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ABSTRACT

Facing data analysis problems on small data sets is a common problem in medical research; likewise, it is a
problem that makes the application and success of classic machine learning algorithms very difficult. Many
techniques have tackled the problem of a small data set, mainly for computer vision and image processing
fields. However, for tabular data, short has been disseminated. In this degree project, the use of tabular data
augmentation techniques is proposed to introduce synthetic instances quite similar to real instances,
particularly in the context of a medical/social problem of predicting the effectiveness of Glucantime as a
treatment against cutaneous Leishmaniasis. Experiments show that using these data augmentation algorithms
enhances the characteristics of the initial data set and improves the performance of machine learning models.
The dataset used in this investigation has ten attributes and 18 registers.
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machine learning experiments. However, this

1. INTRODUCTION
Leishmaniasis is an infectious disease
transmitted by the bite of the Phlebotomine
sandfly or female simulid mosquito. In
Colombia, 95% of the annual cases are
cutaneous Leishmaniasis [1]. The most widely
used treatment to treat this disease is
Glucantime, a highly toxic chemical substance
that can generate severe adverse effects and
even worse than the disease itself [2]. The most
worrying thing is that it does not work in 100%
of patients; that is why it arose the need to study
the medical history and try to predict early
whether this treatment will work in patients with
this disease.

The research was developed with the
International Center for Medical Training and
Research (CIDEIM), which provided a
demographic dataset for data analysis and

data set was too small (ten attributes and 18
registers), which made the conventional process
of experiments with machine learning difficult.
For this reason, it was purposed to use data
augmentation techniques to take full advantage
of the real data characteristics, generating more
data to train the machine learning models and
get better models’ performance.

All this allowed experimentally to build
applicable models by health professionals,
helping to decide when to use Glucantime as a
treatment for their patients suffering from
Leishmaniasis, positively impacting their life
quality and reducing the indifference and

underestimation suffered by communities
affected from it.
2. LITERATURE REVIEW



2.1 Data Augmentation

ADASYN: “The essential idea of ADASYN is to
use a weighted distribution for different minority
class examples according to their level of difficulty
in learning, where more synthetic data is generated
for minority class examples that are harder to learn
compared to those minority examples that are easier
to learn.” [3]

SMOTE: “To create the new synthetic minority
class instances, SMOTE first selects a minority class
instance a at random and finds its k nearest minority
class neighbors. The synthetic instance is then
created by choosing one of the k nearest neighbors b
at random and connecting @ and b to form a line
segment in the feature space. The synthetic instances
are generated as a convex combination of the two
chosen instances @ and b.” [4]

Borderline SMOTE: This algorithm only
oversample the minority class examples that are on
the decision border. First, the examples of the
decision boundary are discovered; then, synthetic
examples are generated from them and added to the
original set. [5]

Gaussian Mixture Model (GMM): The
Expectation-Maximization algorithm is used to fit
the GMM to the data set. GMM learns the
representation of a multimodal data distribution as a
combination of unimodal distributions. GMM fits
the K Gaussian components to the data set by
parameterizing each group’s weight, mean, and
covariance. After fitting the data with multiple
Gaussian distributions, the results can be used to
group any new data points into one of the identified
clusters. [6]

Genetic Algorithm (GA): “Implementing GA for
synthetic data generation involves random searching
in a solution space of possible datasets based on
optimization criteria (which are properties of the
original dataset) expressed as a fitness function. (. .
.) This means that we can explore different fitness
function permutations to establish which are
sufficient for a full set of analytical properties to
emerge.” [7]

Generative Adversarial Networks (GANs):
“GANs often comprise a generator and a
discriminator that learn simultaneously. The
generator tries to capture the potential distribution of
real samples and generates new data samples. The
discriminator is often a Dbinary classifier,
discriminating real samples from the generated
samples as accurately as possible. Both the generator
and the discriminator can adopt the structure of
currently popular deep neural networks. The
optimization process of GANs is a minimax game
process, and the optimization goal is to reach Nash
equilibrium, where the generator is considered to
have captured the distribution of real samples.” [8]

2.2 Machine Learning

K-nearest neighbors (KNN): This algorithm has
its foundation in finding the k nearest neighbors
(calculating a measure of distance) of the sample to
be classified, in such a way that each one of them
contributes a vote for the class it belongs to,
classifying the sample in the class that has the most
votes. [9]

Random Forest: “Random Forest is a group of un-
pruned classification or regression trees made from
the random selection of samples of the training data.
Random features are selected in the induction
process. Prediction is made by aggregating (majority
vote for classification or averaging for regression)
the predictions of the ensemble.” [10]

Logistic Regression: Like linear regression, the
logistic regression model computes the weighted
sum of the input characteristics, plus a bias term.
However, instead of returning the direct result of that
operation, it applies a logistic transformation that is
essentially an S-shaped curve that returns a number
between 0 and 1, which is defined as:

1
f() = 1ot (D
[11]
Support Vector Machines (SVM): This

classification model builds a multidimensional
optimal hyperplane to separate two classes and



minimize error. It can be easily extended to complex
instances that are not linearly separable by mapping
the training samples to a larger dimension space
where they possibly become linearly separable by
using a kernel function [12, p. 256]. Minimizing the
error means making the margin as grater as possible
so that the decision bounder has the maximum
distance.

Multilayer perceptron: The network can contain
many intermediate layers between the input and
output layers, called hidden layers, which are
extremely useful for modeling more complex
relationships between input and output variables.

These layers perform computations that are
transmitted from layer to layer until reaching the
output layer. The use of an activation function is
required, as in the simple perceptron. However, the
most usual for a multilayer perceptron is to use
activation functions other than the sign or linear
function since this prevents layers from computing
linear combinations of the input parameters. The
goal of the neural network learning algorithm is to
find a set W that represents the weight of each of the
edges of the network in such a way that the total sum
of the squared errors is minimized. The
backpropagation algorithm solves this optimization
problem efficiently. [12, p.246]

2.2.1 Evaluation Metrics

Precision: This metric allows knowing the
proportion between the actual positive samples and
those that the classifier predicted as positive.

Sensitivity or Recall: This metric allows knowing
the proportion of samples that the classifier
predicted as positive over those whose actual label
was positive.

F1 Score: This metric is a harmonic mean of
Precision and Recall that allows us to see in a
general way the model’s performance.

3. RESULTS

During the investigation, experiments were ran with
two different datasets. So, results will be presented
by datasets.

The investigation experiments were essentially two:

1) Without Data Augmentation
2) With Data Augmentation

The first experiment was about running machine
learning models on real data only. Dividing the
dataset in training and test in portions of 60% and
40% respectively.

The second one was about, increasing real data by
using data augmentation and use the synthetic data
to train machine learning models and real data to
validate them.

3.1 Dataset - 1

Table 1. Dataset 1 — Target Variable distribution

Cure | Fail | Total

Target Variable instances | 11 7 18

Experiment 1 results:

Table 2. Dataset 1 — Without Data Augmentation

[ Machine Learning Model | Precision | Recall | F1-Score |
MLPClassifier 0.67 0.5 0.57
KNeighborsClassifier 1.0 0.25 0.4
LogisticRegression 0.0 0.0 0.0
RandomForestClassifier 0.0 0.0 0.0
SVC 0.0 0.0 0.0




Experiment 2 results:

Table 6. Dataset 2 — With Data Augmentation

e Learning - Data Aug

Model Precision Recall F1-Score

ADASYN
KNeighborsClassifier 0.93 0.98 0.96
. . RandomForestClassifier 0.81 0.83 0.82
Table 3. Dataset 1 — With Data Augmentation MLPClassifier 049 078 06
LogisticRegression 0.36 0.62 0.46
SvC 0.29 0.55 0.38
Machine Learning - Data Aug Model Precision Recall F1-Score SMOTE
ADASYN KNeighborsClassifier 0.86 0.98 0.92
MLPClassifier 0.88 1 0.93 RandomForestClassifier 0.73 0.91 0.81
LogisticRegression 0.78 1 0.88 MLPClassifier 0.69 0.91 0.79
KNeighborsClassifier 0.78 1 0.88 SvC 04 0.72 0.52
SVC 0.7 1 0.82 LogisticRegression 0.38 0.6 0.46
RandomForestClassifier 0.58 1 0.74 Borderline SMOTE
SMOTE KNeighborsClassifier 0.81 0.95 0.87
SVC 0.88 1.0 0.93 RandomForestClassifier 0.75 0.78 0.76
MIPClassifior 0.88 10 0.93 MLPClassifier 051 0.83 0.63
LogisticRegression 0.78 1.0 0.88 LogisticRegression 0.33 0.71 0.45
KNeighborsClassifier 0.86 0.86 0.86 sve 03 0.88 045
RandomForestClassifier 0.86 0.86 0.86 G ian Mixture Model
Borderline SMOTE LogisticRegression 0.18 0.57 0.28
KNeighborsClassifier 0.78 1.0 0.88 KNeighborsClassifier 0.18 0.57 0.28
SVC 0.78 1.0 0.88 RandomForestClassifier 0.18 0.57 0.28
RandomForestClassifier 0.7 1.0 0.82 SVC 0.18 0.57 0.28
MLPClassifier 07 1.0 0.82 MLPClassifier 0.18 0.57 0.28
LogisticRegression 0.6 0.86 0.71 Genetic Algorithm
G ian Mixture Model RandomForestClassifier 0.33 0.71 0.45
LogisticRegression 05 057 0.53 KNeighborsClassifier 0.32 0.72 0.44
KNeighborsClassifier 0.5 0.57 0.53 MLPClassifier 0.26 084 04
RandomForestClassifier 0.44 0.57 0.5 _ .SVC . 0.27 0.72 0.39
SVC 043 043 043 LogisticRegression 0.26 0.83 0.39
MLPClassifier 0.43 0.43 0.43 Generative Adversarial Network
Genetic Algorithm KNeighborsClassifier 0.39 0.52 0.45
TogisticRegression 075 086 0.8 LogisticRegression 0.33 0.64 0.44
KNeighborsClassifier 0.67 0.86 0.75 MLPClassifier 0.33 055 041
SVC 0.67 0.86 0.75 . SVC — 0.31 0.55 0.4
RandomForestClassifier 0.62 0.71 0.67 RandomForestClassifier 0.31 0.48 0.38
MLPClassifier 0.62 0.71 0.67
Generative Adversarial Network
SvVC 0.88 1.0 0.93
KNeighborsClassifier 1.0 0.71 0.83
LogisticRegression 0.64 1.0 0.78 4. CONCLUSIONS
RandomForestClassifier 0.71 0.71 0.71
MLPClassifier 0.71 0.71 0.71

3.2 Dataset — 2

Table 4. Dataset 2 — Target Variable distribution

Cure | Fail

Total

Target Variable instances | 189 | 58

247

Experiment 1 results:

Table 5. Dataset 2 — Without Data Augmentation

[ Machine Learning Model [ Precision | Recall | F1-Score |

MLPClassifier 0.67 0.24 0.35
KNeighborsClassifier 0.52 0.44 0.48
LogisticRegression 0.0 0.0 0.0
RandomForestClassifier 0.88 0.6 0.71
SVC 0.9 0.24 0.39

Experiment 2 results:

The effectiveness of Glucantime as a
treatment for Cutaneous Leishmaniasis
was predicted using data augmentation
and machine learning algorithms with
F1-scores higher than 90%.

The combination of data augmentation
models and machine learning algorithms
be- came very powerful given the
problem conditions. The learning process
was strength- ened by extracting
significant characteristics from the
original data to generate new data and
training the machine learning models.



e Inproblems where data lack isa common
factor, such as the medical field, gener-
ating more data with data augmentation
techniques is highly useful. This is based
on the improvement of the machine
learning  algorithms trained with
augmented data compared to those
trained only with real data, showing an
improvement in the perfor- mance of up
to 25%, which adds much value and can
significantly impact the patient’s health
and life.

e Despite the difficulties that arose due to
the lack of data to implement a prediction
model, it was possible to follow a
successful route that made it possible to
take advan- tage of the data of each real
patient. This route allowed to improve
the predictions, as they were awful due to
the little training that could be done
without the data augmentation. It also
helped to solve the impossibility of cross-
validating because of minimum resulting
partitions. For this reason, the route
mentioned above was strategically
developed so that the machine learning

algorithms were trained only with
synthetic data and were tested only with
real data.
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