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Abstract - Businesses are relying heavily on marketing
to grow and hence need to evaluate their marketing
strategies to get better responses from customers.
Machine learning techniques are widely being adopted to
perform data-driven predictions for the success rate of
these marketing campaigns. This study uses the Extreme
Gradient Boosting (XGBoost) model to predict the
likelihood of the marketing campaign’s success based on
various complex customer and product factors. To
improve the prediction accuracy, the suggested
framework combines feature engineering and ensemble
learning methods. Important contributing aspects are
methodically examined, including customer annual
income, age, credit score, product type, product price
range, advertisement intensity, and discount levels. And
new metrics to further assess the hidden factors behind
customers responses, like the affordability ratio amongst
a few others are feature engineered. The model is trained
and verified on a synthesized and balanced dataset to
simulate real campaign conditions. The model has
achieved an accuracy score of 0.8300. The proposed
model helps businesses make reliable prediction across
different and complex factors that affect customer
response and boost their marketing performance and
hence overall business.

Keywords - Marketing campaign, XGBoost, customer
response, machine learning, success prediction, consumer
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I. INTRODUCTION

Businesses rely heavily on marketing to acquire customers.
They have implemented many surveys and collected a large
amount of data in-order to facilitate analysis to improve
marketing. But traditional analysis is done on linear
relationship between the data which is not sufficient and often
misleading. Machine learning can identify hidden patterns
and complex relations in the data to predict results like
success of the campaign, client responses, etc. Predictive
models look at various factors like what kind of product,
whether it is a necessity or a luxury, the price of the product,
the income of the buyer, the market demand, the discounts
offered, the credit score of the buyer, the amount of ads the
client came across via different mediums like calls, SMS,
social media, TV, etc., and derive strong patterns and
relations to facilitate accurate predictions. Linear models like
Logistic Regression fails to analyse these complex details
simultaneously to provide results.

The proposed method particularly uses a non-linear model
that combine statistics and ensemble learning to find and
analyse these required complex relations. It even includes
certain interpretable features like calculating affordability
ratio out of product price and annual income of client and
compare the new results with success rates to provide visible
linear relations.

The model's goal is to provide businesses with a reliable
prediction model that they can use to test and improve their
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marketing strategies in a simulated database before they
actually invest to implement it in real. Saving on time, money
and other resources and improving overall business. This
model has been trained on a synthesized dataset that is made
to reflect realistic customer behaviour and provide balanced
and normalized data to train the model for better performance
in accuracy, recall, precision and other metrics compared to
other linear models and make it practically viable. The
business field is highly competitive and having a powerful
tool, like the proposed model, to predict the success of
marketing campaigns and customer responses can help
businesses to iterate and test ideas quickly, and gain an upper-
hand against their competitors.

The model can be used to identify and analyse responses
thoroughly in individual segments like based on customer
demographics and income range, product price and type etc.,
which will provide more insights into designing personalised
campaigns for each of these segments and may boost overall
campaign success. More attributes like past behaviour,
personality, marital status, profession, etc., could later be
added to analyse and train the model to further improve its
predictions and account for realistic conditions that affect the
campaign and customer responses.

II. LITERATURE REVIEW

Y. Singh et al. [1] used machine learning models like
Gradient Boosting (GB), Ada Boost (AB), Cat Boost (CB),
Voting Classifier (VC), Stacking Classifier (SC), K Nearest
Neighbours (KNN), Random Forest (RF) and Logistic
Regression (LR) to analyse consumer personality to predict
the performance of marketing campaigns using a normalized
dataset. Their research revealed Stacking Classifier to be the
best performing model with accuracy of 0.8988. While the
model achieved a high accuracy, the minority response
classes were not properly identified by this model. Hence,
this was not reliable for real-world applications.

B. Jamalpur et al. [2] used different methods like decision
trees (DT), random forest (RF), logistic regression (LR),
CNN, LSTM for predicting customer lifetime value (CLV)
and customer segmentation. The provided comparative results
for the models across metrics like Recall, Precision and F1
score for three classes - 0, 1, 2. The method was not flexible
across many marketing sectors because it was
computationally costly and relied heavily on organized e-
commerce datasets.

S. E. Saeed et al. [3] has forecast client subscription to banking
products using an ensemble classifier based on hybrid
machine learning models like Logistic Regression, Naive
Bayes, K-Nearest Neighbour (KNN), Support Vector
Machine (SVM), Decision trees and Random Forest and used
10-folds cross-validation. The Random Forest classifier
outperforms others with accuracy of 94.02%. The ensemble
was not appropriate for real-time analytics and quick



campaign modifications due to its high computational demand
and significant preprocessing.

M. Semwal et al. [4] presented a study using Support Vector
Machine (SVM) and Business Intelligence (BI) in order to
maximize dynamic pricing strategy success in correspondence
to the changing e-commerce market. The proposed method
has proven to be better across various metrics like accuracy,
sensitivity, speciality, F-measure and implementation costs
compared to other older methods like BI, ML-BI, etc., The
model relied heavily on constant real-time data availability.

C. Senjaya et al. [5] used XGBoost to analyse two years' worth
of historical data to help micro, small and medium enterprises
(MSME) retain their customers and increase their revenue. It
determined dynamic pricing revenue strategies. The proposed
XGBoost achieved highest accuracy with R2 = 0.9995
compared to other models like Linear Regression, Random
Forest. The study's limited business emphasis and limited
dataset diversity limited its applicability to broader or cross-
industry contexts.

A. M. Abdullahi et al. [6] used the Random Forest algorithm
in RapidMiner to categorize clients according to their
behavioural and demographic characteristics. Automated
segmentation was highlighted in the study as a means of
enhancing targeted marketing campaign’s results. However,
due to overfitting and poor dataset quality, the model only
attained 50.12% accuracy, indicating the need for improved
feature selection and hyperparameter optimization.

N. Kodikara et al. [7] in order to find persuasive consumers
who are most likely to react favourably to marketing
initiatives, coupled dual uplift modelling with XGBoost.
Uplift and effectiveness were visualized using the Qini curve,
which demonstrated increased targeting accuracy. But the
model needed a lot of processing power and big datasets, it
wasn't as useful for smaller businesses with less computer
infrastructure.

J. A. Frempong et al. [8] used four classifiers — Multilayer
Percepton Neural Network (MLPNN), Decision Tree,
Logistic Regression and Random Forest in order to predict
term deposit subscriptions in bank through telemarketing. The
research revealed that Random Forest is the best performing
classifier with accuracy 92.7%. The study did not properly
handle unbalanced data and feature redundancies.

[II. EXISTING METHODS

Current marketing campaign predictions only use customer
behaviour and demographics using linear machine learning
models like Decision Trees, Logistic Regression or Random
Forest, which can’t deal with complicated, hidden relations in
the raw data. Also, the existing methods relied more on real
data which were often unbalanced and inconsistent. Wherein,
ensemble methods like XGBoost, Gradient Boosting handle

unbalanced data, and deliver better accuracy. But even they
require a lot of computing resources.

IV. METHDOLOGY

This study collects some essential input factors and uses
statistical preprocessing, feature development, model training
through an organized, data-driven workflow to predict
campaign  performance. Essential marketing and
demographic data, such as advertisement rates across
different mediums like TV, SMS, calls, social media, product
kind, whether luxury or necessity, customer annual income
range, product price range, discount % offered, credit score
of customer and age are gathered at the beginning of the
process. These inputs are essential for calculating customer
behaviour and predicting the probability of response to the
campaign and hence its success. A synthesized dataset was
used for this to provide balanced data. First, data is prepared
and encoding techniques are used to transform raw input into
usable numerical values for analysis and model training.

After preprocessing stage, feature engineering was used to
define new relations that improve the prediction model like
the affordability ratio (price-to-income ratio), discount
intensity, normalized advertisement intensity, credit-afford
interaction, income-to-credit and discount-to-affordability.
The new engineered features help the model predict the
probability of a customer responding to the campaign more
accurately by establishing links between customer
affordability, product cost, and advertisement intensity.

We used Extreme Gradient Boosting (XGBoost) model to
train our model. This enabled the model to handle large
dataset and identify non-linear relations between attributes
effectively. We also used S5-folds cross-validation and
hyperparameter tuning to enhance overall predictions. The
model is evaluated using metrics like Accuracy, precision,
recall, Fl-score, and area under the ROC curve (AUC). The
decision threshold is set to 50%. That means, if the predicted
probability is greater than or equal to 50%, the campaign is
considered successful i.e., the client will respond positively.

After successful evaluation, we used Python Tkinter to
deploy the Graphical User Interface (GUI) for the model.
Businesses can input values like advertisement intensity -
low, medium and high, product category - luxury or
necessity, customer income range, product price range,
discount offered, credit score of customer and age of
customer using the interface's dropdown menus and sliders.
It displays the binary results as “YES” for “likely to
respond/campaign successful” and “NO” for “not likely to
respond/campaign unsuccessful” and additionally even
displays the predicted success probability for better
interpretability of the results.
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Figure 1: Methodology Flowchart

V. RESULTS AND DISCUSSION

The model achieved an accuracy of 0.8300, precision of
0.8658 and recall of 0.9405 with F1-score of 0.9016. ROC-
AUC of 0.7959 and PR-AUC of 0.9489. Feature importance
analysis has revealed Log Income, Annual Income, and
Affordability Ratio to be important predicting factors for the
campaigns’ success. The confusion matrix shows an accurate
prediction of 1090 “YES” results with few false negatives.

Result of Model training:
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Figure 2: Model evaluation metrics

2) Classification report
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Figure 3: Classification report

3) Feature Importances
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Graphs:
1) Confusion Matrix:
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Figure 7: Confusion Matrix

2) ROC Curve:
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Figure 8: ROC Curve
3) Precision-Recall Curve:
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Figure 9: Precision-Recall Curve

VI. CONCLUSION

The XGBoost algorithm was used to predict marketing
campaign success based on various customer and product
data. To effectively predict the success probability of the
campaign and response of the customers the model focused
on key factors like the customer’s income, product’s price,
discount offered, advertisement intensity, age, credit score,
etc. It delivered an accuracy of 83.00%, and the PR-AUC
reached 0.9489. Feature engineering fields like affordability
ratio and credit afford interaction, normalized advertisement
intensity, etc., improved the model’s performance.

Through this study, we can conclude that while there are a lot
of factors that affect campaign success the most important
ones are linked directly to finances like customer annual



income, credit score and the product price. The GUI made it
possible to use the model easily and determine the results
quickly with binary “YES” and “NO” results along with the
predicted success probabilities for better interpretability.
These predictions would significantly improve business
marketing performance and give them various insights into
the factors affecting the campaign’s success and customer
responses that can be used to grow their business.
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