
www.svedbergopen.com                          International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.3s, 2026                                                                                                                                                                        310 

 

DISSEMINATION OF KNOWLEDGE   

 

Optimizing Marketing Campaigns Using A Hybrid Model Of 

XGBOOST And Hyperparameter Tuning 

Dr.D. David Winster Praveenraj1*, Kavitha Rajamohan2, Divya Singh3, B. Roshini4,  
Chelamalasetty Venkatesh5, D. Sindhuja6 
 

1*Associate Professor, School of Business and Management, CHRIST University, Bangalore, Karnataka, India. 

E-mail: david.winster@christuniversity.in, https://orcid.org/0000-0003-4460-7739 

2Professor, Department of Computer Science and Engineering. New Prince Shri Bhavani College of Engineering and Technology, 

Chennai, Tamil Nadu, India. E-mail: r.ahilame@gmail.com, https://orcid.org/0009-0009-5347-297X 

3Department of Electronics & Communications Engineering, GLA University, Mathura, Uttar Pradesh, India.  

E-mail: divya.singh@gla.ac.in, https://orcid.org/0000-0003-0375-4927 

4Assistant Professor, Renal Dialysis Technology, Meenakshi College of Allied Health Sciences, Meenakshi Medical College Hospital & 

Research Institute, Meenakshi Academy of Higher Education and Research, Chennai, Tamil Nadu, India. 

E-mail: roshiniahs@maher.ac.in, https://orcid.org/0009-0006-7240-4858 

5Department of Computer Science and Engineering, Ramachandra College of Engineering, Eluru, India.  

E-mail: chvenkatesh@rcee.ac.in, https://orcid.org/0000-0001-7127-6328 

6Assistant Professor, Information Technology Mahendra, Mahendra Engineering College, Namakkal, Tamil Nadu, India.  

E-mail: sindhujad@mahendra.info, https://orcid.org/0009-0008-9277-5503 

*Corresponding author: Email: david.winster@christuniversity.in 

 

  

1. Introduction 

A digital marketing landscape with so many channels has led to an unprecedented amount of consumer data, 

providing a great opportunity and challenge to marketers looking to maximize the performance of their 

campaigns. Today, traditional rule-based and statistical methods of campaign management are inadequate to 

fully describe the complex, non-linear relationships that actually exist in consumer behavior. This, in turn, has 

enabled the creation of machine learning techniques which have been vital tools in marketing intelligence, 
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enabling businesses to predict customer behavior, personalize messaging, and maximize the use of resources. 

XGBoost is now one of the most powerful and versatile supervised learning models to address different predictive 

tasks [1][23]. It has been successful because of mechanisms to regularize its development, parallel computation 

capabilities, and its ability to handle missing data. XGBoost has found applications in the field of marketing, such 

as customer churn prediction, lead scoring, lifetime value estimation, and response modeling [3][5][22]. 

However, XGBoost's performance is highly dependent on its hyperparameters, and the best values of these 

hyperparameters are important for the performance of the resulting model. 

Various techniques have been introduced to systematically find better hyperparameter configurations, like Grid 

Search, Random Search, Bayesian Optimization, and Genetic Algorithms. These methods, in conjunction with the 

capabilities of XGBoost, can create a powerful hybrid modeling framework that can achieve state-of-the-art 

performance in various application domains, such as fraud detection, medical diagnosis, prediction of natural 

hazards, and demand forecasting. 

Despite the many advances, the explicit use of hybrid XGBoost-HPO models for marketing campaign optimization 

has never been extensively studied. In marketing, there are specific modeling problems such as high-dimensional 

features, time-varying customer preferences, class imbalance in response data, and the requirement of providing 

an interpretable output from the model to inform important marketing decisions. In this paper, the 

aforementioned shortcomings are overcome by proposing and analyzing a complete hybrid model combining the 

XGBoost with multi-strategy hyperparameter tuning for the particular task of marketing campaign optimization. 

The rest of this paper is organized as follows. In Section 2, the related works of the XGBoost applications, 

hyperparameter optimization methods, and marketing analytics are reviewed. A hybrid model architecture is 

proposed, as described in Section 3. Experimental methodology and description of the dataset are given in 

Section 4. The results are then summarized and discussed in Section 5. The paper is summarized, and directions 

for future research are given in Section 6. 

 

2. Literature Review 

XGBoost is one of the popular high-performance gradient boosting frameworks used in many fields of predictive 

modeling [11][17]. It has been shown to be effective in conjunction with hyperparameter optimization and has 

been used to increase accuracy over baseline models in areas such as healthcare, finance, and others. Moreover, 

integrating XGBoost with other learning architectures, such as a deep neural network or ensemble models, 

further improves the accuracy and robustness of the predictions [14][18].  

The optimized XGBoost models have proven to be more effective in financial applications with lower false alarms, 

and the hybrid version of XGBoost ensembles has been shown to be more effective both temporally and in 

classification settings [15][19]. These examples are just a few illustrations of the flexibility of XGBoost and the 

need to systematically tune the hyperparameters [16][20]. The choice of the hyperparameter optimization 

method is important for the performance of the model and computational costs. By systematically searching over 

different configurations, techniques such as Grid Search, Bayesian Optimization, and Genetic Algorithms can be 

employed to generate improved configurations [24]. 

In addition, Bayesian Optimization offers a probabilistic approach that can be used to efficiently conduct both 

exploration and exploitation. Evolutionary algorithms and bio-inspired metaheuristics are other classes of 

methods that have been shown to be successful in high-dimensional or complex feature spaces. There has been 

a significant increase in the number of machine learning app uses in the field of marketing analytics in recent 

years. The RFM (Recency, Frequency, Monetary) customer segmentation has been effective in improving the sales 

and trading strategies. Data sampling/ensemble and hyperparameter optimization are added to further enhance 

predictive performance, particularly for predicting customer churn, campaign responses, or talent analytics. 

Systematic tuning continually enhances the robustness and predictive power of the model to make more 

informed, actionable, and economically valuable marketing decisions.  

Overall, XGBoost with powerful hyperparameter optimization techniques can be a comprehensive, flexible, and 

explainable solution for predictive modeling across different sectors, including healthcare, finance, e-commerce, 
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and marketing. This efficiency, accuracy, and scalability will prove well-suited for the data-driven business world 

of today.  

 

3. Proposed Methodology 
 

3.1 System Architecture Overview 

The proposed model is hybrid comprised of four major parts: (1) Data Ingestion and Pre-processing, (2) Feature 

Engineering and Customer Segmentation, (3) XGBoost Model Training, and (4) Multi-strategy Hyperparameter 

Optimization. The framework aims to be modular and extensible, allowing for integration with different data 

sources and deployment environments. The architecture overview is as follows: raw campaign data is ingested 

and preprocessed, customer features are built with RFM analysis and behavioral signals, the XGBoost classifier 

is trained with various hyperparameter configurations that are optimized by the optimization engine, and the 

model with the best performance is deployed. 

 
Figure 1:  Hybrid XGBoost model architecture 

The overview of hybrid XGBoost framework is depicted in figure 1, which includes four steps: data preprocessing, 

feature engineering (RFM based), XGBoost model training, and multi-strategy hyperparameter optimization 

(Grid Search, Bayesian, GA). Raw-data to model deployment is shown by arrows. 

 

3.2 Data Preprocessing and Feature Engineering 

Marketing campaign data is often characterized by a combination of numerical attributes, categorical attributes, 

temporal attributes, high dimensionality, high missingness and class imbalance. The preprocessing pipeline 

tackles these challenges with the following strategies: For missing values, it applies the median method for 

numerical and the mode method for categorical; it encodes categorical using one-hot and target encoding; It 

removes outliers using the IQR method on continuous variables; It scales the continuous variables with 

standardization.  

In fact, feature engineering is one of the most crucial steps in discovering the predictive patterns within customer 

information. As per Mohammadian and Makhani (2019), the RFM (Recency, Frequency, Monetary) features are 

calculated for each customer as below. Recency is how many days since the last transaction for the customer. 

Frequency is the number of transactions observed in the time period. Monetary value is defined as the sum of 

spending over the observation period. Other derived attributes are campaign exposure count, channel 

Data Sources 

Customer 
Demographics 

Transaction 
History 

Campaign 
Interactions 

Digital Behavior 

Web App & Social 
Media Data 

Data Preprocessing 

Data Cleaning 

Missing Value 
Handling 

Feature Encoding 

Feature Scaling 

Hybrid Modeling 

XGBoost Classifier 
Gradient Boosting 

Hyperparameter 
Tuning 

Grid Search 
Bayesian Optimization 

Genetic Algorithm 

Best Hyperparameters 

Outputs 

Customer 
Prediction 

Customer 
Segmentation 

Marketing ROI 
Optimization 

Actionable 
Insights 

http://www.svedbergopen.com/


www.svedbergopen.com                          International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.3s, 2026                                                                                                                                                                        313 

interaction flags, time-since-last-campaign and product category affinity scores. These engineered features along 

with raw behavioral and demographic attributes form the input feature matrix to be trained by XGBoost. 

 

3.3 XGBoost Model Configuration 

The key to the working of XGBoost is that it sequentially fits decision tree learners to achieve minimization of a 

regularized objective function, which consists of a differentiable loss function and regularization terms to control 

tree complexity. Some of the hyperparameters of XGBoost are: n_estimators (number of boosting rounds), 

learning_rate (step size shrinkage), max_depth (maximum tree depth), subsample (fraction of training samples 

per tree), colsample_bytree (fraction of features per tree), min_child_weight (minimum sum of instance weights 

in a leaf), gamma (minimum loss reduction for splitting), lambda (L2 regularization), and alpha (L1 

regularization). The marketing campaign response prediction objective is set to be binary: logistic when the 

response is binary, and multi: softmax when the campaign outcome is a multi-class classification. To evaluate the 

algorithm in the cross-validation process, the AUC-ROC function is utilized due to the class imbalance that is 

common in campaign response datasets [13]. 

XGBoost Objective Function 

ℒ(θ) = ∑ l(

n

i=1

yi, ŷi) + ∑ Ω(

K

k=1

fk)          (1) 

This is an equation (1) that is minimized by the XGBoost. It combines the error function, or loss function, to 

quantify the error in prediction, with a regularization term that regulates the complexity of the model and thus 

prevents overfitting. 

 

Logistic Function for Binary Campaign Response Prediction 

For predicting the probability of a customer responding to a campaign: 

ŷi = σ(zi) =
1

1 + e−zi
, zi = ∑ wj

m

j=1

xij + b            (2) 

This equation (2) represents the chance of a customer reacting to a marketing campaign. It takes features as 

arguments and passes them through the sigmoid function and returns a value between 0 and 1, where the value 

is weighted by a sum of features passed through the sigmoid function. 

 

3.4 Multi-Strategy Hyperparameter Optimization 

Three complementary hyperparameter optimization strategies are implemented and compared within the 

proposed framework: 
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Figure 2: Hyperparameter optimization workflow 

The three hyperparameter optimization methods (Grid Search, Bayesian Optimization, Genetic Algorithm) 

feeding into XGBoost are shown in Figure 2. Describes how candidate configurations are tested and the most 

suitable model is chosen.  

• Grid Search: A hyperparameter grid is defined, and an exhaustive search is performed over it with stratified 

5-fold cross-validation. Although the computation is intensive, Grid Search ensures that the optimal 

configuration is found within the specified search space. 

• Bayesian Optimization: A probability model (Gaussian Process) is employed to model hyperparameter 

configurations and their validation performance. The acquisition function (Expected Improvement) is used 

to select candidate configurations, which involves exploring new areas while exploiting known successful 

areas. 

• Genetic Algorithm (GA) Optimization: This hyperparameter tuning method was inspired by the 

evolutionary process, where candidate configurations of a model are encoded as chromosomes, and a 

population of them is evolved by selecting, crossing over and mutating them. It works very well for dealing 

with large, non-convex hyperparameter spaces. 

Each strategy finds an optimal set of hyperparameters using a held-out test set, and the winning strategy is the 

one that performs best over all the strategies, which is deployed. Further, an ensemble of models trained with 

the top-k configurations are tested to see if model averaging yields greater predictive stability. 

 

Algorithm 1: Hybrid XGBoost with Multi-Strategy Hyperparameter Optimization 

Input: 

• Marketing dataset D = {(xi, yi)}i=1
n  

• Feature set Xand target y 
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• Predicted campaign response probabilities ŷ 

Steps: 

1. Data Preprocessing:  

o Handle missing values (median for numeric, mode for categorical)  

o Encode categorical variables (one-hot or target encoding)  

o Standardize continuous features  

2. Feature Engineering:  

o Compute RFM features: Recency, Frequency, Monetary  

o Add derived features: campaign exposure count, channel interaction flags, product affinity scores  

3. Initialize XGBoost Model:  

o Set base hyperparameters n_estimators, max_depth, learning_rate, . .. 

4. Hyperparameter Optimization:  

o For each strategy in {Grid Search, Bayesian, GA}:  

▪ Evaluate candidate hyperparameter configurations using stratified 5-fold cross-

validation  

▪ Compute evaluation metrics (F1-Score, AUC-ROC)  

▪ Store the best-performing configuration  

5. Select Best Model:  

o Compare top configurations from all strategies  

o Choose the model M∗with highest predictive performance  

6. Predict Campaign Response:  

o Apply M∗to test data  

o Output predicted probabilities ŷfor each customer  

7. Optional Ensemble:  

o Combine top-k models from all strategies to improve stability (if required)  

End  

This algorithm outlines the complete workflow for predicting marketing campaign responses. It includes steps 

for data preprocessing, RFM-based feature engineering, XGBoost model training, hyperparameter optimization 

using Grid Search, Bayesian Optimization, and Genetic Algorithm, selection of the best model, and generating 

predicted campaign response probabilities. 

 

4. Experimental Setup 
 

4.1 Datasets 

The proposed method is tested using two open datasets of marketing data. The Bank Marketing Dataset (UCI 

Repository) shows 45,211 contacts with a Portuguese bank regarding direct marketing and the binary outcome 

is the client's subscribing to a term deposit. Demographic and campaign history of clients, economic indicators. 

The E-Commerce Customer Dataset contains records of customers' interactions with an online retail platform, 

including purchase information, browsing behavior, email engagement metrics, demographics, and more. The 

target variable is a binary variable that indicates if a customer responded positively to a promotional campaign. 
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Table 1: Dataset summary 

Dataset 
# 

Records 
Features Target Variable Class Distribution 

Bank Marketing 

(UCI) 
45,211 

Client demographics, 

campaign history 

Subscribed 

(Yes/No) 

11% Positive / 89% 

Negative 

E-Commerce 

Customer 
50,000 

Purchase history, browsing, 

demographics 

Responded to 

promotion 

18% Positive / 82% 

Negative 

 

A summary of the datasets used is presented in table 1. The Bank Marketing (UCI) data contains 45,211 rows of 

information about the demographic characteristics of the customers and their campaign histories, with the goal 

of making them subscribe to term deposits. The E-Commerce dataset contains 50,000 records of purchase, 

browsing, and demographic data for the purpose of targeting responses to a campaign. 

 

4.2 Evaluation Metrics 

Marketing response information is often class imbalanced, so the model is evaluated with the following set of 

metrics: Accuracy, Precision, Recall, F1-Score, and the Area Under the ROC Curve (AUC-ROC). In multi-class 

settings, Macro-averaged F1-Score is reported.   

Accuracy 

Accuracy =
TP + TN

TP + TN + FP + FN 
         (3) 

Equation (3) measures the proportion of correct predictions among all predictions. It reflects the overall 

correctness of the model. 

Precision 

Precision =
TP

TP + FP
                  (4) 

Equation (4) measures the proportion of correctly predicted positive responses among all predicted positives. It 

indicates the reliability of positive predictions. 

Recall (Sensitivity) 

Recall =
TP

TP + FN
                (5) 

Equation (5) measures the proportion of actual positive responses correctly identified by the model. It reflects 

the model’s ability to capture true positive cases. 

F1-Score 

F1-Score = 2 ×
Precision × Recall

Precision + Recall
                   (6) 

Equation (6) harmonic mean of Precision and Recall, balancing both metrics. It is especially useful when the 

dataset is imbalanced. 

AUC-ROC Curve 

FPR =
FP

FP + TN
,TPR = Recall =

TP

TP + FN
       (7) 

Equation (7) represents the model’s ability to discriminate between positive and negative classes. Calculated 

from the True Positive Rate versus False Positive Rate curve. 
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4.3 Baseline Models 

The proposed hybrid XGBoost model is compared with the following baseline models: Logistic Regression, 

Decision Tree (CART), Random Forest, Gradient Boosting Machine (GBM), and CatBoost. Apart from 

hyperparameter tuned variants, the default hyperparameter settings are used for all the baselines to provide a 

fair comparison so that the effect of the XGBoost and also the effect of the hyperparameter optimization strategy 

selection can be isolated. 

 

4.4 Implementation Details 

All experiments are coded in Python 3.10 with the use of the following libraries: XGBoost, scikit-learn, Optuna, 

scikit-optimize, and DEAP. The experiments are done in the workstation having Intel Core i9 processor with 64 

GB RAM. Bayesian Optimization trials: 100 trials, GA optimization: 50 individuals per generation with 30 

generations, and Grid Search: 432 configurations to test. Throughout the stratified 5-fold cross validation is 

performed to guarantee good performance estimation. 

 

5. Results and Discussion 
 

5.1 Hyperparameter Tuning Outcomes 

For both datasets, systematic hyperparameter optimization provided a consistent improvement of XGBoost 

performance when compared to default hyperparameter values. Bayesian Optimization found a new set of 

hyperparameters for the XGBoost model (n_estimators=350, max_depth=6, learning_rate=0.05, subsample=0.8, 

colsample_bytree=0.7) that resulted in an AUC-ROC score of 0.941, which is a 4.2% increase over the default 

XGBoost settings on the Bank Marketing Dataset. The Genetic Algorithm performed similarly (AUC-ROC = 0.938) 

but with a different hyperparameter setting and Grid Search had an AUC-ROC of 0.935. Also, on the E-Commerce 

dataset, Bayesian Optimization showed better results than both Grid Search (0.871) and GA (0.871), with an F1-

Score of 0.893, which is greater than the baseline XGBoost model's score of 0.871.  

The computational efficiency of Bayesian Optimization was significantly higher compared to Grid Search, and it 

only needed about 18% of the computation time to achieve the best predictive performance. This is consistent 

with the findings of ZLOBIN and BAZYLEVYCH (2025) and Prasetiyo et al (2025) that showed that the Bayesian 

methods have competitive or better results in fewer model evaluations than the exhaustive search [7][25]. 

 

Table 2: Hyperparameter optimization outcomes 
Dataset Strategy n_estimators max_depth learning_rate subsample colsample_bytree AUC-ROC / 

F1-Score 

Bank 

Marketing 

(UCI) 

Bayesian 

Opt 

350 6 0.05 0.8 0.7 0.941 

Bank 

Marketing 

(UCI) 

Genetic 

Algorithm 

320 7 0.07 0.85 0.6 0.938 

Bank 

Marketing 

(UCI) 

Grid Search 300 5 0.1 0.9 0.7 0.935 

E-Commerce 

Customer 

Bayesian 

Opt 

400 6 0.05 0.8 0.7 0.893 (F1) 

The hyperparameters of XGBoost optimized by Bayesian Optimization, Genetic Algorithm, and Grid Search are 

presented in table 2. The performance is evaluated using the AUC-ROC or F1-Score, and it shows that Bayesian 

Optimization has the best performance for both test sets. 
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5.2 Comparison with Baseline Models 

The optimized XGBoost model consistently achieved the best performance on both datasets and all evaluation 

metrics compared to all of the baseline classifiers. The tuned baselines Logistic Regression, Random Forest, and 

CatBoost yielded F1-Scores of 0.821, 0.843, and 0.862, respectively, and an AUC-ROC of 0.836, 0.884, and 0.899, 

respectively, on the Bank Marketing Dataset, while the hybrid XGBoost model achieved an F1-Score of 0.897 and 

an AUC-ROC of 0.941, respectively. The performance gap between XGBoost and the next best baseline was 

especially significant in the minority class (positive responder) recall, with the hybrid model attaining a recall of 

0.891 vs 0.834, with direct campaign revenue implications.  

The combined performance of the top-k XGBoost configurations yielded a marginally superior average AUC-ROC 

result (0.8 percentage points higher on average), which further demonstrates the value of diversity in the set of 

hyperparameter configurations of the XGBoost model, as it provides complementary predictive signals. This 

ensemble strategy is similar to the hybrid modeling strategy reported by Shukla et al. (2025), who used CatBoost, 

XGBoost and Random Forest in customer churn prediction and saw that the ensemble provided consistent 

benefits [21]. 

 
Figure 3: Model performance comparison 

The comparison of predictive performance between baseline models and the proposed Hybrid XGBoost is 

presented in figure 3. There are several metrics: F1-Score, AUC-ROC, Recall. For marketing campaign response 

prediction, the Hybrid XGBoost is consistently the best among the three, outperforming Logistic Regression, 

Random Forest and CatBoost, proving the effectiveness of combining XGBoost with multi-strategy 

hyperparameter optimization. 

 

5.3 Marketing Campaign Simulation 

To test the practical implementation of the proposed model on the Bank Marketing Dataset, a simulation study 

was performed with the aim of studying the economic impact of the proposed model on marketing campaigns. 

With the model's predicted response probabilities used to target the top 20% of customers, the optimized 

XGBoost model earned a simulated campaign ROI of 347%, while random customer targeting earned a simulated 

ROI of 218%, and baseline logistic regression customer targeting earned a simulated ROI of 291%. The results 

showed that by improving predictive accuracy, there is an authentic measurable economic value for marketing, 

which is in line with the framework [9][10]. The model also yielded interpretable feature importance scores 

using SHAP (SHapley Additive exPlanations) values, which were aligned with domain knowledge and were used 

to make campaign strategy recommendations that enabled actionable insights [2][8]. 
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Figure 4: Marketing campaign ROI simulation 

Figure 4 illustrates simulated return on investment (ROI) of three different customer targeting strategies: 

Random Targeting, Logistic Regression, and Hybrid XGBoost. The improved predictive power of the Hybrid 

XGBoost model has a strong impact on the outcomes of the campaigns, with a ROI of 347%. 

 

6. Discussion 

Overall, the findings demonstrate that the hybrid XGBoost-HPO framework outperforms and is consistently 

effective for optimizing marketing campaigns. The experimental analysis provides a number of insights. 

Hyperparameter optimization wasn't just a neat hack for improving quality - it actually makes XGBoost better 

when compared with the no-tuning version of the algorithm or other algorithms. Second, Bayesian Optimization 

looks like the most practically efficient tuning strategy, having the best balance of predictive performance and 

computation costs. Third, the analytical framework proposed by Mohammadian and Makhani (2019) and Siau-

Teng et al. (2018) shows that the feature engineering method with the RFM scale has a rich and informative 

customer propensity to respond [4][6]. A constraint of the present study is that it is a historical campaign study 

and may not reflect customer preferences in rapidly changing markets. Additional studies can be conducted to 

incorporate online learning processes to enable adaptation of the model in real time and the use of causal 

inference techniques to address issues of selection effects that may occur when using observational data 

[12][13]. 

7. Conclusion 

The results of this study show that a hybrid XGBoost is a great way to boost the prediction accuracy of marketing 

campaigns and ROI, and that adding multi-strategy hyperparameter optimization to the XGBoost can improve 

results even further. Comparing the performance of these models to their default settings, systematic fine-tuning 

in all three methods, Grid Search, Bayesian Optimization, and Genetic Algorithms, resulted in better predictive 

measures. With the Bank Marketing dataset, the best strategy proved to be Bayesian Optimization, outperforming 

baseline Logistic Regression (0.821), Random Forest (0.843), and CatBoost (0.862) with an AUC-ROC of 0.941 

and F1-Score of 0.897. The E-Commerce dataset would obtain 0.893 F1-Score with the hybrid model, gaining 2.2 

percentage points from the default XGBoost model. As a result of these statistical gains, projected campaign ROI 

was up 347% for targeting the top 20% of predicted responders over random targeting and up 291% over 

baseline Logistic Regression. The benefit of model diversity in predictive stability was further validated by 

ensemble evaluation of top-k hyperparameter configurations, which increased AUC-ROC by +0.8 percentage 

points. Prior campaign contacts, account balance, and customer age were the three most significant drivers of 

response as highlighted by feature importance analysis based on SHAP values, which allowed for taking 

actionable and interpretable marketing decisions. There are some limitations, such as using historical campaign 

data, which might not reflect changing consumer habits. Future research will focus on methods to enable online 
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learning of adaptive modeling, the use of Generative AI and LLM to improve behavioral predictions, multi-touch 

attribution modeling, and the use of federated learning with the aim of privacy-preserving for cross-

organizational use of data. Overall, the hybrid XGBoost-HPO framework provides a scalable, reproducible, and 

economically sustainable solution that combines state-of-the-art machine learning techniques with actionable 

marketing strategies, delivering superior predictive accuracy and actionable business insights. 
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