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ABSTRACT 

This study presents a comparative analysis of five widely used machine learning algorithms—Logistic 

Regression, Support Vector Machines (SVM), Random Forest, Gradient Boosting, and Neural Networks—

in the context of business intelligence (BI). The performance of these models was evaluated on both 

classification and regression tasks, utilizing a comprehensive set of metrics including accuracy, precision, 

recall, F1 score, AUC-ROC for classification, and R-squared for regression. Results indicate that ensemble 

models, particularly Random Forest and Gradient Boosting, outperformed other algorithms across both 

tasks. Random Forest achieved the highest AUC-ROC (96.3%) in classification, while Gradient Boosting led 

with the highest F1 score (94.2%) and AUC-ROC (97.8%), reflecting its ability to model complex, non-linear 

relationships. In regression tasks, Gradient Boosting (R² = 0.94) and Random Forest (R² = 0.91) 

demonstrated superior explanatory power. While Neural Networks (R² = 0.93) performed well, their 

computational complexity and lack of interpretability pose challenges for certain BI applications. Logistic 

Regression and SVM, though effective in simpler contexts, were generally outperformed by more complex 

models. The findings emphasize the importance of selecting the appropriate model based on the business 

objectives, data characteristics, and computational resources, with ensemble methods being ideal for high-

accuracy, complex BI tasks. This study contributes valuable insights for organizations aiming to leverage 

machine learning for data-driven decision-making and enhances the understanding of algorithmic trade-

offs in business intelligence. 

KEYWORDS 

Regression Models, Performance Metrics, Random Forest, Gradient Boosting, Support Vector Machines, 

Neural Networks, Predictive Analytics, Data-Driven Decision Making. 

INTRODUCTION  

In recent years, the application of machine 

learning (ML) algorithms to business intelligence 

(BI) tasks has transformed the way organizations 

make data-driven decisions. By leveraging 

advanced computational techniques, businesses 

can gain deeper insights, optimize processes, and 

improve decision-making. The primary objective 

of this research is to compare the performance of 

various machine learning models in the context of 

classification and regression tasks, with a focus 

on evaluating their suitability for business 

intelligence applications. 
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Business intelligence involves the use of 

technologies, applications, and practices for the 

collection, integration, analysis, and presentation 

of business data (Chaudhuri, Dayal, & Narasayya, 

2011). ML algorithms are increasingly being 

incorporated into BI systems to predict trends, 

classify data, and make informed decisions. 

However, selecting the appropriate algorithm for 

a specific task remains a challenge due to the 

variety of available models, each with distinct 

strengths and weaknesses. The algorithms 

evaluated in this study include Logistic 

Regression, Support Vector Machines (SVM), 

Random Forest, Gradient Boosting, and Neural 

Networks. These models are evaluated using key 

performance metrics such as accuracy, precision, 

recall, F1 score, AUC-ROC, and R-squared to 

determine their effectiveness in solving 

classification and regression problems within a 

business context. 

The results of this study aim to guide 

organizations in selecting the most suitable 

algorithm for their BI needs by providing a 

comparative analysis of the models' performance. 

Understanding these metrics and their trade-offs 

is crucial for organizations looking to optimize 

their machine learning workflows and improve 

their data-driven strategies. 

Machine learning has revolutionized the field of 

business intelligence by enabling the automation 

of decision-making processes based on data-

driven insights. In classification tasks, where the 

goal is to assign input data to predefined 

categories, multiple models have been shown to 

exhibit varying levels of accuracy and 

interpretability. Logistic Regression, one of the 

simplest and most widely used algorithms, is 

often favored for its transparency and ease of 

interpretation, particularly in business 

applications such as customer segmentation and 

fraud detection (James, Witten, Hastie, & 

Tibshirani, 2013). However, its limitations in 

handling complex, non-linear relationships 

between variables have led to the development of 

more advanced algorithms like Support Vector 

Machines (SVM) and Random Forest. 

SVMs, which rely on finding the optimal 

hyperplane that best separates classes, have been 

praised for their robustness, especially in high-

dimensional spaces. SVMs are particularly useful 

in cases where the dataset is linearly separable, 

but they can also handle non-linear classification 

through the use of kernel functions (Cortes & 
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Vapnik, 1995). Despite their strength, SVMs 

require significant computational resources and 

are sensitive to parameter tuning, which may 

limit their scalability in real-world BI applications 

(Liu & Weigend, 2001). 

Random Forest, an ensemble learning method, is 

another popular choice for classification and 

regression tasks. It constructs multiple decision 

trees during training and outputs the majority 

vote (for classification) or the average prediction 

(for regression) of the individual trees. Random 

Forest is well-known for its ability to handle large 

datasets with high dimensionality and its 

robustness against overfitting (Breiman, 2001). 

Additionally, Random Forest can provide feature 

importance, making it easier to interpret and 

understand the model’s decisions. 

Gradient Boosting is an ensemble method that 

builds models sequentially, each correcting the 

errors of its predecessor. It has demonstrated 

superior performance in many BI tasks, 

particularly in scenarios where high predictive 

accuracy is crucial. Unlike Random Forest, which 

builds trees in parallel, Gradient Boosting 

iteratively improves its predictions, which often 

leads to better performance in tasks such as sales 

forecasting and demand prediction (Friedman, 

2001). However, Gradient Boosting can be 

computationally intensive, particularly when 

dealing with large datasets. 

Neural Networks, inspired by the structure of the 

human brain, are capable of learning complex, 

non-linear patterns from large volumes of data. 

They have become the go-to choice for many BI 

tasks that require high levels of accuracy, such as 

customer behavior analysis and recommendation 

systems. The flexibility of neural networks allows 

them to model intricate relationships between 

variables, but they require large amounts of data 

and computational power to train effectively 

(LeCun, Bengio, & Hinton, 2015). Furthermore, 

neural networks can often be seen as "black-box" 

models due to their lack of transparency, which 

can be a disadvantage in industries where model 

interpretability is critical. 

The performance of these models in BI 

applications is typically measured using various 

evaluation metrics. In classification tasks, metrics 

such as accuracy, precision, recall, and F1 score 

are commonly used to assess the effectiveness of 

the model in making predictions (Sokolova & 

Lapalme, 2009). Accuracy provides a general 

measure of performance, while precision and 

recall are more informative when dealing with 
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imbalanced datasets. The AUC-ROC curve is 

another widely used metric to evaluate a 

classifier’s ability to distinguish between positive 

and negative classes at different thresholds 

(Fawcett, 2006). 

For regression tasks, R-squared (R²) is often used 

to measure how well a model explains the 

variance in the dependent variable. A higher R-

squared value indicates a better fit of the model to 

the data, making it an essential metric for 

evaluating models used in forecasting and 

predictive analytics (Kutner, Nachtsheim, Neter, 

& Li, 2005). Despite the wide usage of these 

algorithms in various BI tasks, choosing the best 

model depends on the specific requirements of 

the business problem at hand. Factors such as the 

nature of the data, computational resources, and 

the need for model interpretability must be 

considered when selecting an appropriate 

algorithm. This study aims to provide a 

comparative analysis of these widely used 

machine learning models to guide organizations 

in making informed decisions about the best 

algorithms for their business intelligence 

applications. 

METHODOLOGY 

This study undertakes a detailed comparative 

analysis of machine learning algorithms to 

evaluate their effectiveness in solving business 

intelligence problems. Our methodology is 

designed to ensure comprehensive, reproducible, 

and practical insights into the application of 

machine learning in various business contexts. 

The methodology spans multiple stages, including 

data acquisition, preprocessing, feature 

engineering, model selection, training, evaluation, 

comparative analysis, and practical 

interpretation. The inclusion of tables and figures 

throughout the section provides clarity and 

supports the replicability of the research process. 

DATA COLLECTION AND UNDERSTANDING 

Data collection formed the foundation of our 

study. We sourced datasets from a combination of 

publicly available repositories and private 

organizational data systems to ensure diversity 

and relevance. These datasets represented a 

broad spectrum of business domains, including 

sales forecasting, customer segmentation, 

financial planning, and marketing analytics. Our 

selection criteria for datasets included: 

1. Representativeness of real-world business 

scenarios. 
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2. Adequate size and feature diversity to 

support robust algorithm testing. 

3. Balance between categorical and 

numerical features to accommodate 

varied algorithm requirements. 

Table 1 provides a summary of the datasets used 

in this study, detailing their characteristics and 

sources. 

Table 1: Overview of Datasets 

Dataset Name Domain Records Features Source Target Variable 
Type 

Sales Trends Retail Analytics 50,000 12 Kaggle Continuous 

Customer Insights Marketing 30,000 15 Organizational CRM 
System 

Categorical 

Financial 
Forecasting 

Investment 
Planning 

20,000 10 Yahoo Finance API Continuous 

 

To ensure a thorough understanding of the 

datasets, we visualized key variables, identifying 

distributions, correlations, and potential biases. 

Figure 1 illustrates the distribution of sales data 

in the retail analytics dataset, highlighting 

seasonal trends and outliers. 

DATA PREPROCESSING 

The collected data underwent a comprehensive 

and methodical preprocessing stage to address 

inconsistencies, missing values, and noise in the 

datasets. The preprocessing phase was critical to 

ensure the datasets were primed for effective 

model training and evaluation. 

1. Handling Missing Values: Missing values 

were treated using imputation methods 

tailored to the nature of the data. For 

numerical features, mean or median 

imputation was employed, while 

categorical features were imputed with 

the mode or predicted values from a 

classification model when necessary. 

Advanced methods such as K-Nearest 

Neighbors (KNN) imputation were utilized 

in cases where data patterns warranted 

more sophisticated treatment. 

2. Normalization and Scaling: Numerical 

features were normalized or standardized 
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to ensure consistent scaling across 

features. Min-max scaling was applied for 

algorithms sensitive to feature 

magnitudes, while z-score standardization 

was used for models relying on Gaussian 

distributions. This ensured that features 

contributed equitably during model 

training. 

3. Categorical Data Encoding: Categorical 

variables were transformed into a 

numerical format using one-hot encoding, 

avoiding assumptions of ordinal 

relationships where none existed. For 

datasets with high cardinality, target 

encoding and frequency encoding were 

applied to prevent feature explosion. 

4. Outlier Detection and Treatment: Outliers 

were identified using statistical methods 

such as z-scores, the IQR method, and 

visual techniques like box plots. 

Depending on their significance, outliers 

were either removed or transformed using 

log transformations to mitigate their 

impact on model performance. 

5. Data Splitting: The datasets were 

partitioned into training (80%) and 

testing subsets (20%) to maintain an 

appropriate distribution of features and 

target variables. Additionally, stratified 

sampling was used for classification tasks 

to ensure balanced representation across 

target classes. 

This rigorous preprocessing ensured the dataset 

was clean, structured, and ready for meaningful 

analysis, minimizing the risk of biases during 

model training. 

FEATURE ENGINEERING 

Feature engineering was pivotal in enhancing the 

dataset’s predictive power, enabling the models 

to extract valuable patterns and relationships. 

1. Creation of New Features: Domain 

knowledge was leveraged to create 

derived features. For instance, in retail 

datasets, features like weekend sales ratio 

and holiday season sales trends were 

added to capture temporal patterns. 

Marketing datasets were enhanced with 

metrics like customer lifetime value (CLV) 

and recency, frequency, monetary (RFM) 

scores. 

2. Feature Interaction and Polynomial 

Features: Interaction terms between 

significant features were introduced to 

capture relationships missed by linear 
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models. Polynomial features were 

generated for algorithms requiring non-

linear modeling capabilities. 

3. Feature Selection and Reduction: 

Correlation analysis was conducted to 

eliminate redundant features. Advanced 

algorithms such as Recursive Feature 

Elimination (RFE), mutual information 

scores, and SHAP (SHapley Additive 

exPlanations) values were employed to 

identify and retain the most impactful 

features. Principal Component Analysis 

(PCA) and t-SNE were applied to reduce 

dimensionality while preserving the 

dataset's variance. 

4. Feature Transformation: 

Transformations, including logarithmic 

scaling and Box-Cox transformations, 

were applied to normalize skewed 

distributions, making them suitable for 

machine learning algorithms. 

Through these efforts, the dataset was enriched 

with relevant features, streamlined for efficiency, 

and optimized for predictive performance. 

ALGORITHM SELECTION 

The selection of machine learning algorithms was 

driven by their ability to handle diverse business 

intelligence tasks effectively. 

1. Linear Models: Logistic Regression and 

Linear Regression were chosen for their 

simplicity and interpretability, making 

them ideal for scenarios where 

explainability was paramount. 

2. Tree-Based Models: Random Forest and 

Gradient Boosting algorithms (e.g., 

XGBoost and LightGBM) were included 

due to their robustness in handling non-

linear data and high accuracy in predictive 

tasks. 

3. Neural Networks: Deep learning models 

were employed for complex, high-

dimensional datasets. Multi-layer 

perceptrons (MLPs) were used for 

structured data, while convolutional and 

recurrent networks were considered for 

unstructured data such as text or images. 

4. Distance-Based and Kernel Methods: 

Algorithms like k-Nearest Neighbors 

(kNN) and Support Vector Machines 

(SVMs) were selected to evaluate their 

performance in specific business contexts, 
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such as anomaly detection and customer 

segmentation. 

5. Baseline Models: Simple models, such as 

Naïve Bayes and decision trees, served as 

baselines to compare and validate the 

performance of advanced algorithms. 

This diversity ensured a comprehensive 

exploration of algorithm capabilities and their 

suitability for business intelligence tasks. 

MODEL TRAINING 

Each algorithm was trained iteratively using the 

preprocessed training data to optimize its 

predictive power. 

1. Hyperparameter Optimization: Grid 

search and random search techniques 

were employed to tune hyperparameters. 

For computationally expensive models, 

Bayesian optimization and automated 

tools such as Optuna were utilized. 

2. Cross-Validation: K-fold cross-validation 

(k=5 or 10) ensured robust performance 

estimation by evaluating models on 

multiple train-test splits. 

3. Handling Class Imbalances: For 

imbalanced datasets, techniques like 

SMOTE (Synthetic Minority Oversampling 

Technique) and class-weight adjustments 

were applied to improve the performance 

of minority classes. 

4. Performance Tracking: Key metrics, such 

as training time, convergence rates, and 

memory usage, were recorded for each 

model to assess their practicality in real-

world scenarios. 

This iterative process ensured models were 

trained for both high accuracy and operational 

feasibility. 

Model Evaluation and Comparative Analysis 

The evaluation of machine learning models was 

conducted rigorously to ensure their relevance 

and applicability in business intelligence 

scenarios. Classification tasks were assessed 

using metrics like accuracy, precision, recall, F1 

score, and AUC-ROC, providing a balanced 

understanding of performance. For regression 

tasks, metrics such as MAE, MSE, and R-squared 

evaluated predictive accuracy and model fit. 

These metrics were carefully aligned with 

business goals, ensuring models addressed 

specific objectives like minimizing false positives 

in fraud detection or optimizing accuracy for 

customer segmentation. 
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Comparative analysis highlighted the strengths 

and trade-offs of each algorithm. Ensemble 

methods, such as Random Forest and Gradient 

Boosting, excelled in predictive accuracy and 

robustness, while simpler models like linear 

regression offered interpretability and 

computational efficiency. Scenario-specific 

insights were derived, demonstrating the 

suitability of different algorithms for tasks like 

demand forecasting, risk assessment, and 

customer segmentation. Visualization tools, 

including confusion matrices, residual plots, and 

precision-recall curves, facilitated stakeholder 

understanding and informed decision-making. 

Interpretation, Validation, and Business 

Implications 

The results were contextualized to bridge the gap 

between technical performance and business 

application. For example, clustering algorithms 

enabled actionable insights for personalized 

marketing, while time-series models supported 

inventory optimization by capturing seasonal 

trends. Dashboards and visualizations 

communicated potential ROI and strategic 

benefits, emphasizing the role of machine 

learning in enhancing efficiency and driving 

business growth. 

To ensure reliability, additional validation tests 

were performed using independent datasets and 

sensitivity analyses. Detailed documentation of 

preprocessing steps, model configurations, and 

datasets ensured reproducibility, while external 

reviews and industry consultations validated the 

findings. This robust approach bolstered the 

credibility and applicability of the research, 

providing a solid foundation for leveraging 

machine learning in diverse business contexts. 

RESULTS 

The results of this study offer a comprehensive 

evaluation of various machine learning 

algorithms for business intelligence applications. 

Each model's performance was assessed across 

classification and regression tasks, with a focus 

on accuracy, interpretability, computational 

efficiency, and suitability for specific business 

contexts. This section details the outcomes of the 

experiments, compares algorithmic performance, 

and provides insights into the best-performing 

models for different business intelligence needs. 

Performance of Classification Models 

The classification tasks in the study, such as 

customer churn prediction and fraud detection, 
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demonstrated notable variations across 

algorithms. Table 1 summarizes the performance 

metrics, including accuracy, precision, recall, F1 

score, and AUC-ROC. 

Table 1: Evaluation metrics of Machine learning 

Algorithm Accuracy Precision Recall F1 Score AUC-ROC 

Logistic Regression 87.5% 85.3% 83.2% 84.2% 89.1% 

Support Vector Machines 89.2% 87.4% 86.0% 86.7% 91.5% 

Random Forest 94.1% 93.2% 91.8% 92.5% 96.3% 

Gradient Boosting 95.4% 94.8% 93.7% 94.2% 97.8% 

Neural Networks 93.6% 92.1% 90.7% 91.4% 95.5% 

Gradient Boosting emerged as the top performer 

for classification tasks, achieving the highest 

accuracy and AUC-ROC. This result highlights its 

ability to handle complex relationships and 

imbalanced datasets effectively. However, 

Random Forest also performed exceptionally 

well, providing competitive results while being 

computationally more efficient. Logistic 

Regression and Support Vector Machines were 

advantageous for their simplicity and 

interpretability, making them suitable for 

applications requiring transparent decision-

making. 

Performance of Regression Models 

Regression models were evaluated on tasks like 

sales forecasting and customer lifetime value 

prediction. The results, summarized in Table 2, 

focus on metrics such as MAE, MSE, and R-

squared. 

Table 2: Algorithm Metrics 

Algorithm MAE MSE R-squared 

Linear Regression $5,124 $42,517 0.82 

k-Nearest Neighbors $4,879 $39,208 0.85 

Random Forest $3,674 $31,925 0.91 

Gradient Boosting $3,215 $28,743 0.94 

Neural Networks $3,501 $29,845 0.93 
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For regression tasks, Gradient Boosting again 

demonstrated superior performance, achieving 

the lowest errors and the highest R-squared 

value. Random Forest provided comparable 

accuracy but required fewer computational 

resources, making it a practical alternative for 

large datasets. Linear Regression, while less 

accurate, was beneficial for quick deployment and 

straightforward interpretation. Neural Networks 

were highly effective for capturing non-linear 

patterns but required significant training time 

and hyperparameter tuning. 

Comparative Analysis and Best Model 

Selection 

The comparative analysis revealed that ensemble 

methods, particularly Gradient Boosting, 

consistently outperformed other algorithms 

across both classification and regression tasks. Its 

ability to balance accuracy, robustness, and 

adaptability to different data distributions made 

it the most reliable choice for diverse business 

intelligence applications. 

However, the selection of the "best" model 

depends on the specific business context. For 

scenarios prioritizing interpretability, such as 

credit risk assessment, simpler models like 

Logistic Regression and Linear Regression are 

preferred. In contrast, for applications requiring 

high accuracy, such as fraud detection or demand 

forecasting, ensemble methods like Gradient 

Boosting or Random Forest are recommended. 

Neural Networks, despite their high 

computational cost, are valuable for tasks 

involving large-scale datasets with complex 

patterns. 

Visualizing Results 

The Visualizing Results section of the article aims 

to present the model evaluation results clearly, 

easy to interpret, and insightful for both technical 

and non-technical audiences. Visualization is a 

crucial step because it helps stakeholders 

understand the model performance, compare 

algorithms, and identify key patterns or 

discrepancies in the results. Here’s how each part 

of the section contributes to the overall goal of 

visualizing results: 

Figure 1 presents a comparison of classification 

accuracy across all algorithms, while Figure 2 

illustrates the regression performance using R-

squared values. These visualizations provide an 

intuitive understanding of model efficacy and aid 

in stakeholder decision-making. 
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Figure 1: Classification Accuracy of Machine Learning Models

Interpretation of Classification Results: 

• Gradient Boosting achieved the highest 

performance across all metrics, with an 

accuracy of 95.4%, an F1 score of 94.2%, 

and an AUC-ROC of 97.8%. This indicates 

that Gradient Boosting not only performs 

well in distinguishing between classes but 

also balances precision and recall 

effectively, making it a great choice for 

tasks requiring high predictive accuracy. 

• Random Forest performed similarly well, 

achieving a slightly lower accuracy 

(94.1%) than Gradient Boosting but still 

maintaining strong results across other 

metrics (especially in precision and 

recall). 

• Neural Networks had a strong 

performance, especially in recall (90.7%), 

indicating its ability to identify true 

positives in classification tasks with a 

lower rate of false negatives. 

• Support Vector Machines (SVM) and 

Logistic Regression performed reasonably 

well, but they did not match the predictive 
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power of ensemble methods like Random 

Forest and Gradient Boosting. SVM 

provided a solid balance between 

precision and recall, while Logistic 

Regression had a slightly lower overall 

performance. 

Regression Task Results 

The regression task involves predicting 

continuous outcomes, such as predicting sales or 

housing prices. The regression models evaluated 

in this study included Linear Regression, k-

Nearest Neighbors (k-NN), Random Forest, 

Gradient Boosting, and Neural Networks. These 

models were evaluated using the following 

metrics: 

• R-squared (R²): R-squared measures the 

proportion of variance in the dependent variable 

that is explained by the independent variables in 

the model. A higher R² value indicates a better fit 

of the model to the data. 

 

Figure 2: Regression Model Performance (R-squared) 

Interpretation of Regression Results: 

• Gradient Boosting achieved the highest R-

squared value of 0.94, meaning it explained 94% 

of the variance in the target variable. This is a 

strong indication of its suitability for tasks 

requiring accurate numerical predictions. 

• Random Forest and Neural Networks 

performed well with R-squared values of 0.91 and 
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0.93, respectively. These models are highly 

capable of capturing complex patterns in the data, 

making them suitable for predictive tasks where 

precision is important. 

• k-Nearest Neighbors (k-NN) provided a 

good performance with an R-squared value of 

0.85, indicating that it can be effective in 

regression tasks but may not capture as much 

variance as the more complex models. 

• Linear Regression, while simpler and 

easier to interpret, had a lower R-squared value 

of 0.82. This suggests that it is less suited to tasks 

requiring highly accurate predictions, especially 

when data patterns are complex. 

CONCLUSION  

This study aimed to provide a comprehensive 

comparative analysis of five widely used machine 

learning algorithms—Logistic Regression, 

Support Vector Machines (SVM), Random Forest, 

Gradient Boosting, and Neural Networks—based 

on their performance in both classification and 

regression tasks within the context of business 

intelligence (BI). The results demonstrated 

significant variations in the performance of these 

models, highlighting the importance of selecting 

the right algorithm for specific BI applications 

based on the task requirements and available 

data characteristics. 

In the classification tasks, Random Forest and 

Gradient Boosting emerged as the top-

performing algorithms, with both models 

delivering impressive accuracy, precision, recall, 

F1 score, and AUC-ROC metrics. Random Forest 

exhibited a particularly high AUC-ROC score 

(96.3%), indicating its superior ability to 

distinguish between classes, while Gradient 

Boosting provided the highest F1 score (94.2%) 

and AUC-ROC (97.8%), reflecting its overall 

robustness in classifying imbalanced datasets. 

These results confirm the suitability of ensemble 

methods like Random Forest and Gradient 

Boosting for complex classification problems in 

BI, where both high accuracy and interpretability 

are essential. Neural Networks also performed 

well in classification tasks, but their higher 

computational demands and less transparent 

nature may limit their applicability in certain 

business environments where interpretability 

and model transparency are critical. 

On the other hand, Logistic Regression and SVM 

demonstrated relatively lower performance in 

comparison to the ensemble models. Although 
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SVM showed a slightly better AUC-ROC than 

Logistic Regression, its lower F1 score and 

precision suggest that it might struggle with 

imbalanced data, which is often encountered in 

real-world business applications. Logistic 

Regression, while interpretable and efficient for 

linearly separable data, was outperformed by 

more sophisticated models, indicating that its use 

in complex BI tasks may be limited unless the 

problem involves relatively simple and well-

defined relationships. 

In the regression analysis, Gradient Boosting and 

Random Forest outperformed the other models 

by achieving the highest R-squared (R²) values, 

which indicates their ability to explain the 

variability in the data effectively. Gradient 

Boosting, with an R² of 0.94, showed its strength 

in capturing complex, non-linear relationships in 

the data, which is a common characteristic of 

business forecasting tasks. Neural Networks also 

performed well, with an R² of 0.93, indicating that 

they are capable of accurately predicting 

continuous values. However, their lack of 

transparency and high computational cost remain 

drawbacks that need to be carefully considered in 

business environments where interpretability 

and efficiency are key. 

These findings suggest that while more complex 

models like Random Forest, Gradient Boosting, 

and Neural Networks are generally more effective 

for both classification and regression tasks, 

simpler models like Logistic Regression can still 

provide value in scenarios where transparency 

and efficiency are paramount. However, 

businesses must consider trade-offs between 

model complexity, computational resources, and 

interpretability when selecting the most 

appropriate machine learning algorithm for a 

given application. 

Moreover, it is clear that the choice of model 

depends on the specific goals of the BI task, as 

well as the size and nature of the dataset. For 

instance, in cases where the objective is to 

provide clear, interpretable insights for decision-

makers, simpler models like Logistic Regression 

or SVM may be sufficient. However, for tasks 

requiring high predictive accuracy and the ability 

to model complex relationships, ensemble models 

like Random Forest and Gradient Boosting should 

be prioritized. 

In practice, it is crucial for organizations to test 

and fine-tune these models on their own data to 

determine the best performing algorithm for their 

specific needs. Further research could explore 
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hybrid models or the integration of multiple 

algorithms to take advantage of the strengths of 

different approaches, improving overall 

predictive accuracy and decision-making 

capabilities in BI. Additionally, future studies 

could investigate the application of these models 

in real-world business scenarios, such as 

customer behavior prediction, sales forecasting, 

and risk management, to evaluate their practical 

effectiveness and scalability. 

In conclusion, machine learning models have 

proven to be powerful tools for enhancing 

business intelligence, offering organizations the 

ability to make informed, data-driven decisions. 

The results of this study underline the importance 

of model selection in optimizing BI processes and 

achieving greater business success. As machine 

learning continues to evolve, it is expected that 

more advanced algorithms and techniques will 

emerge, further enhancing the capabilities of BI 

systems and enabling organizations to harness 

the full potential of their data. 
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