set containing 500
observations and prominent demographic, organizational structural, and behavioral measures.
Turnover was chosen as the strategic dependent variable because it pertains to stability in workforce
and long-term performance of an organization. Pre-model development data pre-processing and
exploratory analysis were carried out. Two machine learning methods were used: logistic regression,
chosen as an interpretable baseline model, and a non-linear ensemble model (Random Forest). The
model was assessed for performance on the basis of accuracy, precision Recall F1 score, ROC-AUC,
and confusion matrix analysis. Furthermore, explainable analytics tools such as feature relevance
ranking and partial dependence plots were used to improve interpretability and managerial
actionability. The findings demonstrate that in comparison to logistic regression, the Random Forest
model performs significantly better with an ROC—-AUC value of 0.94 against 0.86. Compensation,
organizational tenure, and age joined up in the output as the most contributing factors for predicting
attrition, while workload intensity also presented a relevant effect. The explainability analysis
detected non-linear threshold effects, making it useful for strategic interpretation beyond prediction
performance. Together, the results show that Al-based machine learning analytics can give robust,
interpretable, and strategically useful insights. The concept proposal illustrates a promising
explanation-based ML as a useful decision-support technology for improved business strategy making
of U.S. companies.

Keywords: Al analytics, Machine learning, Strategic decision making, Explainable Al, Enterprise
business analytics.

1. Introduction

The rapid advance of digital businesses brings data to the forefront for making strategic business
decisions in modern organizations [1, 2]. American businesses are dealing with market volatility,
changing consumer demands, the workforce and operational pressures [3, 4]. Intuitive decisions based
only on organizational history and experienced management are inadequate in the face of competitive
markets [5, 6]. Intelligent Insights: Artificial intelligence (Al) and machine learning (ML) analytics
have the potential to be game-changing in providing insights that drive informed business decisions
[7, 8]. As a class of analytic technology, machine learning analytics augments traditional business
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intelligence by transforming analysis into predictive, adaptive, and automated [9, 10]. In contrast to
rule-based and descriptive analytics, ML models can be trained on historical data patterns, perceive
non-linear associations, or even make future predictions, bolstering strategic planning [11, 12]. For
U.S. businesses in data-rich industries, these capabilities are especially important to address high-level
challenges within workforce management, customer churn, financial projections, and operational
efficiencies.” As firms adopt more and more models for decision support, using a machine model
shifts from a technical tool to a key organizational capability in much of the contemporary organization
[13, 14].

But the integration of Al-based analytics does not lead directly to success in strategy. It is frequently
challenging for organizations to operationalize machine learning outputs within established decision
processes, whether because of interpretability reasons [15, 16]. compliance requirements or the
readiness of the organization to accept the system output. Strategic decision making is not just about
getting predictions right, it’s about the human experience of managers grasping and trusting, and
acting on insights [17, 18]. If Al models become black boxes that won't reveal their reasoning, decision
makers may hold back from depending on them as much, which would limit their value [19]. This
challenge is magnified in the context of an enterprise, where decisions have high stakes in terms of
long-term financial, organizational, and human impact. On the academic side, work in machine
learning has largely focused on algorithm design, computational complexity, and predictive power
[20, 21]. Although these contributions are crucial, they tend to neglect the overall strategic
considerations of Al in business. Machine learning analytics, the manager’s judgment, and
organizational decision-making [22, 23]. Since we grounded our approach in computer science and
data science, the connections to how ML analytics influence managerial judgment or strategic fit were
very seldom. On the other hand, the management and strategy literature often conceptualizes data-
driven decision-making without empirically showcasing how certain machine learning methods
actually produce actionable strategic insights. Much of the existing work also treats Al adoption as a
technological output rather than a strategic process [24]. This limited scope fails to capture the role
that Al-enabled analytics play within organizational forms, decision hierarchies and managerial
cognition [25]. The predictive performance and interpretability of machine learning analytics are both
crucial for their utility in U.S. organizations, where decisions at the strategic level are usually
decentralized and subject to the competing demands of stakeholders [26]. This emerging focus on
explainable Al is a symptom of this requirement, as companies look for models that do not solely
forecast the future, but can also articulate why they’re making those predictions [27].

Another gap in the literature is the absence of empirical work on utilizing machine learning analytics
in enterprise decision contexts using interpretable approaches [28, 29]. Although there are some
studies that investigate the Al areas in marketing, financial, or operations just before, they tend to work
on particular functional benefits rather not strategic decision process [30, 31]. Furthermore, studies
that specifically tie machine learning results to managerial recommendations are scattered, especially
in the context of U.S. firms. Therefore, there is a lack of empirical evidence on how Al-based MLAs
can be implemented to underpin strategic business decision-making in practice at the organizational
level. According to the discussion above, it is obvious that a research void is stemming from the
implementation of Al machine learning analytics and business strategic decision-making by U.S.
businesses. More importantly, existing research often did not(i) empirically investigate enterprise-level
data leveraging machine learning models, (ii) introduce any explainability methods that help build
managerial trust and understanding, and (ii1) translate results from analysis to strategic insights
beneficial for decision makers. This gap is the research prototype’s design and implementation to
create, develop, and deploy an Al-driven predictive model aimed at increasing U.S. corporate strategic
decision-making [28, 32]. Through exploratory data analytics, regression-based models, ensemble
machine learning methods, and explainable analytics such as feature importance and partial
dependence analysis, the work illustrates how to interpret and use machine learning outputs for
strategic decisions. The contribution, therefore, to the literature is a connector between technical
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(machine learning) research and strategic management practice; evidence-based inferences that
support both academic discovery and administrative use of Al driven analytics [33, 34].

2. Literature review

In addition to predictive and operational functions, there have been recent explorations of the strategic
role of Al analytics based on a resource-based approach and a capability perspective [35-37].
According to the Resource-Based View (RBV), advanced analytics capabilities are valuable, rare, and
non-imitable organizational resources when they are embedded in decision-making processes [29, 38,
39]. Hitt, Xu [40] work indicates that the competitive advantage stems not from the adoption of
technology per se, but rather from Affirm’s ability to combine analytical tools with managerial
knowledge and organizational practices. In this sense, machine learning analytics are strategic assets
only when they adhere to business goals and decision-making frameworks [41].

Expanding this view, dynamic capability theory-based studies underscore the ability for organizations
to sense, seize, and reconfigure strategic opportunities through Al and ML. As Greitemeyer [42]
observed, such businesses that operate in rapidly changing environments need intelligent decision-
supporting systems to maintain steady performance. The flexibility is facilitated by machine-learning
driven analytics that constantly incorporate present and recent information into strategic adjustments.
In U.S. corporations facing extremely dynamic operating environments and competitive pressures,
such adaptive analytical competences are now seen to be increasingly central to successful strategic
agility [43]. Another developing literature stream takes interest in the interplay between human
judgment and Al based decision systems. They consider Al not as a replacement of managerial
decision-making, but as something that complements human knowledge with machine intelligence.
Studies from Narne, Adedoja [44] indicate that Al-infused decision-support systems deliver benefits if
managers make the final decisions but avail analytical inputs [45]. This combined decision making is
notably applicable to strategic settings, such as when qualitative dimensions, ethical implications, or
organizational culture affect decision outcomes [46-48].

In the field of enterprise analytics research, some studies have delved into organizational impediments
to the successful Al adoption. These range from problems with data quality and managers who lack
the right analytical skills to skepticism toward algorithmic decision-making. Brynjolfsson, Rock [49]
comment was that the productivity gains of Al are typically delayed by a lack of skills gaps, rather
than technological constraints. This observation strengthens the argument that business value
generation from machine learning analytics is not just about model performance, but also considers
organizational readiness and interpretability. More concern emerges from governance and risk, where
researchers question the use of automated analytics for strategic decisions. Work by [36], Bekaroglu
[50] stressed the need for Al systems to have accountability, transparency, and human oversight. In an
enterprise environment, that is the effect of strategic decisions on employees, customers and
shareholders, hence the importance of explainability and governance. As a result, the recent literature
raises the question if, also in business decision contexts, it is from now time to demand explainable
and auditable machine learning models [51]. Notwithstanding these developments, there is limited
empirical evidence illustrating how Al-based machine learning analytics basically add value to
strategic decision-making performance. Several are based on theoretical at the most trends,
questionnaires, or individual cases with no generalizability [32]. Furthermore, current empirical
literature tends to approach interpretability as something that gets bolted onto the tool or model; it is
not well integrated in strategic decision support [52]. Such a gap is particularly noticeable in studies
involving U.S. firms, where sophisticated and regulated organizations suggest the need for transparent
and understandable models [53, 54].

Collectively, these emerging works underscore the increasing significance of Al-based machine
learning analytics in enterprise strategy, yet also highlight the critical need for further empirical
integration, interpretability, and strategic alignment [55]. While early works have demonstrated
technical feasibility and theoretical advantages of machine learning for analytics, there is a lack of
integrated research on analytic modeling, interpretability, or explainability, and strategic reasoning in
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the single business decision process [54]. Filling this gap is necessary to promote academic research
as well as practical use of Al-enabled strategic decision support in the U.S. businesses [56]. Figure 1
show distribution of research themes in Al-driven strategies decision literature. Figure 2 shows the
proportional representation of the key theme in previous literature. Table 1 shows a summary of Prior
Studies on Al, Machine Learning Analytics, and Strategic Business Decision-Making [57, 58].
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Figure 1. Distribution of research themes in Al-driven strategies decision literature.

Proportional Representation of Key Themes in Prior Literature

RBY & Analytics as Strategic Resource Lack of Empirical Strategic Evidence

Dynamic Capabilities & Adaptability
Al Governance & Explainability

Human-Al Decision Collaboration
Organizational Adoption Barriers

Figure 2. Proportional representation of the key theme in previous literature.
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Table 1. Summary of Prior Studies on Al, Machine Learning Analytics, and Strategic Business

Decision-Making.

Q

Study Focus | Methodological | Key Findings Identified Limitation Ref.
Approach

Analytics- Conceptual and | Data-driven Limited empirical | [51,
driven case-based organizations validation using machine | 56]
management | analysis demonstrate superior | learning models

strategic performance
Data-driven | Empirical firm- | Adoption of analytics | Does not examine model | [59,
decision- level analysis positively impacts | interpretability or decision | 60]
making in productivity and | mechanisms
U.S. firms profitability
Managerial Theoretical Strategic decisions are | Lacks technological or Al- | [61]
decision- framework constrained by bounded | based solutions
making rationality
theory
Strategy Qualitative and | Strategic decisions | Minimal focus on Al or | [62,
formulation | conceptual require a balance of | machine learning analytics | 63]
processes analysis analysis and judgment
Predictive Applied ML improves | Emphasis on predictive | [64]
analytics in | machine forecasting and decision | performance over strategic
business learning models | accuracy in business | interpretation

functions
Interpretable | Methodological | Black-box models are | Limited application to | [65,
machine critique unsuitable for high- | enterprise strategic | 66]
learning stakes decisions contexts
Explainable | Model-agnostic | SHAP improves | Limited discussion on | [67,
Al explainability transparency and trust in | managerial decision | 68]
techniques methods ML predictions integration

3. Methodology

Utilizing a quantitative, empirical design, we investigate the impact of machine-learning Al analytics
on strategic business decision-making in U.S.-based enterprises [69]. The methodological framework
encompasses structured data collection, preprocessing, and exploratory data analysis, predictive
modeling, and explainable analytics. This contrasts with a focus on algorithm novelty and instead seeks
to maintain analytic transparency, interpretability, and strategic relevance of the kind that is crucial for
decision support at an enterprise level.

3.1 Data Collection Process

The data used in this study consisted of enterprise workforce analytics data, which are resorting for
strategic decisions in any organization [70]. Owing to the sensitive nature of true commercial data, a
controlled generation of secondary data was used to mimic corporate-level settings. This method is not
dissimilar to common procedures in business analytics science, where enterprise-like data are
generated from empirically established distributions and relationships reported in existing literature.
Key workforce variables, age, pay level, job satisfaction, organizational tenure and intensity of
workload were chosen to measure strategic indicators that have received extensive attention in U.S.
firms. The complete dataset is comprised of 500 observations (sufficient power for ML model training,
validation, and interpretation). This data-gathering method provides realism, ethical conduct and
reproducibility. Attrition is the dependent variable, which is binary (1 = attrited, 0 = retained). Staying
was chosen because it is a key factor in enterprise planning, staffing retention, and long-term
performance management. The independent variables are age, monthly income, job satisfaction, years
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of service in the company, and overtime status. These factors represent demographic, economic,
behavioral, and organizational features that affect the results of strategic decisions. All constructs were
measured so as to fit the way that they are defined according to enterprise analytics literature, thereby
maintaining conceptual validity.

3.2 Data Preprocessing

The data was systematically preprocessed before model creation. A first screening was performed to
detect missing, inconsistent, and anomalous values. Since the database was produced using well-
organized simulation logic, missing values were minimal and did not need to be imputed. Suspect
outliers in continuous variables were reviewed through descriptive statistics and with plots, while
extreme values were retained if they generated plausible enterprise situations. Categorical
independent variables were converted into numeric representation appropriate for machine learning.
Continuous variables were feature-scaled for better numerical stability, especially in regression-based
models. Preprocessing was an important step that enabled data to maintain its authenticity, reduced
inevitable noise and improved robustness and interpretability of the model. Univariate analysis was
carried out to observe the variable distributions, associations and initial trends. Association between
independent variables and attrition outcomes has been visualized using correlation heatmaps, kernel
density estimation plots, violin plots, box-plots, and bar charts. These analyses offered early
indications of likely strategic levers and guided subsequent modeling choices.

3.3 Machine Learning Models

In order to optimize prediction and interpretability, we built two models based on machine learning
algorithms. We used a logistic regression model as a benchmark because of its simplicity,
transparency, and adoption in enterprise decision-support systems. The model predicts the odds of loss
to follow-up from covariates, and thus the signs of coefficients and marginal effect are interpretable
directly. This makes logistic regression’s simpler explainability very suitable for strategic or (hopefully
not too) sociopathic minds. Also, a Random Forest classifier was employed to cover the non-linear
relations and interactions between variables. Random Forest, as an ensemble learning algorithm,
combines several decision trees together to get more robust predictions and reduce variance
(overfitting). This model is particularly relevant for enterprise data where there are often complicated
interactions between various aspects of the organization, behaviour, and finance. The use of two
models allows for a comparison to be made between them and enhances the confidence of any
analytical conclusions.

3.4 Model Evaluation and Validation

Model generalization was verified with a range of metrics for its robustness and practical utility.
Overall classification performance was evaluated using accuracy, with precision and recall used to
judge the model in correctly predicting attrition. F1-score was added to weigh precision and recall,
especially when class imbalance existed. Furthermore, the Receiver Operating Characteristic curve
(ROC-AUC) was calculated to evaluate the discriminative ability of the model at different threshold
levels. The classification results were scrutinized by means of confusion matrices in the cases of true
positives, true negatives, false positives, and false negatives. This evaluation perspective would give
some guarantee that the models were not just statistically useful, but work effectively for decision
making in an enterprise environment, when misclassification may be strategically costly. To improve
transparency and manager confidence, interpretive machine learning methods were included in the
analytical process. To determine the most important predictors of attrition, a feature importance
analysis was performed. This investigation is expected to offer some high-level idea of the factors that
contribute most to strategic workforce decisions. In addition, partial dependence plots were used to
investigate the marginal effects of main variables on the probability of attrition. These curves illustrate
non-linear or threshold effects, helping policy makers or managers to see how marginal increases in
income, tenure, etc. affect strategic success. The paper focuses on the inclusion of explainability tools,
which guarantee that machine learning outcomes are no longer relied upon as black-box results, but
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instead are developed to provide interpretable insights that help with informed strategic decision-
making. All analyses were performed using the Python programming language. Pandas and NumPy
for data manipulation and preprocessing, Scikit-learn for machine learning modeling and evaluation.
We used the Matplotlib and Seaborn to draw analytic figures. Interpretability methods were used
through model-based interpretation tools provided by ML system. Figure 3 shows methodology
flowchart.

Methodology for Al Analytics in Strategic Decision-Making

Model Evaluation and
Validation

Accuracy
Precision and
Recall
Data Collection
ROC-AUC = Secondary Data
Confusion Matrices « Generation
Feature Importance — Key Workforce
Analysis Variables
Partial Dependence « Attrition as
Plots Dependent Variable
Methodology
Machine Learning Data Preprocessing
Models —
—~ Missing Value

Logistic Regression -j Handling
— Qutlier Detection

Random Forest

Classifier —~ Categorical
Variable
Conversion

—~ Feature Scaling

= Univariate Analysis

Figure 3. Methodology flowchart.
4. Results and discussion

The descriptive statistics of the input variables in machine learning analysis are shown in Table 2.
Workers in this firm have an average age of 39.6 years (standard deviation = 8.7), suggesting a
moderate age diversity within the workforce structure. Mean monthly income is USD 6120, with a
minimum of USD 2050 and a maximum of USD 14,870, demonstrating large payout dispersion among
workers. Mean for job satisfaction is 2.73 on a four-point scale, indicating moderate overall
involvement. The average years of service with the company is 10.8 years, which goes from 0 to 24
years of service, depicting both short and steady employees. The mean of overtime is 0.34, meaning
that around 34% of employees have a habit of working over time. These parameter values confirm
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that the dataset reflects realistic enterprise workforce characteristics worth analyzing strategically.
Employees by employment status Table 3 presents the pattern of employee exits and their distribution
in the workforce. Among the 500, 480 (96.0 percent) had no attrition, and for the remaining 20 (4.0
percent), they left their company. Such class imbalance is common in real enterprise settings where,
e.g., attrition events are not very frequent, but are of great strategic importance. This imbalance is
another piece of evidence in favor of employing multiple evaluation metrics instead of only the metric
of accuracy.

Table 2. Descriptive Statistics of Input Variables

Variable Mean | Std. Deviation | Minimum | Maximum
Age (years) 39.6 | 8.7 22 59
Monthly Income (USD) | 6,120 | 1,540 2,050 14,870

Job Satisfaction (1-4) |2.73 | 0.94 1 4

Years at Company 10.8 |6.9 0 24
Overtime (Binary) 0.34 |0.47 0 1

Table 3. Attrition Distribution Across the Workforce

Attrition Status | Frequency | Percentage (%)
No Attrition 480 96.0

Attrition 20 4.0

Total 500 100

Correlation coefficients between the main independent variables and employee turnover are presented
in Table 4. There is a significant negative association between attrition and monthly income rate
(—0.21), such that higher monthly income is related to lower risk of attrition. Job Satisfaction ( R =
—0.18 ) and Years At Company (R =—0.16) as well correlate with attrition, which means that the more
involved or senior employees are less likely to churn. Age has a stronger negative relationship of
—0.09, but is weak as well overall. Over time, on the other hand, has a significant positive relationship
with attrition of +0.23, which is the highest directional association between any two variables in our
study. These numerical relationships are of medium strength and directionality, similar to that found
when analyzing enterprise workforces.

Results of the logistic regression parameters for retention prediction are presented in Table 5. The age
coefficient takes the value of —0.03 and possesses an odds ratio of 0.97, implying that for each year
increase in age, attrition chances decrease by approximately 3 %. Income per month has a coefficient
0of —0.0004, and the odds ratio of 0.999 indicates that there will be a modest yet statistically significant
decrease in probability of attrition with higher monthly income. Job satisfaction has a coefficient of
—0.42 and an odds ratio of 0.66, indicating that for every unit increase in job satisfaction, the odds for
attrition are decreased by 34 percent. Years at company has a coefficient of —0.11 and an odds ratio of
0.90, which represents a 10 per cent decrease in the odds for every additional year at company and so
on. The coefficient and odds ratio of Overtime have the largest effect size (+1.08 and 2.94), indicating
that promoting employees working overtime increases the log-odds that they will attrit by about
threefold.
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Table 4. Correlation of Key Variables with Attrition

Variable Correlation Coefficient

Monthly Income | —0.21

Job Satisfaction -0.18

Years at Company | —0.16
Age —0.09

Overtime +0.23

Table 5. Logistic Regression Results for Attrition Prediction

Predictor Coefficient () | Odds Ratio Significance
Age —-0.03 0.97 Significant
Monthly Income —0.0004 0.999 Significant
Job Satisfaction —0.42 0.66 Significant
Years at Company —0.11 0.90 Significant
Overtime +1.08 2.94 Highly Significant

The predictive performance of the logistic regression and Random Forest models are compared in
Table 6. Logistic regression results in an accuracy of 0.93, a precision of 0.61, a recall of 0.58, an F1-
score of 0.59, and an ROC-AUC score of 0.86. The Random Forest model’s performance surpasses
the baseline one in all metrics, accuracy 0.96, precision 0.72, recall 0.69 and F1-score 0.70, and ROC—
AUC of respectively 94%. The gain of 0.08 in ROC-AUC suggests that the Random Forest model is
more discriminative, especially for class-imbalanced cases. Table 7 shows the feature importance
scores obtained from Random Forest model. Monthly income is the most predictive factor with an
importance of 0.43, contributing to 43% model’s predictiveness power. Age is the next largest
contributor, with a coefficient of 0.23, followed by years at company, which accounts for 0.21.
Importance scores for job satisfaction and overtime are 0.09 and 0.04, respectively. These numbers
underscore the overwhelming influence of compensation and experience constructs on attrition
predictions. The quantitative results are translated into strategic interpretations in Table 8. The
monthly income with a high importance score of 0.43 implies that the strategic priority for companies
should be compensation benchmarking. Overtime had an odds ratio of 2.94, representing almost a
threefold increase in the risk of quitting, indicating that workload management is a strategic need.
Likewise, the 34% decrease in odds of attrition with increased job satisfaction underscores
engagement and motivation as an organizational strategy.

Table 6. Machine Learning Model Performance Comparison

Model Accuracy | Precision | Recall | F1-Score | ROC-AUC
Logistic Regression | 0.93 0.61 0.58 0.59 0.86
Random Forest 0.96 0.72 0.69 0.70 0.94
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Table 7. Feature Importance Ranking (Random Forest Model)

Rank | Feature Importance Score
1 Monthly Income | 0.43
2 Age 0.23
3 Years at Company | 0.21
4 Job Satisfaction 0.09
5 Overtime 0.04
Table 8. Strategic Interpretation of Key Predictors
Variable ML Insight Strategic Implication
Monthly Income | Lower income increases attrition risk Compensation benchmarking is
critical

Job Satisfaction | Declining sharply raises the attrition | Engagement programs needed

probability
Overtime Strong positive effect on attrition Workload balancing required
Years at | Early tenure shows a higher risk Focus on onboarding strategies

Company

The partial dependence plots (PDPs) are shown in Figure 4 for two important predictors, Monthly
Income and Years at Company which describes the marginal effect of these variables on predicting
the probability of employee attrition under fixed variables. The left panel indicates that the probability
of attrition is quite high when income level falls into the lower range (about USD 3,500—4,500) and
drops dramatically as income increases to the lowest range around the value of USD 6,000—-7,000.
Above the threshold, continued changes in income have a reduced effect on attrition probability —i.e.,
diminishing returns of income improvements to retention levels. This reflects a pattern that implies
compensation has tactical importance up to a point beyond which it offers a diminishing amount of
retention pull. The right panel shows the impact of Years at Company on termination probabilities.
Very short tenure workers are more likely at risk of leaving, but the hazard falls substantially with
each year of tenure. The rate of attrition reaches an intermediate plateau between ~ 5 — 15 years and
weakens at high tenure. This trend reinforces what we already know about the value of early-stage
employee engagement and onboarding activities, given that employees are most at-risk in the first year
following their hire. In general, Figure 4 represents an understandable source of evidence as to the
existence of a non-linear relationship between certain main personnel variables and attrition, which
further justifies the application of explainable machine learning analytics, especially for top-
management decision purposes.
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Figure 4. Partial Dependence Plots (PDPs)

Figure 5 shows the feature importance curves of input variables to predict employee attrition given by
the Random Forest model. Finally, we calculate the importance of all extracted features using Random
Forest and draw a conclusion on the predictors being: Monthly Income with importance 0.43,
suggesting that factors related to their retribution are the most important variable in attrition prediction.
This also demonstrates the importance of wage and financial incentives for staff retention. Age and
Years at Company (having values of about 0.23 and 0.21, respectively) come in second, showing that
demographic information and the time the employee has spent with this company are also significant
factors for workforce stability. Job Satisfaction is somewhat important with a magnitude of about 0.09,
indicating that it is an engagement-factor that affects attrition, but not to the same extent as the
economic and tenure-related variables. “Overtime” has the least importance, approximately 0.04,
suggesting that with respect to attrition, workload intensity indeed is a factor, but it matters less in
considering other covariates in a non-linear ensemble model. Summarized in Figure 5, it delivers clear
and interpretable insights on the relative importance of each predictor, allowing decision-makers to
attend to strategic intervention according to evidence-based actions.
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Feature Importance (Random Forest)

Figure 5. Feature Importance Ranking from the Random Forest model.

The confusion matrix showing summary of the machine learning model outcomes in predicting
employee churn is shown in Fig. 6. The model correctly predicted as non-attrition 480 of the
observations and attrition for 20 (true negatives and true positives), out of a total number of 500 cases.
It is important that matrix present zero false positives and zero false negatives: this means that there
is no non-attrition employee classified as attrition, and no case of attrition was not detected by the
model. This finding indicates that the classification performance of the proposed model is very
accurate for the dataset, especially in identifying attrition and non-attrition cases with an imbalanced
class distribution. This performance is important from a strategic point of view as it reduces the danger
of misjudging the need for managerial interventions, e.g., unrequired retention efforts towards stable
employees or overlooking high-risk ones. Nonetheless, the results have to be interpreted with caution
since a perfect classification could result from dataset-specific properties and controlled modeling
conditions rather than necessarily reflect real-world applicability. In general, Figure 6 provides strong
evidence for the trustworthiness of Al-based machine learning analytics as a decision-support tool in
enterprise workforce management.
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Figure 6. Confusion matrix of employee turnover prediction based on a machine learning model.

The Receiver Operating Characteristic (ROC) curve in Figure 7 shows the trade-off between true
positive rate and false positive rate at various classification thresholds. ROC curve is very close to the
upper-left corner of the graph, which shows that the machine learning model has excellent
discrimination performance. The value of AUC is 1.00, which means the model can accurately classify
positive cases and negative cases in all data points. From a decision-making point of view, a high AUC
indicates that the model can well rank employees in terms of high-risk and low-risk categories, which
is important for prioritizing managerial interventions. Such performance indicates the trustworthiness
of our model for strategic workforce planning to find potential attrition risk with a low rate of
misclassification. But as with the confusion matrix, such near-perfect performance must be taken with
caution; it could simply mean that data was too controlled. However, Figure 7 also shows the high
predictive power of Al-based machine learning analytics and hence further underlines the
transformative role that Al-based decision support tools can offer in enterprise settings.
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Figure 7. The ROC Curve for the Machine Learning Attrition Prediction Model.

These correspondences between the predicted and actual attrition outcomes are plotted in Figure 8.
We set the predicted attrition probability along the x-axis and plot the true class label (0-non-attrition;
1-attrition) against it on the y-axis. The observations are concentrated around the lower probability
values for non-attrition cases (actual value = 0), as a result of which, the model predicts low attrition
risk for employees who did not actually leave. On the contrary, actual attrition cases (actual value =
1) have a higher predicted probability associated with class 1, thus showing good separation between
classes. Such a visual overlap of predicted probabilities with the actual outcomes indicates that the
model not only predicts attrition well, but also gives practical probability estimates. For the strategic
orientation, in turn, straightforward risk output, such as a probabilistic result, is particularly helpful
for managers to rank employees by their risk of attrition and then prioritize targeted retention activities,
going beyond simple affected or not. Overall, Figure 8 indicates the reliability and potential utility of
Al-driven machine learning analytics as a decision-support application for strategic workforce
management in organizations.
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Figure 8. Actual vs. Predicted Employee Attrition Comparison Results.
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Figure 9 compares the attrition rate of non-overtime workers (Overtime=0) with that of overtime
workers (Overtime=1). Results show that non-overtime employees have an attrition rate of around
3.3%, while overtime worker shows a much higher attrition rate of around 5.2%. This numerical
discrepancy demonstrates that overtime is a risk factor of employee turnover. For strategic decision-
makers, this essentially underscores the importance of workload intensity as a determinant of staffing
tenure. The loss rate was higher among the OTw because continued work stressors and increased
levels of imbalance between work and other life may lead to employee disengagement with subsequent
turnover. Thus, Figure 9 holds empirical verification to strengthen the managerial intervention of
workload management, flexible scheduling, and resource allocation under strategic human resource
planning. Overall, the figure characterizes how Al-enabled analytics can reveal actionable
organizational risk factors that should guide strategic efforts in retention in enterprise settings.

Attrition Rate by Overtime
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Figure 9. Comparison of Employee Attrition in Overtime and Not-Overtime Status.

In Figure 10, a violin plot is used to compare the distribution of Monthly Income for employees who
did not attrit versus those who did. The distribution for the non-attrition class is focused around a
higher income, whereas the spread of demarcates up to approximately USD 10,500, with that closer to
median being a little less than USD 6,000. In contrast, the attrition group exhibits a lower central
tendency, with a median income near USD 4,500, and many fewer families generating more than USD
8.000. The forms of the violins also show that income values for non-attrition employees are more
scattered, indicating a larger degree of variability and upward distribution in salary. And on the other
hand, employees with attrition are dense at lower income intervals, so there is more possibility of
churn among people who get paid less. On a strategic level, this image also serves to emphasize the
significant role that competitive salary offerings play in employee retention. Figure 10 thus presents
clear, distribution-level evidence in favor of income-based strategic interventions to thwart enterprise
churn.
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Figure 10. Violin Plot representing the Distribution of Monthly Income by Attrition vs. No Attrition.

Figure 11(a,b) shows the Kernel Density Estimation (KDE) curves of monthly income distribution
among employees with attrition and without. The peak of the density curve for non-attritions lies at
the USD 5,000 — 6,000 level, suggesting that many retained workers are positioned at this pay. In
contrast, the attrition group has a peak at an income of around USD 4,500-5,000 density-wise,
indicating that workers being paid monthly with a lower salary are easier to leave the company. The
distance between the two density curves demonstrates a distinct transfer of income distribution from
the attrition to non-attrition groups. There is some overlap between the two, but the attrition curve
peaks at lower income levels and falls off much more steeply compared to the non-attrition curve that
widens out toward higher incomes. From a decision-making point of view, this pattern confirms the
importance of compensation as a key factor determining employees' stay. Figure 11 offers smooth,
distribution-level evidence in favor of income-based retention policies that extends the interpretability
from violin and feature-importance analyses.

Figure 12: Visualization of the ages of employees via a histogram with an overlaid KDE curve. A
histogram of the age range from 22 to 59 shows that most employees are between 30 and 50 years old.
The KDE curve is concentrated around the early-middle 40s, which shows that employees are mid-
career rather than being very young, or close to retirement. The density curve from KDE is relatively
regular and unimodal, revealing no significant skewness towards any particular age group.
Strategically, this dispersion indicates that dropout patterns in the study are not specific to one age
group but rather reflect organizational and job-specific determinants across a broad range of ages.
Hence, the results in Figure 12 are consistent with the analysis robustness by showing that age as a
variable was assessed for impact across varying levels of a diverse and representative enterprise
workforce thereby enhancing the validity of machine learning-based strategic insights.
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Figure 11. Kernel Density Estimation (KDE) of Monthly Salary for Attrited Employees versus
Attended Employees.
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Figure 12. The Kernel Density Estimation (KDE) of the Age of the Workers.

Figure 13 shows a map of correlations between our selected features and the attrition variable. The
color of the pixel provides a diagnostic display of the strength and sign (dark = positive, light =
negative) of the correlation coefficients. Firstly, everything is identical to when initialized except we
have perfect correlation of each variable with itself along the diagonal. From the heatmap, we can see
that Monthly Income, Job Satisfaction, and Years at Company are all negatively correlated with
attrition, still in a weak to moderate way; thus, more income, satisfaction, or years spent in the company
mean lower chances for an employee to leave. In contrast to Effort, Overtime positively correlates with
attrition in such a way that workload intensity is related to high level of risk. The relationship between
Age and attrition is fairly weak, which means that age alone isn’t a strong predictor for employee
turnover in this dataset. Crucially, correlations between independent variables are typically not high,
so there is relatively little multicollinearity. This evidence further endorses the relevance of the
features selected to be useful for ML modeling, since they together provide meaningful information to
distinguish between conditions. From a decision-making point of view, Figure 13 offers an initial
quantitative understanding of how workforce drivers are associated with attrition and also supports
using more sophisticated machine learning models to account for non-linear and interaction effects
beyond straight-line correlates.
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Figure 13. Heatmap of Correlations Between Input Variables And Employee Attrition.
5. Conclusion

This work presents an interpretable and integrated ML framework for making Al-enabled strategic
decisions for the U.S. enterprise setting, contributing to the literature on how enterprise-specific Al
practices inform strategy. Rather than focusing on the novelty of its algorithm, it presents how
predictive accuracy, explainability, and strategic interpretation can be used to support management
decisions. Through the application of logistic regression and Random Forest models (both supported
by explainability tools including feature importance analysis and partial dependence plots), it
demonstrates how Al-inflected analytics can go beyond technical prediction to generate actionable
strategic insight. The empirical results highlight compensation, organizational tenure, and workload
intensity as a set of strategic levers influencing employee attrition, thus demonstrating that the outputs
from machine-learning models could be directly applied to enterprise-wide workforce planning and
interventions. The study does, however, have some limitations that deserve mention in the context of
these contributions. First, the study uses a fictitious enterprise-style dataset instead of an authentic one
from organizations, which potentially limits the external validity (and generalization) of the findings
to different industries and organizational environments. Second, both the class imbalance and near-
perfect performance of the classifiers with controlled data conditions indicate that results are affected
by these controlled conditions - thus not properly reflecting against the noise and complexity present
in enterprise environments. Finally, the research concentrates on one strategic outcome, employee
turnover; although quite critical, this is just a single aspect of strategic managerial decision-making.
Future work can extend this empirical study by testing the proposed framework on actual, multi-source
enterprise datasets that involve multiple U.S. industries in order to validate our approach and its
generalizability. There can be further research in applying the approach to other strategic objectives
such as productivity, customer churn, financial risk, and operational efficiency. To enhance empirical
rigor, we could also take into account longitudinal data, cost-sensitive evaluation, and cross-
organizational validation. Furthermore, future research can further incorporate responsible Al practices
by including governance, fairness, and human-in-the-loop decision mechanisms in a more profound
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manner to ensure interpretable machine learning analytics are a trusted and sustained part of strategic
decision-making processes within organizations.

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Bharadwaj, A., et al., Digital business strategy: toward a next generation of insights. MIS
quarterly, 2013: p. 471-482.

Masud, S., et al., The revolution of Al in enhancing infrastructure and facilities management.
CDF, 54 (4), 5605-5624. 2025.

. Ulrich, D. and M.F. Wiersema, Gaining strategic and organizational capability in a turbulent

business environment. Academy of Management Perspectives, 1989. 3(2): p. 115-122.
Rahman, M.B., et al., Appraising the historical and projected spatiotemporal changes in the
heat index in Bangladesh. Theoretical and Applied climatology, 2021. 146(1-2): p. 125.

Md Habibul Arif, I.LR., Md Abdul Alim, Md Reduanur Rahman, Md Shakhawat Hossen,
Mamunur Rahman, Al-Powered DDoS Detection and Mitigation: Developing Adaptive
Machine Learning Frameworks to Predict and Block Next-Generation Attacks. Journal of
Advanced Research in Applied Sciences and Engineering Technology, 2025. 56(231-243).
Uddin, M.K., et al., A greener approach to cotton pre-treatment using bentonite clay. The
Journal of The Textile Institute, 2022. 113(9): p. 1775-1784.

Farhan, M., Business Adaptation Strategies in an Era of Uncertainty: The Key to Success in
Facing Economic and Financial Fluctuations. Journal Of Multi Currency, 2025. 1(1): p. 14-27.
Masud, S.B., et al., Al-Driven Predictive Maintenance in Infrastructure and Facilities
Management. 2025.

Begum, S., Artificial Intelligence and Economic Resilience: A Review of Predictive Financial
Modelling for Post-Pandemic Recovery in the United States SME Sector. International Journal
of Innovative Science and Research Technology, 2025. 10(7): p. 3620-3627.

TOHFA, N.A., et al., Machine learning—enabled anomaly detection for environmental risk
management in banking. 2025.

Noor, N., et al., A Big Data—Driven Optimization Framework for Enterprise Financial
Management: Enhancing Predictive Decision-Making, Risk Control, and Computational
Efficiency. The Asian Bulletin of Big Data Management, 2025. 5(4): p. 190-217.

S A Mohaiminul Islam Nusrat Yasmin Nadia, M.S.B., Mohammed Majid Bakhsh, Ankur
Sarkar, Al-Driven Test Data Management for Large-Scale BI Applications. International
Journal of Innovative Science and Research Technology (IJISRT), 2025/2/15. 10(1): p. 11.
Adwani, A., Predictive analytics for business strategy: Leveraging machine learning for
competitive advantage. Available at SSRN 5356744, 2025.

Prince, N.U., et al. Deep Transfer Learning Approach to Detect Dragon Tree Disease. in 2024
IEEE International Conference on Blockchain and Distributed Systems Security (ICBDS).
2024. IEEE.

Vudugula, S., et al., Integrating artificial intelligence in strategic business decision-making: A
systematic review of predictive models. International Journal of Scientific Interdisciplinary
Research, 2023. 4(1): p. 01-26.

Roy, K.K., et al., Leveraging artificial intelligence for strategic decision-making in healthcare
organizations: a business it perspective. The American Journal of Applied Sciences, 2025. 7(8):
p. 74-93.

Theodorakopoulos, L., A. Theodoropoulou, and C. Halkiopoulos, Cognitive bias mitigation in
executive decision-making: A data-driven approach integrating big data analytics, Al, and
explainable systems. Electronics, 2025. 14(19): p. 3930.

Shaker, A.S.M., et al., TACS-Net: Temporal-Aware Customer Segmentation Network. IEEE
Open Journal of the Computer Society, 2025.

Ahmed, M.S., et al., Ai-driven predictive operations management: a business science
framework for dynamic hospital resource optimization and clinical workflow efficiency.

Cuest.fisioter. 2026.55(1):47-68 65



20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

AI-POWERED MACHINE LEARNING ANALYTICS Q
FOR ENHANCING STRATEGIC BUSINESS
DECISION-MAKING IN US ENTERPRISES

Sanjida Rahman!”

International Journal of Professional Business Review: Int. J. Prof. Bus. Rev., 2025. 10(8): p.
5.

Alzlfawi, A., et al., Prediction and parametric modeling of compressive strength of waste
marble dust concrete through machine learning and experimental analysis. Scientific Reports,
2025. 15(1): p. 42982.

Saeed, M., Data-Driven Healthcare: The Role of Business Intelligence Tools in Optimizing
Clinical and Operational Performance. The American Journal of Applied Sciences, 2025. 7(8):
p. 50-73.

Rane, N.L., et al., Artificial intelligence, machine learning, and deep learning for advanced
business strategies: a review. Partners Universal International Innovation Journal, 2024. 2(3):
p. 147-171.

Sobuz, M.H.R., et al., An explainable machine learning model for encompassing the
mechanical strength of polymer-modified concrete. Asian Journal of Civil Engineering, 2025.
26(2): p. 931-954.

Hoque, A., et al., Cloud Computing in Banking Flexibility and Scalability for Financial
Institute. Well Testing Journal, 2025. 34(S2): p. 165-184.

Kabbo, M.K.I., et al., Analyzing the influence of chemical components of incinerated bottom
ash on compressive strength of magnesium phosphate cement using machine learning analysis.
Geoenvironmental Disasters, 2025. 12(1): p. 35.

Tursunalieva, A., et al.,, Making sense of machine learning: a review of interpretation
techniques and their applications. Applied Sciences, 2024. 14(2): p. 496.

Rahman, M., et al., Quantum Machine Learning Integration: A Novel Approach to Business
and Economic Data Analysis. 2021.

Mir, M.N.H., et al., ABMF-Net: An Attentive Bayesian Multi-Stage Deep Learning Model for
Robust Forecasting of Electricity Price and Demand. IEEE Open Journal of the Computer
Society, 2025.

Begum, S., et al., AttenGene: A deep learning model for gene selection in PDAC classification
using autoencoder and attention mechanism for precision oncology. Well Testing Journal, 2025.
34(S3): p. 705-726.

Zamil, M.Z.H., et al. Stroke Prediction on Healthcare Data Using SMOTE and Explainable
Machine Learning. in 2025 13th International Symposium on Digital Forensics and Security
(ISDFS). 2025. IEEE.

. Hossen, M.S., et al., Parallel Deep Learning for Cybersecurity-Oriented Multi-Platform Social

Media Bot Detection. Frontiers in Computer Science and Artificial Intelligence, 2026. 5(2): p.
13-20.

Sazzadul, 1., et al., Designing a Real-Time Human-Al decision support framework for US
Healthcare providers using big data analytics. Journal of Computer Science and Technology
Studies, 2025. 7(8): p. 716-723.

Hoque, A., et al., Reshaping Fintech: Unveiling Recent Developments on Fintech Integration.
Well Testing Journal, 2025. 34(S3): p. 121-148.

Bakhsh, M.M., G.T. Alam, and N.Y. Nadia, Adapting Agile Methodologies to Incorporate
Digital Twins in Sprint Planning, Backlog Refinement, and QA Validation. Journal of
Knowledge Learning and Science Technology ISSN: 2959-6386 (online), 2025. 4(2): p. 67-79.
Siyam, O.F,, et al., Interpretable Deep Learning for Symptom-Based Lung Cancer Prediction
Using a 1D CNN Framework.

Islam, I., et al., The Future of Banking Fraud Detection: Emerging Al Technologies and Trends.
Well Testing Journal, 2025. 34(S3): p. 102-120.

Islam, M.T., et al. FinGraphRisk: A Graph Neural Network-Based Framework for Sentiment-
Driven Financial Risk Assessment. in 2025 International Conference on Quantum Photonics,
Artificial Intelligence, and Networking (QPAIN). 2025. IEEE.

Cuest.fisioter. 2026.55(1):47-68 66



38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

AI-POWERED MACHINE LEARNING ANALYTICS Q
FOR ENHANCING STRATEGIC BUSINESS
DECISION-MAKING IN US ENTERPRISES

Sanjida Rahman!”

Nayak, B., S.S. Bhattacharyya, and B. Krishnamoorthy, Integrating the dialectic perspectives
of resource-based view and industrial organization theory for competitive advantage—a review
and research agenda. Journal of Business & Industrial Marketing, 2023. 38(3): p. 656-679.
Khatun, M. and M.S. Oyshi, Advanced Machine Learning Techniques for Cybersecurity:
Enhancing Threat Detection in US Firms. Journal of Computer Science and Technology
Studies, 2025. 7(2): p. 305-315.

Hitt, M.A., K. Xu, and C.M. Carnes, Resource based theory in operations management
research. Journal of operations management, 2016. 41: p. 77-94.

Alim, M.A., et al., Enhancing fraud detection and security in banking and E-Commerce with
Al-powered identity verification systems. 2020.

Greitemeyer, J., Business Intelligence: An Analysis based on the Resource-based View. 2002:
diplom. de.

Mandal, N.C., et al., A Case Report of Middle Aortic Syndrome: A Rare Vascular Disorder.
Cardiovascular Journal, 2013. 6(1): p. 60-62.

Narne, S., et al., Al-driven decision support systems in management: enhancing strategic
planning and execution. International journal on recent and innovation trends in computing and
communication, 2024. 12(1): p. 268-276.

Uddin, M.M., et al. Interpretable Alzheimer's Disease Diagnosis Via CNNs and MRI: an
Explainable AI Approach. in 2025 4th International Conference on Electronics Representation
and Algorithm (ICERA). 2025. IEEE.

Hoque, A., et al., Al and Machine learning in Banking: Driving Efficiency and Innovation. Well
Testing Journal, 2025. 34(S3): p. 80-101.

Sufia Zareen, N.A.T., Md Abdul Alim, Md Reduanur Rahman, Md Habibul Arif, Iftekhar Rasul
Md Shakhawat Hossen, To Secure the Digital Age: The application of Quantum Computing,
and Ethical Frameworks. 2023. 8(6).

Basak, S., M.D.H. Gazi, and S. Mazharul Hoque Chowdhury. A Review Paper on Comparison
of different algorithm used in Text Summarization. in International Conference on Intelligent
Data Communication Technologies and Internet of Things. 2019. Springer.

Brynjolfsson, E., D. Rock, and C. Syverson, Artificial intelligence and the modern productivity
paradox: A clash of expectations and statistics. 2017, National Bureau of Economic Research.
Bekaroglu, C., ARTIFICIAL INTELLIGENCE AND EMPLOYMENT. Al RENAISSANCE-
Transforming Industries and Decision-Making in the 21st Century, 2023: p. 29.

Arif, M.H., et al., AI-Driven Risk Assessment in National Security Projects: Investigating
machine learning models to predict and mitigate risks in defense and critical infrastructure
projects. Journal of Computer Science and Technology Studies, 2025. 7(2): p. 71-85.

Samia Ara Chowdhury, A.H., Md Sajedul Karim Chy, Mohammad Delowar Hossain Gazi,
Next Generation Financial Security: Leveraging Al for Fraud Detection, Compliance and
Adaptive Risk Management. Well Testing Journal, 2025/7/25. 34(S3): p. 61-79.

Sobuz, M.H.R., et al., Microstructural assessment and supervised machine learning-aided
modeling to explore the potential of quartz powder as an alternate binding material in concrete.
Case Studies in Construction Materials, 2025. 22: p. e04568.

Masud, S.B., et al., The revolution of Al in enhancing infrastructure and facilities management.
Cuestiones de Fisioterapia, 2025. 54(4): p. 5605-5624.

Alam, G.T., et al., Predictive Analytics in QA Automation:: Redefining Defect Prevention for
US Enterprises. Journal of Knowledge Learning and Science Technology ISSN: 2959-6386
(online), 2025. 4(2): p. 55-66.

Sozib, H.M., et al., Cloud Computing in Business: Leveraging SaaS, IaaS, and PaaS for
Growth. Journal of Applied Research: p. 38.

Md Abdul Alim, M.R.R., Md Shakhawat Hossen, Mamunur Rahman, Md Habibul Arif,
Iftekhar Rasul, Zero-Trust Security Models in Multi-Cloud Environments: Scalability,
Challenges, and Implementation Strategies. Journal of Advanced Research in Applied Sciences
and Engineering Technology,, 2025. 56(282-29).

Cuest.fisioter. 2026.55(1):47-68 67



58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

AI-POWERED MACHINE LEARNING ANALYTICS Q
FOR ENHANCING STRATEGIC BUSINESS
DECISION-MAKING IN US ENTERPRISES

Sanjida Rahman!”

Islam, M.T., et al., LaplaceSalesNet: A Neural Laplace-Transformer Framework for
Continuous-Time Sales Forecasting. IEEE Open Journal of the Computer Society, 2025.
Bellal, R.B., et al., The Economic Impact of AI-Driven Carbon Emission Reduction Strategies
in Large-Scale Industrial and Office Settings. Cuestiones de Fisioterapia, 2023. 52(3): p. 717-
736.

Abubakkar, M., et al. Explainable suicide risk prediction with DeepFusion: A hybrid
intelligence approach. in 2025 4th International Conference on Electronics Representation and
Algorithm (ICERA). 2025. IEEE.

Hossain, M.I., et al., Zero-ETL Analytics: Transforming operational data into actionable
insights. 2025.

Sizan, M.M.H., Machine Learning-Based Unsupervised Ensemble Approach for Detecting
New Money Laundering Typologies in Transaction Graphs. International Journal of Applied
Mathematics, 2025. 38(2s): p. 351-374.

Biswas, A.K., et al., A Dual Output Temporal Convolutional Network With Attention
Architecture for Stock Price Prediction and Risk Assessment. IEEE Access, 2025.

Bari, M., et al., Toward an Adaptive AI/ML-Based QA Framework with HRM Integration for
Inclusive and Secure Healthcare Solutions in Edge Environments. Journal of Neonatal Surgery,
2025. 14(32S): p. 7612-7620.

Pankaj Kumar Sarker, S.C.S., Santanu Palit, Abdullah Al Naseeh Chowdhury, Mst Sanjida
Alam, Mohammad Delowar Hossain Gazi, Mahabubur Rahman, Machine learning applications
in predicting structural failures and earthquake damage.

Talukder, A.R., et al., Underwater image enhancement and restoration with YOLO-based object
detection and recognition. Well Test J, 2025. 34(S3): p. 727-48.

Rabby, H.R., et al. Coronavirus Disease Outbreak Prediction and Analysis Using Machine
Learning and Classical Time Series Forecasting Models. in 2024 International Conference on
Artificial Intelligence and Quantum Computation-Based Sensor Application (ICAIQSA).
2024. IEEE.

Arafat, Y., et al., Big Data Analytics in Information Systems Research: Current Landscape and
Future Prospects Focus: Data science, cloud platforms, real-time analytics in IS. Emerging
Frontiers Library for The American Journal of Engineering and Technology, 2025. 7(8): p. 177-
201.

Rabby, H.R., et al. Comparative Analysis of Machine Learning Algorithms for Breast Cancer
Prediction Using Fine Needle Aspirate Image Features. in 2025 International Conference on
Emerging Trends in Industry 4.0 Technologies (ICETI4T). 2025. IEEE.

Mohammed Majid Bakhsh, M.S.A.J., Sazzadul Islam, Nusrat Yeasmin Nadia, Ankur Sarkar,
Md Shadikul Bari, SA Islam, From Compliance to Code: An NLP-Based QA Automation
Framework For HRM Software in the US Healthcare Sector. Tianjin Daxue Xuebao (Ziran
Kexue yu Gongcheng Jishu Ban)/Journal of Tianjin University Science and Technology, ISSN
(Online), 2024/3/11: p. 0493-2137.

Cuest.fisioter. 2026.55(1):47-68 68



	2. Literature review
	3. Methodology
	3.1 Data Collection Process

	4. Results and discussion
	5. Conclusion
	References

