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Abstract— This paper describes the usage and performance
measurements of popular classification algorithms in a Bank
Telemarketing Dataset, which aims to classify whether if a client
subscribes a term deposit or not. We came to the conclusion
that, for this case, a Radial Basis Function Support Vector
Machine outperformed the broad set of tested models. Further,
we re-tested the model, for a final set of performance metrics.
We then compared our results to other papers that use this
dataset.

I. INTRODUCTION

This paper describes the steps that were done in order to
test different machine learning algorithms on a dataset. This
dataset is related with direct marketing campaigns, through
phone calls, of a Portuguese banking company. Our objective
is to ascertain which of the chosen algorithms is the most
accurate in predicting if a client will subscribe or not to a
term deposit.

II. DATASET

The dataset is from UCI ML Repository [1] and it contains
41188 instances each with 17 attributes.

Categorical Attributes: ”job”, ”marital”, ”education”, ”de-
fault”, ”housing”, ”loan”, ”contact”, ”day”, ”month”, ”pout-
come”.

Contiguous Attributes: ”age”, ”balance”, ”duration”,
”campaign”, ”pdays”, ”previous”.

III. DATA PROCESSING

A different set of operations were executed over the raw
data, making it easier to work with.

A. Data Reformatting

Because the csv file was not consistent in the formatting of
its data we decided to first modify it in a way that it becomes
easier to perceive and work with. The referred problem be-
came obvious when different iterations had different attribute
dividers, so we changed it so that the only attribute divider
possible would be ’,’.

B. Data Encoding

For better performance a dataset should not have attributes
which values are labels in String format, instead they should
be converted to numeric values. For this effect, the cate-
gorical columns of the original dataset have been one-hot
vectorized. [1]

C. Data Separation

A separation of the iterations was made so that we could
have a training set, a testing set and a cross validation set.
The distribution was of 60%, 20% and 20% respectively,
selected randomly.

IV. DATASET MODIFICATIONS

Deferent variations of the training and testing sets, ob-
tained through the original dataset, were created for the
evaluation of which of them would give us a better accuracy
in predicting the outcome.

A. Unchanged dataset

Dataset obtained after running the script to encode data,
where a vectorization of categorical columns is done,
namely: ”job”, ”marital”, ”education”, ”default”, ”housing”,
”loan”, ”contact”, ”day”, ”month” and ”poutcome”.

B. MinMax Scaler

Transforms features by scaling each feature to a given
range.

C. Mean Scaler

Standardize features by removing the mean and scaling to
unit variance.

D. Incremental Principal Component Analysis (IPCA)

IPCA builds a low-rank approximation for the input data
using an amount of memory which is independent of the
number of input data samples. It keeps only the most
significant singular vectors to project the data to a lower
dimensional space, specifically, in our case, 5 dimensions.

E. Imputation

Replacement of missing data with substitute values and
vectorization of some columns. Here columns like ”mar-
ital”, ”job”, ”contact” are dropped for having too many
instances where the values are ”unknown”, the attributes ”de-
fault”,”housing”,”loan”,”day”,”month”,”poutcome” are re-
placed by new binary columns and the education column
suffers a new vectorization. This vectorization consists in
making the possible values for that attribute, ’primary’,
’secondary’ and ’tertiary’, into integers, because there is an
implicit sequential increasing order in those values. When the
value is ’unknown’ we impute the average of the column.



F. Used Dataset Variations

Only the following variations were used as inputs of the
different algorithms chosen for this project.

• Unchanged
• Minimum and Maximum Scaler
• Standard Scaler
• Standard Scaler joined with Incremental IPCA
• Unchanged with imputation
• Minimum and Maximum Scaler with imputation
• Standard Scaler with imputation
• Standard Scaler joined with Incremental IPCA with

imputation

V. ALGORITHMS USED

A. Logistic Regression

B. K-Nearest Neighbors

C. Support Vector Machine

SVMs used:
• Linear
• Polynomial Support Vector Machine

– 3rd degree
– 16th degree

• Support Vector Machine with Radial Basis Function
Kernel (RBF)

– 16th degree

D. Decision Tree

E. Random Forest

F. Neural Network

For each model listed above we trained it using each
data preprocessing technique described in IV. DATASET
MODIFICATIONS, which comes to about 88 different con-
figurations.

VI. VALIDATION OF MODELS

After executing the evaluation of models, training then
using cross-validation data to access accuracy, we obtained
the following percentage regarding the precision of result
prediction.

A. Best Prediction

The best accuracy obtained was of 90.7% with the Support
Vector Machine algorithm of 16th degree with Radial Basis
Function Kernel (RBF) and with the scaled imputed dataset.

VII. FINAL PERFORMANCE MEASUREMENTS

After picking the best model from our set of cross-
validated models, which was the RBF 16th Degree SVM
with Imputed and Scaled Data we ran a series of performance
measures on the Testing subdataset.

We test the number of True Positives (TP), True Negatives
(TN) , False Positives (FP) and False Negatives (FN), we can
compute different performance measurements associated to
a Confusion Matrix [2], seen in 1.

Fig. 1. Confusion Matrix

Metric Formula Value
True Positive Rate TP

(TP+FN) 0.335

True Negative Rate TN
(TN+FP ) 0.977

Positive Predictive Value TP
(TP+FP ) 0.664

Negative Predictive Value TN
(TN+FN) 0.915

Miss Rate FN
(FN+TP ) 0.665

Accuracy TN+TP
(FN+FP+TN+TP ) 0.900

VIII. CONCLUSIONS

In the analysis of our results and the results of similar
papers, we found out we outperformed the SVM Model
in A data-driven approach to predict the success of bank
telemarketing by Sergio Moro et al. [3] which achieved
89.6% Accuracy using 70% of the data for training. In
contrast, we achieved a SVM Model at 90.7% accuracy in
crossvalidation and 90.0% accuracy in testing using only
60% of our data for training the model.

IX. FUTURE WORK

In contrast to the other similar papers we found out we
underperformed in our Neural Network. Future work should
be focusing on why this happened and what should be done
to improve the outcome of the performance metrics.
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