ARTICLE https://nhsjs.com/

Maximizing Bank Telemarketing Effectiveness Through Machine
Learning and Data Balancing Techniques

Jak Ho

Received March 10, 2025
Accepted October 15, 2025

Electronic access November 30, 2025

This study was conducted with the goals of improving the success rate of telemarketing outcomes by using model prediction
to determine the success rates of telemarketing campaigns. This would be done by using random forest, XGBoost, and neural
networks to both find the best model in predicting the success rates and determine which variables were most impactful in
model prediction. The dataset that was used was heavily imbalanced towards failures in telemarketing outcomes, so numerous
imbalancing techniques were used, including class weighing, SMOTE, undersampling, and a mixture of the last two. In order
to determine which model paired with which data balancing strategy was the most effective, we used the metrics of precision,
recall, and f1 scores over accuracy. We felt that this gave the overall most effective model as with accuracy, one of the outcome’s
scores could heavily inflate the accuracy, making the model seem better than it actually was. The experiment resulted in
undersampling yielding constantly the best results with the best model being XGBoost with a fl score of 0.87 and 0.88 for
outcomes of 0 and 1, respectively. More advanced models such as neural networks didn’t achieve greater results than the one
given by XGBoost. Additionally, in order to find which variable was most impactful on model prediction, we used SHAP values
which resulted in duration having the greatest SHAP value, followed by emp.var.rate, nr.employed, eribor3m, and cons.conf.idx
(a higher SHAP value correlates to greater importance on model prediction). This finding led us to have our best model, the
undersampled XGBoost, to use the dataset with only the values of the variables with the top SHAP values, giving us a fl-score
of 0.87 and 0.88 for outcomes of 0 and 1, respectively. This showed that the variables with the highest SHAP value are most

important and telling in model prediction.
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Introduction

Telemarketing campaigns are one of the most popular ways
for companies to try and gain new customers, however they
are relatively ineffective. With so much money going into this
style of marketing and an average of 2.35% conversion rate'l,
actions must be taken in order for companies to not waste so
much money every year. In order for people to improve the
marketing outcomes of telemarketing campaigns, the most im-
pactful characteristics that affect the success rate of the cam-
paign must be found. Understanding the contribution of var-
ious factors on the outcomes of telemarketing is a crucial step
for companies to identify individuals who most likely say yes
to their campaign. This allows for companies to take action
and change their marketing strategies to follow the trends in
the data. Without this step, marketing strategies won’t be as
fruitful in attracting new or returning customers.
Telemarketing is especially important to banks as it is one
of their largest methods of gaining and maintaining customers.
Just in 2023, the telemarketing market was $12.6 billion and
is expected to grow to as much as $15.5 billion by 2030-. If

banks are able to target individuals during telemarketing cam-
paigns, banks would be able to use these billions of dollars
more effectively than ever.

With the appropriate marketing strategies, banks are able
to target which aspects or factors are the most influential in
whether or not the telemarketing campaign will work. They
can also use data driven models that are proven to be effective
in predicting whether or not the campaign will work. This al-
lows banks to better optimize customer targeting for the high-
est rates of success, along with potentially predicting which
customers have the highest potential in subscribing to their
services.

With the advances in machine learning, it would be faster
and much more efficient to identify the campaigns that will
most likely succeed, and to understand what factors are the
most or least vital in predicting campaign success. Moro et
al.,* proposed a data-driven approach to predict the success
of bank telemarketing. They utilized four machine learning
models such as: logistic regression, decision trees, neural net-
works, and support vector machines. They determined the
highest accuracy through 2 different metrics: area of the re-
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ceiver operating characteristics curve (AUC) and the area of
the LIFT cumulative curve ALIFT). Neural Networks ended
up presenting the best results with AUC yielding a 0.8 and
ALIFT yielding 0.7. These scores however, might not be the
most accurate due to the fact that only 1293 contacts were
used in the testing data, out of a total of 52944 contacts. With
just under 2.5% of the data available being used in the testing
data, it makes us wonder whether the results are as accurate
as possible, or if with more references in the testing data, the
results would’ve been lower. Additionally, there were no data
balancing techniques used in the study even though they also
mentioned how the data was imbalanced, furthering our belief
that the results aren’t fully correct.

Tlham et al.,* conducted a comparative study of various
classification models to predict the success of bank telemar-
keting. They used seven different models being Decision
Tree (DT), NaiveBayes (NB), Random Forest (RF), K-Nearest
Neighbour (K-NN), Support Vector Machine(SVM), Neural
Network (NN), and the Logistic Regression (LR) model. They
used area under curve (AUC) and accuracy to rate how well
each model predicts the results. In the end, the SVM had a
0.925 score on the AUC. The main limitation of this study is
the use of the accuracy score as it can be misleading due to the
data imbalance.

Bogireddy et al.,” used the evaluation metrics of precision,
recall, fl-score, and accuracy. They used the models of XG-
Boost, Gradient Boosting, Logistic Regression, Decision Tree,
and K-Nearest Neighbors. XGBoost ended up being the best
model yielding an f1-score of 0.85 and 0.84 for outcomes of
0 and 1 respectively, with an overall accuracy of 0.84. They
only used SMOTE however in their data balancing techniques,
leading to a factor they missed being to try other methods such
as undersampling. Another key factor this study missed is the
feature importance analysis to understand the contribution of
different factors on model predictions.

Peter et al.,® used the metrics of accuracy and ROC-
AUC (Receiver Operating Characteristic — Area Under the
Curve). The models used were Random Forest, Bagging Clas-
sifier, Boosting Model, Gradient Boosting, AdaBoost, Stack-
ing Model, and Stacking with Gradient Boosting yielding the
highest values of 0.9185 and 0.9476 for accuracy and ROC-
AUC respectively. While these scores might seem high, the
fl-score of their model is 0.5951 which is quite low. Accu-
racy can be deceiving due to the imbalanced dataset, leading
the results to not be quite accurate. We also question how ac-
curate these scores are as since accuracy is a combination of
fl-scores, a low f1-score should result in a similarly low accu-
racy however in their results, there seems to be no correlation
between the two values at all.

These prior published studies have all created machine
learning models that predict the outcomes of telemarketing
campaigns and have found the best ones. The main limitations

seen in these studies are that some machine learning models
are not used/tested in prediction, the evaluation metrics used
are accuracy or another form of this, which can be heavily
skewed due to the imbalance dataset, and that they fail to use
any data balancing techniques in their tests. Another missing
part of most of the studies is the feature impotence analysis
where they don’t find the most impactful variables on model
prediction, not allowing for greater understanding of the fea-
tures and the overall topic.

Having a reliable machine learning model that is able to
precisely predict consumer conversion rates in telemarketing
campaigns will save companies a significant amount of adver-
tising funds. If the model were to give a false positive, then
money and time would be lost trying to win over a customer
who already had a low conversion chance. A false negative
leads to not using any resources, however losing a potentially
crucial customer for the future. The objectives of our study are
(1) develop a highly reliable machine learning model that per-
forms well in predicting outcomes of telemarketing, (2) sys-
tematically investigate and mitigate the data imbalance issues,
(3) quantify and rank the contribution of various factors re-
lated to bank client, product and social-economic attributes on
model predictions.

Dataset

In this study we used a dataset about a marketing campaign
from a Portuguese banking institution that was based on tele-
marketing7. In total our dataset contains 45,211 individuals
surveyed during the campaign. Additionally, there were 21
different columns, or variables, that differed between each per-
son as shown in Table [T}

The most basic columns were the age of the individuals sur-
veyed, their job and marital status, highest level of education
completed, and whether the client had a personal loan. An-
other group of variables describes the information about the
contact of the consumer. This includes the contact method, the
month, day of the week, and duration of the call. The dataset
additionally included information about terms before and after
the contact. This covers the number of contacts with the client
before the campaign, the number of days since the client was
contacted last, the number of contacts performed before the
campaign, and the outcome of the previous marketing cam-
paign for the client. Finally, we used an updated version of
the dataset that added information about the employment vari-
ation rate, consumer price index, consumer confidence index,
3 month rate daily indicator, and the number of employees of
the company. We dropped the variable called default, mean-
ing whether or not the client has credit on a default, because all
the individuals had not defaulted in our dataset. This took us
from 41,188 data points to 31,828. Additionally, we dropped
deleted some data from our dataset in which the housing col-
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umn was unknown, setting our Our target is a binary column
that indicates whether the client has subscribed for a term de-
posit.

Variable Name  Type Description

age Numeric Age of the client

job Categorical  Client’s occupation

marital Categorical ~ Marital status

education Categorical ~ Client’s education level

default Categorical  Indicates whether the client has credit in default
housing Categorical  Indicates whether the client has a housing loan
loan Categorical Indicates whether the client has a personal loan
contact Categorical  Type of contact communication

month Categorical ~ Month that last contact was made

day_of_week Categorical ~ Day that last contact was made

duration Numeric Duration of last contact in seconds

campaign Numeric Number of contacts performed during the campaign for the client
pdays Numeric Number of days since the client was contacted in a previous campaign
previous Numeric Number of contacts performed before this campaign for this client
poutcome Categorical ~Outcome of the previous marketing campaign

empvarrate Numeric Employment variation rate

conspriceidx Numeric Consumer price index

consconfidx Numeric Consumer confidence index

euribor3m Numeric Euribor 3-month rate

nremployed Numeric Number of employees

outcome Binary Whether the client has subscribed for a term deposit

Table 1 Input and output variables description

Exploratory Data Analysis

By comparing different variables with each other and finding
the correlations between them, we were able to get a better
understanding of the relationship between the variables. We
compared them through different graphs and plots. Through
these exploratory studies, different patterns and correlations
emerged which will be described below along with the graphs.
Figure [T]illustrates the count distribution of a successful (yes)
or failed (no) telemarketing outcome. The failures have over
27,727 representations in the dataset while the successes had
4,101. The substantial difference in the count between them
demonstrates how the data is greatly imbalanced toward the
failure side. Figure [2] shows the heat map of the correlation
between variables. The squares that are dark blue represent
a significant correlation between the variables that it repre-
sents while a dark red signifies a strong negative correlation.
The lighter squares represent a lack of correlation between
the variables it represents. When looking at the data, we can
see that there is a significant correlation between emp.var.rate
and euribor3m with a score of 0.97. This shows that the data
in each variable is extremely similar, allowing us to poten-
tially remove one or the other while keeping similar results
in the model due to how interchangeable they are. The cor-
related pairs with a score of above 0.8 as shown by this were
emp.var.rate and euribor3m with a score of 0.969, emp.var.rate
and nr.employed with 0.899, and euribro3m with nr.employed
with a score of 0.944. Figure [3] demonstrates the outcomes
on the x—axis to the duration on the y-axis. This allows us to
get a better understanding of how the two correlate as we can
see durations with the highest chance of success, along with
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Fig. 1 Count distribution of the telemarketing outcomes
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Fig. 2 Correlation score between variables

the highest chance of failure. We can see this as the blue box
represents the greatest concentration of values for the duration
and the box for the successful campaign being greater than
the failing campaign shows how with a higher duration, there
is a greater likelihood that the consumer will buy the prod-
uct. Figure[d]below is another box plot that shows the greatest
concentrations of the employment variation rate in terms of
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Fig. 3 Telemarketing outcomes versus call duration

which ones succeeded and which failed. The successes have
a significantly clearer range of around O to -2 while the fail-
ures are much more spread out with 1.5 to -2. Using this
knowledge, we can determine that the highest values of the
emp.var.rate feature will result in a failure while lower val-
ues at around -1 on average will result in the best chance of a
successful campaign. Figure [5] demonstrates the relationship
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Fig. 4 Telemarketing outcomes versus employment variation rate

between nr.employed with the outcome. The successes have
a very broad range of around 5180 to 5025, while the fail-
ures are much more concentrated around 5225 to 5100. From
this, we can tell that any value of nr.employed that is greater
than 5180 while have a significantly greater chance of failing
rather than succeeding, whereas numbers between 5100 and

5025 while have a higher chance of succeeding. Between the
values of 5180 and 5100 however, there isn’t a clear outcome
with both outcomes having a decent chance of occurring. Fig-
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Fig. 5 Telemarketing outcomes versus number of employees

ure [6l demonstrates each of the containers within outcome be-
ing nonexistent, failures, or success and their counts, while
also being sorted by if they succeeded or not. Poutcome is
the variable signifying if there has been a previous campaign
attached to the customer and if there is, whether it succeeded
or failed. It appears that there aren’t many customers who
did get reached out to prior to this exchange, however of the
ones that did, most times it had succeeded, it succeeded here
whereas if it had failed before, it usually failed again. Figure[7]
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Fig. 6 Poutcome variables compared to telemarketing outcomes

demonstrates the relationship between the contact method and
the outcomes. In this, it can be seen that cellular devices were
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used significantly more, but also seemed to have a better ratio
in successes to failures than did telephones. The cellular de-
vices had around a 1:5 ratio while the telephones had around
a 1:15 ratio. This showed that using cellular devices is usually
the better contact method when telemarketing than contacting
telephones. Figure [§]is the representation of the housing col-
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Fig. 7 Contact method compared to telemarketing outcomes
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umn compared to the y (outcome) column. In this it is shown
that there is a mostly even split between those with housing
loans and those without. The ratio between the ones with loans
who said yes to the campaign compared to the ones that didn’t
is around 1:7.5 while the ones without loans ratio is around
1:7. This shows that with mostly even numbers, individuals
without housing loans are slightly more likely to agree with
the campaign than are those who are housed.
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Fig. 8 Housing loans compared to telemarketing outcomes

Methods and Models

Data Preprocessing

Standard scaling was used on the variables that are either an
integer or a float. This type of scaling shifts each of the val-
ues to have a median of zero and a standard deviation of one.
This allows it to keep the relationship between the data points
to be equal to what it was before, while also shrinking the
values. When the values shrink, the bias of larger values is
greatly decreased as all values are between zero to one, result-
ing in the ranges of all integer and float values to be the same.
Without scaling the numeric data, values that initially had a
significantly larger range than others would’ve been held at a
higher regard than those with smaller ranges. Standard Scal-
ing was used on all columns with an integer or float data type.
This includes age, duration, campaign, pdays, and previous
for integers, and emp.var.rate, cons.price.idx, cons.conf.idx,
euribor3m, and nr.employed for floats.

A few variables from the data from the dataset also went
through data cleaning or data grouping. This involves replac-
ing some of the values within each variable with others in or-
der to lessen the number of values or remove unknowns from
a column. The variables of job, education, and marital were
subjected to both of these processes. The different responses
in the job column were put into employed, or unemployed de-
pending on if they had jobs or not. Education had three cate-
gories: uneducated which included middle school and below
or no education at all, med-education which included mainly
the group with a high school diploma, and high education
which had a university degree or a professional course fin-
ished.

Finally, marital was just made into 2 categories of either
married or single. One of the encoding techniques used was
ordinal encoding, and was also used on three different vari-
ables. Ordinal encoding is used to make the machine learning
model hold one response in a higher regard than another. This
is done by assigning numerical values to each literary value
from a variable. In most cases, the values are assigned in as-
cending order in terms of each variable’s inherent or natural
order. The variables that were ordinal encoded were job, ed-
ucation, and poutcome. For job, employed was given a value
of 1 while unemployed was given 0. Education had the high
education value as 2, medium education as 1, and no educa-
tion as 0. Finally, poutcome had success put as 2, failure as
1, and nonexistent as 0. The other encoding technique used
was one hot encoding. One hot encoding is done by splitting
one variable into multiple with regards to each unique value
of the variable. The new variables are then either booleans or
integers with a value of 1 or O (1 being true O being false).
This allows for both no order bias in the models, while also
making it somewhat easier to see the connections between the
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variable values and the outcomes. It also provides a greater
understanding of how the day of the week, for example, im-
pacts the success of the campaign and which days of the week
are the most influential on the outcome, if any. The variables
that were impacted by this encoding technique were contact,
month, and day_of_week.

Handling an Imbalanced Dataset

This dataset is challenging because the ratio of failures to suc-
cesses outcomes is incredibly unequal, also known as an im-
balance dataset. The ratio is around 27,000 for failures to
4,000 successes. This colossal data imbalance may result in
the models heavily favoring failures when predicting the out-
comes of a campaign. We offset this by evaluating four dif-
ferent methods: balancing the class weights in the algorithm,
undersampling, oversampling (SMOTE), and a mix of the last
two techniques.

When we balance the class weights, we take the outcome
with less occurrences, in this case the successes, and make
them weigh more to the algorithm than the majority class.
This makes it so that each success will have a greater im-
pact on the overall system, reducing the bias towards failures.
Undersampling is when the value with a greater amount is
brought down to the same as the amount of the smaller value.
In this case, the failures would be shrunk down to 4,101 to
match the amount that succeeded. This allows for a more bal-
anced dataset with all the original points, however also has
the result of decreasing lots of information from the original
dataset.

Oversampling, also known as SMOTE®, involves creating
synthetic data in order to again, even out the data imbalance.
This is done by using the existing data points and creating
new synthetic data between existing ones. This effectively in-
creases the diversity of the minority class, while also not com-
pletely contaminating the data with false information. This
again balances the dataset and allows the models to more ac-
curately predict the outcomes of the telemarketing campaigns.
Oversampling techniques are applied to training data only.
The final method of combining the two is done by first un-
dersampling the original data, then splitting the undersampled
data into a train and a test set, and then using SMOTE only
on the training data®. While SMOTE doesn’t feed the models
completely false data, it also isn’t completely pure as there is
no account of it happening genuinely in the dataset. It being
after the splitting of the data allows for the complete purity
of the data used to test the accuracy of the models, allowing
for completely accurate test results. In this, we first undersam-
pled the failures to around 50% of what it originally was, from
27,727 to 13,863. Then we split the data into train and test and
finally used SMOTE on the train dataset.

Models and Evaluation Metrics

Before using the models, we split the data into two different
parts, train and test, using stratify split. The train data is used
to help train the model and is made up out of a random 70%
of the telemarketing outcomes. Test data is what the model is
tested on. It is a portion of the dataset that the model has never
seen before and the results are seen as how well the model per-
forms. It is made up of the remaining 30%. We implemented
two ensembled based models, such as random forest, and XG-
Boost, and neural networks. The first method that was tried in
this study was random forest'’., This machine learning model
integrates several decision trees, with each tree being given
and trained on a random portion of the dataset from the train-
ing data which was given to the model. The tree is made up
of internal nodes which it gives the information which keeps
splitting until it reaches the final nodes called leaf nodes. Fi-
nally, the decision tree then chooses an outcome for a situation
from a new set of data, the testing data, based on what they had
been trained on from the training data and what the leaf nodes
say when the new data is passed through the tree. The ultimate
predicted outcome of the situation from the testing data is then
decided by whichever the majority of decision trees decides.
This allows for a minimized likelihood of overfitting and gives
a decent ending accuracy.

Another model that was used was XGBoost''L It stands for
extreme gradient boosting and is a machine learning algorithm
that also predicts using decision trees, however it uses them in
a different way. It stacks multiple decision trees on top of each
other, allowing each to learn from its successor’s mistakes. It
uses regularization to prevent the overfitting of the data and
ensures the model responds well to unseen and new data. It
is significantly faster than random forest as it doesn’t use as
many decision trees, but is still quite accurate.

The final model used is neural networks2. This works by
using interconnected nodes, called neurons, which are orga-
nized by the layers they are in. Each neuron will receive an
input from another neuron and process it using one method.
The output of each neuron is passed to the next layer, in which
the model learns by adjusting the weights between neurons,
based on the data. This process allows the network to make
predictions through patterns it identifies. In order to better
understand which values of the parameters ended up provid-
ing the best results in model prediction, we used the evalua-
tion metrics of precision, recall, f1-score, and area under the
curve (AUC). Precision is the percentage of the predictions
that came out as positive, which are in reality, also positive'l.
Recall score measures out of all the true positive outcomes,
which ones did the model predict were positive. Fl-score
uses both the precision and recall scores and averages them out
to get its score'l”. The AUC score is gained by calculating the
area under the receiver operating curve (ROC), which is cre-
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ated by plotting the true positive rate (TPR) against the false
positive rate'%. Train and test evaluation metrics are compared
to evaluate the performance and overfitting of the model. We
chose these four metrics over the accuracy score because in
order to calculate this score, it is simply the total correct di-
vided by the total number of predictions. This means that
a model guessing all campaigns to fail (the heavy majority)
would most likely get a better score than one trying to fulfill
its purpose of determining whether a campaign will succeed
or fail, defeating the purpose of the study“”.

When comparing the successes of each model, we mainly
used the test scores as they best simulate the model making
real predictions. Each of the four different approaches were
compared along with the different machine learning models,
with the highest f1 scores being the main metric used to de-
termine which data balancing method was best. Additionally,
we also compared the f1 scores of the variable successes to
failures with a more similar score being a better result. These
metrics would then give us the most successful data balancing
method, along with the best model.

Hyperparameter Tuning

Hyperparameters are variables within each model that can be
set ahead of time in order to change the model’s architecture
to achieve better results. Hyperparameter tuning (what was
used in this study) is when you change these set parameters
and either set it to certain values or give a range of values
to the machine learning model, allowing for the model to try
different sets of parameters to make the most accurate model
possible!!s.

While the random forest model by itself could give satis-
factory results, hyperparameter tuning is one of the best ways
to improve the accuracy of the model. This is done by setting
certain parameters which allow the model to fine-tune the way
it learns from the dataset. The parameters used in this dataset
were n_estimators, min_samples_split, and max_features as
shown in Table 2l N_estimators determines the number of de-
cision trees in the forest, while min_samples_split determines
the minimum number of samples required to split an internal
node. Finally, max_featuers determines the number of fea-
tures that are considered when looking for the best split at
each node. N _estimators was set to be a value of 500 while
the others were changed. The min_samples_split was varied
between 20 and 150 with increments of 10. Max_features var-
ied between 2 and 36 with increments of 2.

XGBoost can also be hyperparameter tuned for better re-
sults, just like random forest. The parameters used for XG-
Boost were gamma, reg_lambda, reg_alpha, subsample, col-
sample_bynode, and eta as shown in Table Gamma im-
pacts the minimum loss reduction of the model, meaning a
higher value makes the necessary difference between two val-

ues greater in order to make a split, and prevents overfitting by
preventing the model from overreacting to smaller differences.
Reg_lambda and reg_alpha are somewhat similar in that they
both impact the weights; however the former limits the size of
the weights in the model while the latter impacts the amount
of weights. They both make the model more conservative in
its weights usage. Subsample is the amount of training data
it samples prior to using the decision trees, preventing over-
fitting. Colsample_bynode specifies the subsample ratio of
columns and. Finally, eta is the rate at which each tree learns
and also prevents overfitting. The starting ranges for gamma,
reg_lambda, reg_alpha, subsample, colsample_bynode, and eta
were (0, 1), (0, 1), (0, 1), (0.5, 1.0), (0.5, 1.0) and (0.01, 0.3)
respectively.

In order to tune neural networks, one of the main ways is
to change the number of neurons in each layer, along with
the number of layers in total. We rigorously tuned the model,
changing the layers, neurons, etc... until we achieved our
best model. In addition to changing those factors, we also
utilized a custom cross-entropy loss function in TensorFlow,
which helps with the imbalanced dataset and makes the model
more accurate. It does this by assigning different weights to
each class’ mistakes. This helps with an imbalanced dataset
because it magnifies the mistakes of the minority class, reduc-
ing the inherent bias it has towards the dominant class.

Model Parameter Range

Random Forest ~ n_estimators [100, 500, 1000]

Random Forest ~ max_features 20 and 150 with increment of 10

Random Forest ~ min_samples_split 2 and 36 with increment of 2

Random Forest  class_weight "balanced”

Xgboost eta [0.001, 0.002, 0.003, 0.005, 0.01, 0.02, 0.03, 0.05, 0.1, 0.2, 0.3, 0.5]
Xgboost subsample between 0.5 and 1.0 with increment of 0.1

Xgboost colsample_bytree  between 0.5 to 1.0 with increment of 0.1

Xgboost gamma between 0 to 1.0 with increment of 0.1
Xgboost reg_alpha [1e-3, le-2, le-1, 1, 10, 100]

Xgboost reg_lambda [1e-3, le-2, le-1, 1, 10, 100]

Xgboost batch_size 2,4,8,16,32

Xgboost learning_rate [1e-3, le-2, le-1]

Neural Network  num_layers between 1 to 5 with increment of 1
Neural Network  num_neurons between 16 to 256 with increment of 16
Neural Network ~ dropout_rate [0.1,0.2,0.3]

Neural Network ~ activation “relu”, "softmax” (last layer)

Table 2 Models hyperparameters and their value ranges

Feature Importance Analysis

After building the model, another objective of our study is to
understand the contribution of each feature on model predic-
tion. This would support us as we would be able to better
understand how we could simplify our model but preserve the
high accuracy. In order to find the most important variables
and their marginal contribution on predicting the outcomes of
the telemarketing campaign, SHAP was used”. SHAP was
done by using the data points to determine their impacts based
on the value. It does this by calculating the contribution of
each variable to the outcomes, allowing us to better understand
how much of an impact each feature had on the outcomes.
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This would then allow us to rank the variables by SHAP score,
with the highest scores being at the top and the lowest at the
bottom. This would then allow us to see which features im-
pacted the outcomes the most and see which were less helpful
in the models’ predictions.

Results and Discussion

Results Using Original Imbalanced Dataset

Table[3ldemonstrates the evaluation metrics of the tuned mod-
els on the original imbalance data. Random forest’s best pa-
rameters were max_features being 11, min_samples_split be-
ing 30, n_estimators being 500, and finally class_weight being
balanced. The test scores for the O outcomes were 98.1 = 0.3,
87.9 £ 0.7, 92.7 &+ 0.4, and 94.4 £ 0.5 for precision, recall,
fl and AUC respectively, however the outcome 1 scores were
51.8£2.2,88.4+£1.8,65.3£1.9,and 94.4 & 0.5. This shows
that the main aspect holding random forest back is the preci-
sion with a meager score of 51.8. The differences between the
train and testing f1 scores for random forest was 0.2 and 0.8
for 0 and 1 outcomes values respectively. This means that the
overall overfitting was very minor as the scores of train and
test were relatively close.

As shown in Table [3} the XGBoost’s best performing pa-
rameters had colsample_bynode at 0.5, eta at 0.11, subsample
at 0.92. The test scores were 93.7 + 0.5, 95.6 +£ 0.4, 94.6 &+
0.4, and 94.6 £ 0.5 for outcome 1 but 65.7 = 2.8, 56.3 + 2.7,
60.6 £ 2.3, and 94.6 + 0.5 for outcome 0. While the scores for
and outcome of 0 were quite high, the outcome 1 scores were
lackluster leading this model to have the main problem being
that it favors a certain outcome more than the other. This re-
sulted in a much higher difference of f1 scores from train and
test in outcome 1 than in random forest. For XGBoost itis 0.9,
meaning it overfitted that data significantly more. Because of
this, we deemed random forest as the better performing model
for the original dataset. Finally, Table |3| also demonstrates
the neural network’s best configuration. This resulted in the
scores of an outcome of 0 being 93.6 &+ 0.5, 95.4 £+ 0.5, 94.5
+ 0.3, and 94.1 £ 0.5 for precision, recall, f1 score, and AUC
respectively. The scores of outcome 1 were 64.3 + 2.8, 56.3
+ 2.8, 60.0 &= 2.5, and 94.1 £ 0.5. This result gave us the un-
derstanding that the model still heavily favored the outcomes
of 1 due to it having a significantly greater number of repre-
sentations in the dataset.

Results Using Undersampled Dataset

Table ] demonstrates the evaluation metrics for the models on
the undersampled dataset. The best parameters for random
forest are max_features being at 14, min_samples_split at 20,
and n_estimators at 500. The test results for an outcome of 0

Train | Out- Precision Recall F1
Model [Test | come | (%) (%) (%) AUC

Random Forest
max_features: 11
min_samples_split: 30

. . 0 97.8+0.0 [ 87.84+0.1 [ 925+0.1 | 942 +0.1
n_estimators: 500 train
class_weight:
“balanced”
1 513+02 [ 868403 [ 645+0.2 | 942+0.1
test 0 98.1+03 [ 879+0.7 192704 [ 944405
1 51.8+22 | 884 +£1.8 | 653+19 | 944+05
XGBoost
colsample-bynode: 0.5 . 0 |935+0.1 957401 |946+00 | 94240.1
eta: 0.11 train

subsample: 0.92
654 +£03|550+£04 [ 59.7+£03 [ 94240.1
93705 [95.6+04 [ 94604 | 946 £0.5
65.7+28 [ 5634+27 [ 60.6+23 | 946+0.5
934+£02 (952402 [ 943+0.1 | 93.3+0.1
63.0+0.7 [ 5464 1.5 [ 5824+0.7 | 93.3 +£0.1
93.6+05 [ 954405 [ 945+:03 | 94.1+£0.5
643+£28 | 563+£28 [ 60.0+£25 [ 94.1£0.5

test

Neural Network .
train

— o= o =

test

Table 3 Summary of evaluation metrics of the tuned models using
original imbalanced data

are 92.8 £ 1.4, 81.1 +2.2,86.6 £ 1.4, and 93.4 + 1.0, mean-
ing that recall is the main issue for an outcome of 0 on random
forest for an undersampled data. The predictions with an out-
come of 1 had the test scores of 83.2 £+ 2.0, 93.7 + 1.2, 88.1
=+ 1.3, and 93.4 £ 1.0 demonstrating how for the outcomes of
1, precision was the issue. The f1 score differences between
train and test were 1.1 and 0.9 for O and 1 respectively. Ta-
ble E] shows that for XGBoost, the best parameters were 0.9
for colsample_bynode, 0.04 for eta, and 0.55 for subsample.
The outcomes of 0 had test scores of 92.4 + 1.4, 81.6 & 2.0,
86.7 £ 1.4, and 93.2 + 1.0 showing how recall was the is-
sue, similar to random forest. Additionally, the results with an
outcome of 1 had test scores of 83.6 = 1.9, 93.4 + 1.1, 88.2
+ 1.2, and 93.2 £ 1.0 again showing similarities to random
forest with precision being the issue in this case. We deemed
XGBoost the better model in this experiment because of the
less amounts of overfitting and slightly higher f1 scores, even
with the slightly lower AUC. This model was also our best as
it had the highest scores out of the rest.

Finally, Table E] demonstrates the best scores for the neural
network model. This resulted in the test scores with an out-
come of 0 being 88.5 + 1.8, 83.5 & 2.0, 85.9 &+ 1.4, and 92.2
4 1.1 for precision, recall, fl score, and AUC respectively.
For an outcome of 1, the scores were 84.4 + 2.0, 89.2 4+ 1.8,
86.7 £ 1.4, 92.2 &+ 1.1. This gave us the impression that for
outcomes of 0, the model struggled with recall while for out-
comes of 1, the model struggled with precision. While it had
its issues, it also had a relatively miniscule amount of overfit-
ting with the average difference between f1 scores of train and
test datasets being 0.4.
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min_samples_split: 20 train
n_estimators: 500)
1 845402 940+02 [ 89.0+0.2 | 93.8+0.1
0 928 L T4 [81.1£22[8.6x1.4[934L10
1 832420 |937+12 | 8.1+13]934+1.0

test

Train | Out- Precision Recall Train | Out- Precision Recall
Model ost | come %) %) Fl (%) AUC Model ost | come %) P F1 (%) AUC
Random Forest Random Forest
(max features: 14 0 [932+02|827+03|87.7+02 [938+0.1 (max-features: 11 0 |967+0.1|858+0.1]90.9+0.1|94.1+0.1

min_samples_split: 30 train
n_estimators: 500)

653+02 [ 900+£02 | 757+02 | 941+0.1
0 96.8+0.6 | 86.9£1.0 | 91.6 0.6 | 947 £0.8
1 672423 1904£16 | 774+1.7 | 947+£08

test

XGBoost

(colsample_bynode: 0.9
eta: 0.04 train
subsample: 0.55)

0 924+02 | 832+03 | 87.6+02 [ 93.8+£0.1

1 847402 932+02 | 88.8+0.1 | 93.8+0.1
0 924+£14[816+20]86.7+1.4[932£1.0
1 83.6+19 93411 |8.2+12]932+1.0

test

Neural Network
(10 relu,

5 relu, train 0
4 relu,

2 softmax)

904 +£05 | 822+£05 | 86.1+0.2 | 92.8+0.2

1 837403 91.2+06 | 87.34+0.2 | 928 +0.2
0 885+ 1.8 |835+20|859+14]922+1.1
1 844420 |892+18 [ 86.7+14 | 922+ 1.1

test

Table 4 Summary of evaluation metrics of the tuned models using
undersampled data

Results Using Undersampled and Oversampled Dataset

Table [ demonstrates the evaluation metrics of the models on
both over and undersampled data. The best parameters for
random forest in both the under and oversampled data were
11 for max_features, 30 for min_samples_split, and 500 for
n_estimators. It had the test scores of 96.8 + 0.6, 86.9 & 1.0,
91.6 & 0.6, and 94.7 £ 0.5 for the outcomes of 0, showing re-
call as the score holding the model back. On the outcomes of
1, the test scores were 67.2 +2.3,90.4 + 1.6, 77.0 = 1.7, and
94.7 + 0.5, demonstrating precision being a significant factor
in the overall score being lower. The differences between train
and test for 0 and 1 outcomes were 0.01 for O but 0.17 for 1.
Table [5] shows that XGBoost’s best parameters had colsam-
ple_bynode at 0.4, eta at 0.05, gamma at 0, reg_alpha at 0.001,
reg_lambda at 0.0, and subsample at 0.7. The test scores for
an outcome of 0 were 92.4 £+ 0.8, 92.9 + 0.8, 92.6 + 0.5, and
94.7 £ 0.5, with recall holding the model back, similar to ran-
dom forest. The test scores with the outcome of 1 were 75.5
+2.4,74.1 +£2.4,74.8 £ 1.9, and 94.7 £ 0.5, with precision
being the factor, similar again to random forest. The differ-
ences between the train and test data was O for train and 0.16.
Random forest was deemed the better model in this test due to
the higher average f1 score, even if it overfitted slightly more.
Finally, Table 4| demonstrates that yet again, the best configu-
ration we tested for neural networks was 10, 5, 4, and 2, with
the first 3 layers being relu and the final being softmax. The
test dataset with an outcome of 0 had results of 0.97, 0.84, and
0.90 for the three scores used in the tests respectively. The
outcomes of 1 had scores of 0.62, 0.91, and 0.74. This gave
us the impression that recall was the main struggle for out-
comes of 0, although it still yielded a decent result of 0.84 but
in comparison to its precision score, is much lower, while the

XGBoost
(colsample_bynode: 0.4
eta: 0.05
gamma: 0 train 0 926+0.1 | 9204+02 | 923 +0.1 | 94.1 £0.1
reg_alpha: 0.001
reg_lambda: 0.01
subsample: 0.7)
1 73.6+02 | 751+£03 | 743+0.1 | 94.1+0.1
test 0 924+081929+£09]926+0.7 | 941£0.7
1 755+24 | 748 £24 | 75.1+£2.0 | 941+£0.7
Neural Network
(10 relu,
5 relu, . 0 92.6+02 | 90.4£0.1 | 91.54+0.2 | 93.1+0.3
4 relu, train
2 softmax)

1 70.0+05 | 755+£0.1 | 72.6 04 | 93.1 £0.3
0 929+0.71906+09 [ 91.8 0.5 | 93.5+£0.6
1 70.0+25 | 76.6 £22 | 73.24+2.6 | 93.6 £ 0.6

test

Table 5 Summary of evaluation metrics of the tuned models using a
mix of undersampled and oversampled data

outcomes of 1 struggled with precision greatly.

Discussion

The highest f1 and AUC test scores for predicting telemarket-
ing outcomes out of all the tests was XGBoost paired with un-
dersampling the data as shown in Table [3] While the random
forest for undersampling also had the same f1 test values, the
train values were slightly higher leading me to believe that it
had a slightly higher overfitting than the XGBoost model did.
Overall, the two models had similar average f1 scores for both
the testing and training datasets. While the scores between the
models were similar, the different methods of dealing with the
data imbalance. Using the original imbalance data resulted in
the worst outcomes, followed by both over and undersampling
of the data, with only undersampling the data coming out with
the highest average scores.

In our study, we explored three different techniques to ad-
dress class imbalance: SMOTE (Synthetic Minority Oversam-
pling Technique), random undersampling, and class weight
balancing. While SMOTE was initially considered, it did
not yield satisfactory performance in comparison to the re-
sults obtained from random undersampling and class weight
adjustments. Consequently, we decided not to pursue more
advanced synthetic oversampling techniques, as they did not
show promising improvements during preliminary experimen-
tation.

As a result, we chose the best model of XGBoost paired
with an undersampled dataset and conducted SHAP analysis
to better understand the contribution of the features on model
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Model Handling Imbalance 7;2‘: Outcome P’e(‘;j)"’" Rﬁ;ll F1 (%) AUC
XGBoost am 0 924+02 | 832503 | 876202 | 93801
(colsample_bynode: | 1 84702 [ 932402 [ 88801 [ 938+0.1
04 - 0 024E15 | SI721 86714 [ 9B2E10
eta: 0.05 * i 836+ 1.9 [ 932413 [ 882413 [ 932410
subsample: 0.5)

Table 6 Summary of evaluation metrics of the tuned XGboost model
using undersampled data and only using the seven columns with the
highest SHAP scores

predictions. SHAP analysis is when we see how much each
feature impacts the model outcome. The columns with the
highest impacts are seen as the most important and if they
have lower impact, then we can see them as unneeded in the
prediction as they aren’t contributing much to the prediction
algorithms. Figure [9) illustrates the SHAP values of the dif-
ferent variables from the dataset and ranks them from great-
est to least with the highest values at the top. The values
represent the impact each variable has on the model output.
A bright red represents a greater feature value while a light
blue represents a lower feature value. The farther out a color
stretches on the line represents a greater SHAP value numeri-
cally, therefore showing it to be more impactful to the model
output than other variables. This is shown as duration has the
greatest SHAP value which makes sense as with a higher du-
ration of the call, the more likely the campaign is going well
and the customer is intrigued by the offer. This is followed
by emp.var.rate, nr.employed, euribor3m, and cons.conf.idx.
While duration has a positive correlation with the SHAP value
meaning that as duration increases the SHAP value also in-
creases, other variables such as emp.var.rate have the oppo-
site effect. As the value increased for emp.var.rate, the SHAP
value decreased with the highest values of the variable corre-
sponding to a SHAP value of around -2.

Figure [I0] displayed the columns ranked by their mean
SHAP values. In this, duration clearly came out on top with
emp.var.rate, nr.employed, euribor3m, and cons.conf.idx trail-
ing behind it. Duration had a mean value of around 1.5 mak-
ing it clearly the most impactful column with the next variable
having only a score of 0.6, showing that it still is impactful,
but duration is by far the most useful for outcome prediction.

After this process, we took the top contributors and hy-
perparameter tuned them with the model being XGBoost and
the method of handling the imbalanced dataset being under-
sampling since these two combined yielded the best results.
The only columns that were used in this test were duration,
emp.var.rate, nr.employed, euribor3m, cons.conf.idx, pdays,
and age. The ending parameters were 0.4, 0.05, and 0.5 be-
ing col_samplebynode, eta, and subsample respectively. The
results, as shown in table [5| were very similar to the results of
table [3] with barely any score differences in the testing por-
tion. This shows that the seven columns listed above were the
main factors in predicting the outcomes of the dataset. When

High
duration
emp.var.rate
nr.employed “. el
euribor3m .
cons.conf.idx
pdays
age
cons.price.idx
month_may
previous

poutcome

Feature value

contact_cellular
month_oct
campaign +.
education +
day_of_week_tue +—
day_of_week_thu -+
day_of_week_mon +
job '—

loan_no

T
SHAP value (impact on model output)

Fig. 9 The contribution of features on model output using SHAP
analysis

comparing this to how the XGBoost undersampled with all the
features resulted, we can see that the results were very similar
with the scores being 0.91,0.82, 0.86 for precision, recall, and
f1 scores respectively for the 0 outcome, and 0.83, 0.92, and
0.87 for the 1 outcome. There was only a difference of 0.01
in scores that were different, meaning that the seven features
were in fact, what the models relied on to predict outcomes
the most, as with adding the other 20+ features to the model,
it only resulted in a 0.01 score increase.

We have realized however, that duration won’t be known
before the call, leading the model to not have one of its key
data points in prediction. This realization made us remove
the duration variable from the dataset while using the XG-
Boost model and undersampled data in order to get a more
life-accurate prediction.

From this data, we can see that the scores had a decent drop
with the outcomes of 0 being 72.2 + 2.2, 85.5 £ 1.9, and 78.3
=+ 1.7 for precision, recall, f1, and AUC scores respectively,
with the outcomes of 1 being 82.3 + 2.3, 67.1 £ 2.6, 73.9 &+
2.1, and 81.1 + 1.7 for the same respective scores. The preci-
sion scores for an outcome of 0 dropped noticeably from this
test to the test that included the duration score, with the recall
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duration
emp.var.rate
nr.employed

euribor3m

cons.conf.idx
pdays -
age -
cons.price.idx -
month_may .
previous .
poutcome .
contact_cellular .
month_oct l
campaign I
education I
day_of_week_tue I
day_of_week_thu I
day_of_week_mon I
job |
loan_no I

0.0 02 0.4 056 08 10 12 14 16
mean(|SHAP value|) (average impact on model output magnitude)

Fig. 10 Ranking of the features based on their average contribution
or SHAP value on model prediction

Train Precision Recall

Test Outcome (%) (%) F1 (%) AUC

719402 | 83.6£0.3 | 77.3+£0.2 | 80.4 £0.2
80.54+03 | 67.5£04 | 73.34+04 | 80.4 £0.2

22122 855E19 KESN TTETT
823423 | 67.1£2.6 | 739+21 | 8l.1+1.7

Model Handling Imbalance

XGBoost rain 0
(colsample_bynode: 0.35 U 1
eta: 0.05 o 0
subsample: 0.4) 1

Table 7 Using top seven columns (not including duration) with
highest SHAP scores of the tuned XGBoost model using
undersampled data.

score of the same outcome going up by 0.2. However, this
is the opposite for outcomes of 1 where precision only went
down slightly, while recall lowered at a much greater value.
From this, we can see that without knowing the duration in a
more lifelike situation, the model is more inaccurate in its pre-
dictions than it was before with duration, but still is somewhat
accurate.

Earlier in the exploratory data analysis, we mentioned that
emp.var.rate and euribor3m had extremely high correlation
scores, making us wonder whether we are able to remove
one of these variables from our model. We decided to try re-
moving euribor3m to determine whether the model would be
heavily impacted from losing a highly important variable be-
cause of how correlated the two features are. When comparing
these results to what was gotten from the original undersam-

Train Precision | Recall . )
ey | Outcome @) % F1 (%) AUC

XGBoost train 0 92.0+0.2 | 829+£03 | 87.2+0.2 | 93.6 0.1
(colsample_bynode: 0.35 U 1
eta: 0.05 test 0
subsample: 0.4) 1

Model Handling Imbalance

84.5+02|927+02 | 884+0.1 [ 93.6+0.1
915+1.6 | 81.6E£2.1 [ 863+ 15| 93.1£1.0
834+27[924+14|877+£13[931+£1.0

Table 8 Using a dataset without euribor3m with the tuned XGBoost
model using undersampled technique.

pled model, we can see that the results of every fl-score went
down by around 0.4. It went from 86.7 &+ 1.4 to 86.3 £ 1.5
and 88.2 £ 1.2 to 87.7 £ 1.3 for test outcomes of 0 and 1 re-
spectively. The AUC scores only decreased by 0.1 (from 93.2
£ 1.0 to 93.1 £ 1.0). This result proves our theory that with-
out euribor3m, the model would act mostly the same due to
how high the correlation scores were between the feature and
emp.var.rate.

Conclusion

The objectives of this study were to determine the most effec-
tive machine learning model, along with the best method of
balancing the dataset. Furthermore, we strived to understand
and quantify the effect of the features related with bank tele-
marketing on model predictions. With this information, banks
would be able to better understand which factors are most im-
pactful in telemarketing success, along with being able to tar-
get certain demographics based on the outcomes of our study.
The features with the highest contributions and impacts will
be focused on the most, while other, less impactful features
will be considered less when reaching out to customers for a
telemarketing campaign.

In order to achieve our goal of finding the best method of
balancing the dataset, we use three different methods: balanc-
ing the class weights in the algorithm, undersampling, over-
sampling (SMOTE), and a mix of the last two techniques. Bal-
ancing the dataset was needed to have the best outcomes due
to the high discrepancy between the successes and failures in
the dataset. The successes had around 4,101 while the fail-
ures had 27,727 values in the dataset. Without balancing the
dataset, the model would heavily favor the failures due to it
having a significantly larger presence in the dataset.

The models themselves also needed tweaking in order to
achieve the strongest results. A method called hyperparame-
ter tuning was used in which values are given to parameters
allowing the model to focus on different parts, changing the
outcomes of algorithms. This was used on both random for-
est and XGBoost, giving us the most accurate results. Addi-
tionally, neural networks utilized a custom cross-entropy loss
function used to hopefully give better results. In the end, the
undersampled XGBoost model was considered the best model
out of the batch due to the high fl score average of 0.87 and
0.88 for outcomes of 0 and 1, respectively. While random for-
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est with undersampling yielded similar results, we held XG-
Boost at a higher regard due to it having less overfitting than
the random forest model. The neural network models didn’t
achieve better results than the one XGBoost resulted in.

The findings in the study can’t compare with the first two
studies aforementioned at the beginning of this as the paper
written by Moro et al. used a completely different metric of
decisions, along with mostly completely different models be-
sides neural networks. This same sentiment is kept with the
paper written by Ilham et al. as their study consisted of the
same decision metric, along with only two similar models be-
ing neural networks and random forest, neither of which ended
up being the best model. With both of these models losing, a
thin line of similarities can be drawn between our findings and
their findings, random forest and neural networks were both
not the most effective model in our findings. For Bogireddy et
al.’s” findings however, we use very similar evaluation metrics
of fl-score, however they also use an accuracy score, which
as already mentioned, isn’t as accurate as the f1-score evalu-
ation metric. Their results also found that XGBoost yielded
the greatest results in model prediction accuracy, which is the
same as our findings. They only used SMOTE as a data imbal-
ancing technique though, which can explain why the results
our XGBoost model found were better than those found by
their model. Peter et al.’s® model again used different evalu-
ation metrics which also shows that their results aren’t fully
accurate and can’t be put up against our results.

SHAP values, which quantify the impact each variable has
on the model output along with correlation values, gave us
a better understanding of the features importance on the pre-
dictions. Ranking the features from greatest to least in accor-
dance to their SHAP values allows us to determine which vari-
able was the most impactful in determining whether a telemar-
keting campaign would succeed or fail on a customer. The re-
sults were duration having the greatest SHAP value, followed
by emp.var.rate, nr.employed, eribor3m, and cons.conf.idx.
The rest of the values were relatively negligible due to the val-
ues being very low. This means that some of these variables
could potentially be removed without affecting the model
greatly due to them being relatively similar. Because of how
much higher the five given features’ SHAP values were com-
pared to the rest of the variables, the data shows that these
five values were the most impactful in model prediction. We
can then draw a conclusion that whichever model could most
effectively consider and use these five metrics in their predic-
tions, would result in the highest scores. This means that XG-
Boost was the best at using these features in model prediction.
Some limitations for this study, however, are both the num-
ber of models we used and the parameters of each model that
were hyperparameter tuned, along with the configuration of
the neural network model. In this study we only use 3 differ-
ent machine learning models being XGBoost, random forest,

and neural networks. This low number in itself is a limitation
as there is a high likelihood of other models being available
which do yield better results. Additionally, within each model,
the configuration of each model was the best we found, how-
ever there could still be more effective configurations which
could be found if given unlimited time. Future studies can ad-
dress these limitations by either adding more models, or sim-
ply trying to better optimize the models used in this study.
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