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Abstract 

In today’s paced and data centric world the integration of Artificial Intelligence (AI) technologies has become a game 

changer, in industries. However effectively utilizing AI to make informed decisions is still a task due to the 

complexities of datasets and the need for predictive models. This study aims to explore and evaluate Machine Learning 

(ML) classifiers such as Gradient Boosting, Light Gradient Boosting Machine (LightGBM) Extreme Gradient 

Boosting (XGBoost) and stacking classifiers within decision making scenarios. The objective is to assess their 

effectiveness in handling datasets and gain insights into their performance metrics for improving decision making 

processes. Comparative analysis of these classifiers reveals strengths and capabilities when applied in decision making 

contexts. The experimental findings highlight the potential of classifiers Gradient Boosting, in optimizing decision 

making even in complex situations. 
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1. Introduction 

In the evolving world of technology, the integration of Artificial Intelligence (AI) has become a game changer 

transforming how decisions are made in industries. AI holds the promise of revolutionizing processes by empowering 

machines to learn, reason and perform tasks efficiently than ever before [1-3]. This raises questions, about AIs role in 

decision making; How does it impact strategies, effectiveness, and the collaboration, between humans and AI. One of 

AIs attractions is its ability to process amounts of data and uncover meaningful connections. It goes beyond 

automation; it has the potential to enhance intelligence by equipping decision makers with tools to navigate complex 

operational environments [3-5]. 

AI has an impact on operational domains, such as predictive maintenance in manufacturing and personalized customer 

service in retail. While AI shows potential in decision making it also brings forth challenges. We must consider the 

implications of using AI algorithms for decisions address the issue of bias in machine learning models and find the 

right balance between automation and human oversight [6-8]. It is crucial to understand the relationship between AI 

and human decision makers and prioritize transparency, accountability and ethical frameworks when integrating AI 

systems into contexts. As we navigate this realm of evolution, we realize that evaluating AIs role, in decision making 

goes beyond dissecting algorithms; it requires exploring how innovation interacts with human cognition [9-12]. This 

paper aims to traverse this terrain, drawing from empirical evidence, case studies, and critical analyses to offer a 

comprehensive understanding of AI's impact on operational decision-making. Beyond examining its present efficacy, 

this exploration also peeks into the horizon, speculating on the future trajectories, challenges, and ethical imperatives 

that will shape this symbiotic relationship. The remainder of this work is structured as summarized in Figure 1. 
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2. Related Works 

This section embarks on a comprehensive exploration of the existing body of work, delving into a mosaic of research 

studies. Several studies have contributed significant insights into the role of Artificial Intelligence (AI) within 

operational decision-making contexts. Dhamija and Bag [10] conducted a comprehensive review and bibliometric 

analysis focusing on the role of AI in the operations environment, providing an overview of its applications and 

implications. The authors of [11] explored the intersection of AI and decision analysis within operational research, 

laying foundational groundwork for understanding AI's role in decision-making. In addition, the work [12] delved into 

the impacts of AI on organizational decision-making, shedding light on the transformative effects of AI technologies 

in this domain. Moreover, Doumpos and Grigoroudis [13] examined the links, theories, and applications of 

multicriteria decision aid and AI, elucidating the integration of these methodologies. Di Vaio, Hassan, and Alavoine 

[14] conducted a bibliometric analysis of human-AI dynamics in public sector decision-making, emphasizing data 

intelligence and analytics. Pournader et al. [15] outlined AI applications in supply chain management, emphasizing its 

implications for enhancing operational efficiencies. Furthermore, Abedallah et al. [16] investigated the role of AI 

technologies in the construction industry, employing a hybrid MCDM concept to analyze its impact. Min [17] offered 

insights into AI's role in supply chain management, discussing theoretical frameworks and practical applications. 

more, the authors of [18] proposed an integrated AI framework for knowledge creation and B2B marketing rational 

decision-making, aiming to enhance firm performance. Additionally, Budhwar et al. [19] reviewed the challenges and 

opportunities of AI in international HRM, offering a research agenda within this field. Chen et al. [20] explored AI 

applications in education, providing a comprehensive review of its implications within the educational landscape. 

3. Methodology 

This section serves as a methodological compass, guiding the exploration, analysis, and evaluation of AI's impact on 

decision-making processes. 

3.1. Gradient Boosting Classifier 

The Gradient Boosting Classifier operates on the principle of building a strong predictive model by iteratively 

combining an ensemble of weak learners, typically decision trees, to sequentially minimize errors. It minimizes the 

residual errors of the previous models by fitting new models to the residuals, gradually improving predictive accuracy. 

This iterative nature allows the model to emphasize the misclassified instances, resulting in a robust ensemble model. 

In operational decision-making, Gradient Boosting presents a valuable approach due to its ability to handle complex, 

non-linear relationships in data. Its iterative learning mechanism can adapt to changing patterns and complexities 

within operational datasets, making it suitable for scenarios where the decision-making process involves intricate, 

dynamic interactions among variables. Its potential lies in its capacity to provide accurate predictions, allowing for 

more informed and precise decision-making in operational contexts. 

 

 

Figure 1: Structure of this study. 
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3.2. Light Gradient Boosting Machine (LightGBM) 

LightGBM, an advanced form of gradient boosting, operates by partitioning data into smaller subsets and constructing 

decision trees. It uses a leaf-wise strategy for tree growth and employs gradient-based one-sided sampling to select 

the most informative features, resulting in faster training times and reduced memory consumption. LightGBM's 

potential for operational decision-making lies in its efficiency in handling large-scale datasets with high dimensionality 

and sparse features. This model's speed and memory efficiency enable quicker training and prediction times, making 

it particularly suitable for real-time or resource-constrained operational decision-making scenarios. Its ability to handle 

massive datasets and maintain predictive accuracy positions LightGBM as a compelling choice for operational 

decision-making where speed and scalability are crucial. 

3.3. Extreme Gradient Boosting (XGBoost) 

Extreme Gradient Boosting (XGBoost) is another variant of gradient boosting known for its scalability, speed, and 

regularization techniques. It employs a more regularized model formulation to control overfitting and offers 

enhancements in computational efficiency. XGBoost's potential in operational decision-making lies in its ability to 

balance model complexity and predictive accuracy. Its speed and scalability make it well-suited for handling large 

volumes of data commonly encountered in operational settings. Moreover, its regularization techniques aid in 

controlling model complexity, ensuring robustness in handling noisy or complex operational datasets. XGBoost's 

versatility and ability to handle various data types make it a powerful tool for making informed and reliable decisions 

in dynamic operational environments. 

3.4. Stacking Classifiers 

Stacking, a meta-ensemble technique, involves combining multiple diverse base classifiers and using a meta-learner 

to aggregate their predictions. This technique leverages the strengths of individual classifiers by allowing them to 

specialize in different aspects of the dataset, providing a more comprehensive and accurate prediction. Stacking 

classifiers hold potential for operational decision-making by capitalizing on the diversity of models to capture different 

patterns and nuances within the dataset. By combining the strengths of various classifiers, stacking can offer enhanced 

predictive performance, especially in scenarios where different aspects of operational data require specialized 

modeling approaches. Its adaptability to combine diverse models and improve predictive accuracy positions stacking 

as a valuable strategy for optimizing decision-making processes in complex operational domains. 

4. Experimental Design 

This section articulates the meticulous orchestration of experiments undertaken to scrutinize and elucidate AI's role 

within diverse operational domains. In Table 1, a comprehensive showcase of the training hyperparameters is 

presented, unveiling the foundational configuration and settings employed during the model training phase. These 

hyperparameters encompass a spectrum of crucial settings, including learning rates, batch sizes, regularization 

techniques, and optimization algorithms, among others. 

Table 1: Training Hyperparameters 

Description Value 

Session id 2127 

Target bankrupt_ 

Target type Binary 

Original data shape (424, 95) 

Transformed data shape (424, 95) 

Transformed train set shape (296, 95) 

Transformed test set shape (128, 95) 

Numeric features 94 

Preprocess TRUE 

Imputation type simple 

Numeric imputation mean 

Categorical imputation constant 

Low variance threshold 0 

Fold Generator StratifiedKFold 
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Fold Number 10 

CPU Jobs -1 

Use GPU FALSE 

Log Experiment FALSE 

Experiment Name clf-default-name 

USI b14b 

 

5. Results and Discussion 

This section serves as the crucible where empirical evidence, statistical analyses, and theoretical underpinnings 

converge, illuminating the impact, nuances, and implications of AI integration within diverse operational realms. In 

Table 2, the depiction of skew across all features provides a panoramic view of the distributional characteristics 

inherent in the dataset. The skewness measures unveiled within this table illuminate the asymmetry and deviation from 

a symmetrical bell-shaped curve observed in each feature's distribution. This display of skewness is pivotal in 

understanding the data's shape and the tendencies of the variables, showcasing whether the distributions lean towards 

one tail or the other. Moreover, this comprehensive portrayal underscores the diversity in the data's distributional 

patterns, indicating potential outliers, non-normal distributions, or inherent biases that may influence subsequent 

analyses or modeling endeavors.  

Table 2: Skewness Analysis of Features - Distributional Characteristics Across Variables 

Feature Skew Absol

ute 

Skew 

Skew

ed 

Feature Skew Absol

ute 

Skew 

Skew

ed 

bankrupt_ 5.29 5.29 TRU

E 

inventory_turnover_rate_ti

mes_ 

1.14 1.14 TRU

E 

roa_c_before_interest_and_depr

eciation_before_... 

-0.32 0.32 FALS

E 

fixed_assets_turnover_freq

uency 

2.35 2.35 TRU

E 

roa_a_before_interest_and_%_a

fter_tax 

-1.03 1.03 TRU

E 

net_worth_turnover_rate_ti

mes_ 

8.96 8.96 TRU

E 

roa_b_before_interest_and_dep

reciation_after_tax 

-0.76 0.76 TRU

E 

revenue_per_person 59.42 59.42 TRU

E 

operating_gross_margin -8.04 8.04 TRU

E 

operating_profit_per_perso

n 

7.79 7.79 TRU

E 

realized_sales_gross_margin -8.06 8.06 TRU

E 

allocation_rate_per_person 27.47 27.47 TRU

E 

operating_profit_rate -

70.22 

70.22 TRU

E 

working_capital_to_total_a

ssets 

-0.19 0.19 FALS

E 

pre_tax_net_interest_rate -

52.47 

52.47 TRU

E 

quick_assets_total_assets 0.34 0.34 FALS

E 

after_tax_net_interest_rate -

52.98 

52.98 TRU

E 

current_assets_total_assets 0.08 0.08 FALS

E 

non_industry_income_and_expe

nditure_revenue 

39.63 39.63 TRU

E 

cash_total_assets 2.23 2.23 TRU

E 

continuous_interest_rate_after_t

ax_ 

-

53.19 

53.19 TRU

E 

quick_assets_current_liabil

ity 

47.94 47.94 TRU

E 

operating_expense_rate 1.25 1.25 TRU

E 

cash_current_liability 14.86 14.86 TRU

E 

research_and_development_exp

ense_rate 

1.28 1.28 TRU

E 

current_liability_to_assets 1.61 1.61 TRU

E 

cash_flow_rate 3.99 3.99 TRU

E 

operating_funds_to_liabilit

y 

3.78 3.78 TRU

E 

interest_bearing_debt_interest_

rate 

7.03 7.03 TRU

E 

inventory_working_capital 45.32 45.32 TRU

E 
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tax_rate_a_ 1.90 1.90 TRU

E 

inventory_current_liability 11.96 11.96 TRU

E 

net_value_per_share_b_ 4.56 4.56 TRU

E 

current_liabilities_liability -0.83 0.83 TRU

E 

net_value_per_share_a_ 4.52 4.52 TRU

E 

working_capital_equity -

36.20 

36.20 TRU

E 

net_value_per_share_c_ 4.51 4.51 TRU

E 

current_liabilities_equity 23.79 23.79 TRU

E 

persistent_eps_in_the_last_four

_seasons 

5.13 5.13 TRU

E 

long_term_liability_to_curr

ent_assets 

12.40 12.40 TRU

E 

cash_flow_per_share 8.02 8.02 TRU

E 

retained_earnings_to_total

_assets 

-

11.14 

11.14 TRU

E 

revenue_per_share_yuan_¥_ 43.76 43.76 TRU

E 

total_income_total_expens

e 

82.31 82.31 TRU

E 

operating_profit_per_share_yua

n_¥_ 

8.81 8.81 TRU

E 

total_expense_assets 9.48 9.48 TRU

E 

per_share_net_profit_before_ta

x_yuan_¥ 

6.00 6.00 TRU

E 

current_asset_turnover_rat

e 

2.12 2.12 TRU

E 

realized_sales_gross_profit_gro

wth_rate 

77.91 77.91 TRU

E 

quick_asset_turnover_rate 1.14 1.14 TRU

E 

operating_profit_growth_rate -

71.67 

71.67 TRU

E 

working_capitcal_turnover

_rate 

-

28.58 

28.58 TRU

E 

after_tax_net_profit_growth_rat

e 

-

25.58 

25.58 TRU

E 

cash_turnover_rate 0.95 0.95 TRU

E 

regular_net_profit_growth_rate -

25.26 

25.26 TRU

E 

cash_flow_to_sales -

47.86 

47.86 TRU

E 

continuous_net_profit_growth_r

ate 

67.08 67.08 TRU

E 

fixed_assets_to_assets 82.56 82.56 TRU

E 

total_asset_growth_rate -0.92 0.92 TRU

E 

current_liability_to_liabilit

y 

-0.83 0.83 TRU

E 

net_value_growth_rate 80.27 80.27 TRU

E 

current_liability_to_equity 23.79 23.79 TRU

E 

total_asset_return_growth_rate

_ratio 

62.49 62.49 TRU

E 

equity_to_long_term_liabil

ity 

33.78 33.78 TRU

E 

cash_reinvestment_% 2.32 2.32 TRU

E 

cash_flow_to_total_assets -0.23 0.23 FALS

E 

current_ratio 82.56 82.56 TRU

E 

cash_flow_to_liability 1.01 1.01 TRU

E 

quick_ratio 31.64 31.64 TRU

E 

cfo_to_assets -0.44 0.44 FALS

E 

interest_expense_ratio -

16.82 

16.82 TRU

E 

cash_flow_to_equity 19.94 19.94 TRU

E 

total_debt_total_net_worth 46.35 46.35 TRU

E 

current_liability_to_current

_assets 

13.19 13.19 TRU

E 

debt_ratio_% 0.98 0.98 TRU

E 

liability_assets_flag 29.14 29.14 TRU

E 

net_worth_assets -0.98 0.98 TRU

E 

net_income_to_total_assets -3.68 3.68 TRU

E 

long_term_fund_suitability_rati

o_a_ 

24.96 24.96 TRU

E 

total_assets_to_gnp_price 21.75 21.75 TRU

E 

borrowing_dependency 20.83 20.83 TRU

E 

no_credit_interval -

11.58 

11.58 TRU

E 

contingent_liabilities_net_worth 79.65 79.65 TRU

E 

gross_profit_to_sales -8.04 8.04 TRU

E 
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operating_profit_paid_in_capita

l 

8.95 8.95 TRU

E 

net_income_to_stockholder

s_equity 

-

37.96 

37.96 TRU

E 

net_profit_before_tax_paid_in_c

apital 

6.38 6.38 TRU

E 

liability_to_equity 27.45 27.45 TRU

E 

inventory_and_accounts_receiva

ble_net_value 

13.11 13.11 TRU

E 

degree_of_financial_levera

ge_dfl_ 

45.71 45.71 TRU

E 

total_asset_turnover 2.34 2.34 TRU

E 

interest_coverage_ratio_int

erest_expense_to_ebit_ 

-

13.94 

13.94 TRU

E 

accounts_receivable_turnover 25.84 25.84 TRU

E 

net_income_flag 0.00 0.00 FALS

E 

average_collection_days 30.57 30.57 TRU

E 

equity_to_liability 7.40 7.40 TRU

E 

In Table 3, a comprehensive array of summary descriptive statistics is presented, encapsulating key quantitative 

insights into the dataset's central tendencies, dispersion, and shape. This tabular representation serves as a condensed 

yet informative repository, showcasing measures such as mean, median, standard deviation, minimum, maximum, and 

quartiles for each variable. These statistics offer a holistic overview of the dataset's numerical attributes, providing a 

snapshot of its distribution, variability, and potential outliers. The inclusion of measures like mean and median 

highlights central tendencies, elucidating the typical value or central point around which the data clusters, while the 

standard deviation delineates the extent of dispersion or variability within each feature. Moreover, the minimum and 

maximum values, alongside quartiles, unveil the data's range and distributional spread, enabling a quick grasp of the 

dataset's scale and variability. 

Table 3: Summary Descriptive Statistics - Central Tendencies and Variability Measures Across Variables. 
 

count mean std min 0.25 0.5 0.75 max 

Bankrupt? 6819 0.032263 0.17671 0 0 0 0 1 

ROA(C) before interest and 

depreciation before interest 

6819 0.50518 0.060686 0 0.476527 0.502706 0.535563 1 

ROA(A) before interest and % after 

tax 

6819 0.558625 0.06562 0 0.535543 0.559802 0.589157 1 

ROA(B) before interest and 

depreciation after tax 

6819 0.553589 0.061595 0 0.527277 0.552278 0.584105 1 

Operating Gross Margin 6819 0.607948 0.016934 0 0.600445 0.605997 0.613914 1 

Realized Sales Gross Margin 6819 0.607929 0.016916 0 0.600434 0.605976 0.613842 1 

Operating Profit Rate 6819 0.998755 0.01301 0 0.998969 0.999022 0.999095 1 

Pre-tax net Interest Rate 6819 0.79719 0.012869 0 0.797386 0.797464 0.797579 1 

After-tax net Interest Rate 6819 0.809084 0.013601 0 0.809312 0.809375 0.809469 1 

Non-industry income and 

expenditure/revenue 

6819 0.303623 0.011163 0 0.303466 0.303525 0.303585 1 

... ... ... ... ... ... ... ... ... 

Net Income to Total Assets 6819 0.80776 0.040332 0 0.79675 0.810619 0.826455 1 

Total assets to GNP price 6819 18629420 376450100 0 0.000904 0.002085 0.00527 9820000000 

No-credit Interval 6819 0.623915 0.01229 0 0.623636 0.623879 0.624168 1 

Gross Profit to Sales 6819 0.607946 0.016934 0 0.600443 0.605998 0.613913 1 

Net Income to Stockholder's Equity 6819 0.840402 0.014523 0 0.840115 0.841179 0.842357 1 

Liability to Equity 6819 0.280365 0.014463 0 0.276944 0.278778 0.281449 1 

Degree of Financial Leverage (DFL) 6819 0.027541 0.015668 0 0.026791 0.026808 0.026913 1 

Interest Coverage Ratio (Interest 

expense to EBIT) 

6819 0.565358 0.013214 0 0.565158 0.565252 0.565725 1 

Net Income Flag 6819 1 0 1 1 1 1 1 

Equity to Liability 6819 0.047578 0.050014 0 0.024477 0.033798 0.052838 1 

 

In Figure 2, a visual comparison showcases the feature distributions before and after normalization, providing a 

compelling narrative of the transformation undergone by the dataset. The visualization delineates the shifts in data 
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distribution, accentuating the impact of normalization techniques on the spread, scale, and shape of each feature. Prior 

to normalization, the original distributions might exhibit varying scales and ranges, potentially skewing analyses or 

modeling efforts due to disparities in the magnitudes of the features. The post-normalization distributions, however, 

demonstrate a more standardized and uniform scale across the features, aligning them in a comparable range. This 

transformation facilitates fairer comparisons between variables, mitigates the dominance of certain features due to 

their scales, and aids in enhancing the robustness and efficiency of subsequent analytical processes. In Table 4, a 

comprehensive depiction and comparative analysis of multiple Machine Learning (ML) classifiers' results are 

showcased, offering a panoramic view of their performance metrics. The presentation of these metrics enables a 

holistic comparison of the classifiers' performance across various measures, providing insights into their strengths and 

weaknesses in handling the dataset. This comparative analysis serves as a compass, guiding stakeholders and 

researchers in discerning the efficacy of different ML algorithms in the context of the specific problem domain, aiding 

in the informed selection of the most suitable classifier for predictive modeling tasks. 

Table 4: Performance Comparison of Machine Learning Classifiers. 

Model Accuracy AUC Recall Prec. F1 Kappa MCC 

Gradient Boosting Classifier 0.875 0.941 0.881 0.881 0.879 0.749 0.753 

Light Gradient Boosting 

Machine 0.868 0.944 0.875 0.875 0.872 0.736 0.741 

Extreme Gradient Boosting 0.865 0.947 0.888 0.858 0.871 0.729 0.733 

Extra Trees Classifier 0.862 0.940 0.868 0.873 0.867 0.724 0.731 

CatBoost Classifier 0.858 0.952 0.875 0.860 0.864 0.716 0.722 

Random Forest Classifier 0.848 0.942 0.842 0.864 0.850 0.696 0.702 

Ridge Classifier 0.838 0.000 0.868 0.829 0.847 0.675 0.678 

Ada Boost Classifier 0.824 0.917 0.823 0.838 0.827 0.648 0.654 

Decision Tree Classifier 0.821 0.820 0.855 0.810 0.830 0.641 0.647 

Linear Discriminant Analysis 0.807 0.845 0.757 0.862 0.801 0.615 0.626 

Logistic Regression 0.780 0.871 0.815 0.774 0.792 0.560 0.563 

Naive Bayes 0.702 0.885 0.460 0.924 0.606 0.412 0.479 

K Neighbors Classifier 0.597 0.575 0.604 0.605 0.603 0.193 0.194 

Quadratic Discriminant 

Analysis 0.571 0.573 0.529 0.596 0.554 0.145 0.148 

SVM - Linear Kernel 0.570 0.000 0.487 0.620 0.505 0.149 0.168 

Dummy Classifier 0.514 0.500 1.000 0.514 0.679 0.000 0.000 
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In Figure 3, the Receiver Operating Characteristic (ROC) curves and the corresponding Area Under the Curve (AUC) 

metrics are illustrated for the top-performing classifier, offering a visual depiction of its discriminative ability across 

varying thresholds. These curves plot the true positive rate against the false positive rate, providing an intuitive 

Figure 2: Feature Distribution Comparison Before and After Normalization 

  

  
 
Figure 3: visualization of ROCAUC curves for top performing ML classifiers. 

https://doi.org/10.54216/AJBOR.080106


American Journal of Business and Operations Research (AJBOR)                              Vol. 08, No. 01, PP. 60-70, 2022 

68 
DOI: https://doi.org/10.54216/AJBOR.080106 
Received: June 01, 2022 Accepted: December 14, 2022 

representation of the classifier's performance in distinguishing between classes. The ROC curves' trajectory showcases 

the classifier's ability to balance sensitivity and specificity, with the AUC serving as a quantitative measure 

summarizing the overall predictive power of the model. The visual presentation in Figure 3 allows for a nuanced 

understanding of the classifier's performance at different decision thresholds, offering insights into its efficacy in 

correctly identifying positive and negative instances within the dataset. 

In Figure 4, the display of confusion matrices for the top classifier presents a detailed breakdown of predicted versus 

actual class labels, offering a granular insight into the model's classification performance. These matrices showcase 

the classifier's ability to accurately assign instances to their respective classes while revealing potential errors such as 

misclassifications, false positives, false negatives, and true positives. The diagonal elements of the confusion matrix 

represent correct predictions, while off-diagonal elements indicate misclassifications. This visual representation 

facilitates a deeper understanding of the classifier's strengths and weaknesses in correctly identifying different classes 

within the dataset. It allows for a comprehensive assessment of the model's performance across multiple classes, aiding 

in the identification of specific areas where the model excels or requires refinement.  

6. Conclusion and Future work 

The culmination of this research endeavor illuminates the pivotal role of Artificial Intelligence (AI) in revolutionizing 

operational decision-making paradigms across diverse domains. The empirical exploration and comparative analyses 

showcased the transformative potential of AI applications, elucidating its capacity to augment decision-making 

processes, optimize operational efficiencies, and pave the way for more informed, data-driven strategies. Through a 

comprehensive assessment of various AI models and their performance metrics, this study unveiled the proficiency of 

specific classifiers in handling complex operational datasets. Moreover, the deployment of visualization techniques, 

such as ROC curves and confusion matrices, offered a granular understanding of the classifiers' discriminatory power 

and performance across multiple classes, enhancing the depth of evaluation. The comprehensive evaluation presented 

in this study not only underscores AI's prowess in enhancing decision-making processes but also highlights the 

imperative of meticulous model selection, evaluation, and optimization in harnessing its full potential. The in-depth 

analyses conducted pave the way for informed decision-making regarding the selection and deployment of AI models 

  

  
 

Figure 4: visualization of ROCAUC curves for top performing ML classifiers. 

https://doi.org/10.54216/AJBOR.080106


American Journal of Business and Operations Research (AJBOR)                              Vol. 08, No. 01, PP. 60-70, 2022 

69 
DOI: https://doi.org/10.54216/AJBOR.080106 
Received: June 01, 2022 Accepted: December 14, 2022 

within operational contexts, enabling stakeholders to leverage AI technologies effectively in addressing complex 

decision-making scenarios. 

Looking forward, future research endeavors could delve deeper into several promising directions within the realm of 

AI-enabled operational decision-making. Firstly, an exploration of ensemble learning techniques and hybrid models 

might yield insights into enhancing predictive performance by combining the strengths of multiple classifiers or 

models. Investigating ensemble methods like stacking, boosting, or bagging in the operational decision-making 

context could offer avenues for improved accuracy and robustness. Furthermore, the ethical implications of AI 

integration within decision-making frameworks demand extensive scrutiny. Future studies could focus on developing 

ethical guidelines and frameworks tailored specifically to operational decision-making, emphasizing fairness, 

transparency, and accountability in AI-driven processes. This exploration is critical in ensuring responsible AI 

deployment, particularly in sensitive operational domains. Additionally, the dynamic nature of operational 

environments necessitates research into AI models' adaptability and resilience. Exploring methodologies to enhance 

AI models' adaptability to changing data landscapes, their capacity to self-learn and evolve, and their robustness in 

decision-making amidst uncertainties will be crucial for their practical applicability. 
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