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Abstract

Rheumatic diseases are causing a major impact in the daily life of the patients and although not
fatal, these diseases cause severe pain and can impair life quality. One of these diseases is rheumatoid
arthritis (RA), a chronic condition, being the focus of this thesis. Conventional disease-modifying
anti-rheumatic drugs (DMARDs) have long been the mainstream treatment for RA. Unfortunately,
one third of the patients fail to respond and many are not able to sustain a good response. For these,
biological treatments provide a clinical alternative but there is no biomarker to predict both response
code and biological treatment. One uses the Reuma.pt database, developed by the Portuguese Society
of Rheumatology (SPR), containing only biological treatment patients. Some modifications are applied
to the database in order to present the data in a time-series format. Taking this into account, it is
compared different classification methods with and without feature selection. Further, three cases
studies are introduced, being one the data resulted from the database (time series data) and the other
two presenting their characteristics through time (data summarization and data representation). One
concludes that the case studies containing information about the features perform better than the
remaining. Besides, it is possible to forecast the response code at the 24th month in the 6th-month
appointment, with an average accuracy of 65%. This is an exploratory work, where the initial focus
was on data treatment to enable future studies in this field.
Keywords: rheumatic diseases, biologic treatment, classification, time-series, data representation,
data summarization, treatment outcome

1. Introduction

With the progress in medicine, the improvements of
living conditions and medical assistance, longevity
in Portugal has increased in the last years and had
a tendency to increment. However, this is not al-
ways reflected in a good life quality in the last years
of life. This can be explained by the fact that
while severe infectious diseases are being increas-
ingly fought, the number of chronic conditions in-
creases. Having this is fundamental to study tech-
niques to improve life quality especially concerning
diseases that do not kill but deteriorate the human
body causing pain and impair quality of life with
the evolution of the disease. One of this chronic
diseases is rheumatoid arthritis (RA), which is go-
ing to be the focus of this report.

RA is defined by pain and reduction in a scope
of movements, and it can affect several areas of the
musculoskeletal system. In some conditions exist
signs of inflammation, e.g. redness, swelling and
warmth which can affect the internal organs [5].
When not adequately treated, the majority of daily

activities such as cooking, climbing stairs or walk-
ing are affected. This disease has a severe effect on
work capability, being the most significant cause of
sick leave and premature retirement [5].

Long-term outcome in patients with RA disease
is highly dependent upon an aggressive pharma-
cological control of inflammation early in the dis-
ease course. Although the concerns of selecting
the best biologic treatment, nowadays there is no
reliable biomarker predictor of drug treatment re-
sponse. One consequence to avoid is the irreversible
joint destruction while a physician searches for an
effective drug. Some studies are being done in the
area, investigating the possibility of adapting the
drugs to the patient on an early stage [12].

In Portugal, the Portuguese Society of Rheuma-
tology (SPR) developed a database in 2008, the
Rheumatic Diseases Portuguese Register (RNDR),
available at Reuma.pt [20]. This database only
has patients who started the biologic treatments,
and these treatments are only started when the
synthetic disease modifying anti-rheumatic drugs
(DMARDs) stop working, however, although the
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register is recent, contains enough data of lifestyle
habits, disease activity and functional assessment
scores, previous and current therapies and labo-
ratory measurements registered at each visit. Af-
ter some transformations, in order to represent the
database in a time series format, some patterns and
correlations were developed, making possible the
forecast of essential features such as medication or
health improvement.

The goal of this work is to investigate the corre-
lation between the factors described before and the
response code to a biologic treatment of the patient
during follow-up. It is planned to compare differ-
ent classification methods, in order to evaluate the
adequate model to the database. It’s also intended
to analyse which features have the most impact in
determining the response code of a patient to a bi-
ologic treatment.

This is a pioneer work in this field, opening new
possibilities in the field of precision medicine. For
example, the study of the best biologic treatment
for each patient, according to its habits, age, gen-
der, and other covariates related to the disease.

This thesis contributes to the development of an
algorithm that pre-process the database and clas-
sify treatment outcome [3]. Besides, the ability to
predict treatment outcome at 24 months from the
6th-month medical appointment with an average
accuracy of 65%.

In addition, is being envisaged to be submitted,
in an international journal or conference, an article
to provide these results to the scientific community.

2. Data Mining

Data mining, which is the process of identifying pat-
terns in large databases, is being widely used to un-
derstand, analyze, and be able to extract informa-
tion. This chapter will analyze the data comprised
int Reuma.pt with the tools to unveil information
from it.

There are many areas in which TS (TS) can
occur naturally such as finance, economics and
medicine. A TS is a series of observations,
xi(t); [i = 1, ..., n; t = 1, ...,m], made sequentially
through time where i indexes the measurements
made at each time point t [21]. When the value
of n is equal to 1, the TS is called univariate, oth-
erwise, is considered a multivariate TS (MTS).

2.1. Data Summarization

Summarization represents a TS through its global
characteristics. When applied, it is common to use
more than one summarization technique to repre-
sent it, resulting in the creation of a feature vector
that contains several global characteristics of the
TS [16].

Some of the characteristics used are related to
statistical measures very recognized. The mean,
also known as the first moment, represents the av-
erage of a TS. The median represents the central
value in an ordered set of TS. The mode represents
only the most common value in a TS. Finally, the
variance, also known as the second moment, rep-
resents the amount of variation of the TS around
the mean value.

The fractal dimension was first presented in
1982 [14] and there are several ways of calculat-
ing the fractal dimension of a curve and the one
presented here utilizes the variance of the TS as
a measure of self-similarity. However, the variance
formula has some changes in order to be applied to
the fractal dimension. Thus, the variance is given
by

V ar =

N(d)∑
i=1

(x(ti)− x(ti + d))2

2N(d)
, (1)

where x(ti) is the value of a TS at time ti, x(ti +d)
is a point of the TS with distance d from ti and
N(d) is the number of all points on the TS with
distance d.

After that, a graph of the log of variance versus
the log of the distance is plotted to obtain the TS
semi-variogram. Therefore, the fractal dimension,
FD, is estimated by

FD =
4− s

2
, (2)

where s is the slope of the semi-variogram.
The run-length can be defined as a sequence of

consecutive values that have the same value. From
this, a matrix can be constructed where each ele-
ment, r(i, j), indicates that level i has a run-length
of length j. From the run-length matrix, some
measures can lead to short-run length and long-run
length parameters.

The Short Run-Length has a significant focus
on short run-lengths and when it has high values,
indicates the presence of short run-lengths. It can
be defined as

SRE =

NL∑
i=1

NR∑
j=1

r(i,j)
j2

NL∑
i=1

NR∑
j=1

r(i, j)

, (3)

where NL is the number of values in the TS, NR
is the number of run-lengths, and r(i, j) is the run-
length for value i and level j.

The Long Run-Length has focused on long run-
lengths, and high values in this parameter indicate
the presence of long run-lengths. Therefore, this
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new metric can be defined as

LRE =

NL∑
i=1

NR∑
j=1

j2 · r(i, j)

NL∑
i=1

NR∑
j=1

r(i, j)

. (4)

A histogram is a graph that shows the fre-
quency, that is, the occurrence number for each
value in the TS. Given this representation and con-
sidering that the histogram has M values, with µ as
mean and f(m) as the frequency of the m-th level, a
TS can be characterized by the following statistical
measures:

Skewness measures the asymmetry of the his-
togram form and can be defined by

sk =

M∑
m=1

(f(m)− µ)3

Mσ3
, (5)

Kurtosis measures the peakedness of the his-
togram and can be defined by

kur =

M∑
m=1

(f(m)− µ)4

Mσ4
. (6)

2.2. Data Representation

Data representation techniques describe the fea-
tures in other formats [16]. Then, in this chapter
are defined the data representation techniques uti-
lized.

The discrete Fourier transform (DFT) has
the ability to represent the TS in the frequency do-
main.

The wavelet transform uses functions known as
wavelets that allow the location of the TS in fre-
quency and space. The discrete wavelet trans-
form (DWT) is a discretized version of a wavelet.

The Piecewise Aggregate Composition
(PAA) can substantially reduce the dimensional-
ity of the TS by dividing the series into segments
of equal size where they are replaced by the mean
value of the segment. Then, these mean values are
grouped into a vector that becomes the segment
signature.

Taking into consideration the PAA, it is possi-
ble after this result to discretize the same using an
alphabet of strings. Symbolic Aggregate Ap-
proximation (SAX) produces symbols with equal
probability because, knowing that a normalized TS
has a Gaussian distribution, it is possible to divide
into areas of the same size.

Shape Definition Language (SDL) represents
the TS through the changes that exist in its shape
over time. The SDL vocabulary is {Up, up, stable,
zero, down, Down}.

Clipping transforms a TS into a series of bits,
taking into account the average value of the series.
If the value is higher than the average, this value is
replaced by 1 and if it is lower, it is replaced by 0.

2.3. Feature Selection

Features can also be called attributes, properties or
characteristics, where each of them describes an in-
stance (case, example or record) [13]. Feature selec-
tion aims at reducing the subset of features. First,
it may be desired to improve performance (learning
speed, predictive accuracy). It may be desired to
visualize the data in a different way to choose the
model to be used and, finally, to reduce dimension-
ality and remove noise. In this way, feature selec-
tion can be defined as the process that chooses an
optimal subset of features according to a specified
criterion [13].

2.4. Predictive Models

Predictive models are fundamental in the data min-
ing process because they are the ones that allow the
application of classification tasks to the database.
One will introduce the different classification tech-
niques used.

The Logistic got its name because of the func-
tion that governs it. The Logistic function, also
known as a sigmoid function, was developed by
statisticians to describe the growth of a popula-
tion. From this function, the Logistic regression
was developed in 1958 [22] where the input values
are combined with coefficients to predict the output
value.

The Support Vector Machine (SVM) is a re-
cent new statistical learning theory that has been
receiving increasing attention for classification and
forecasting[2]. One of the objectives of SVM is to
find a rule which selects some particular subset of
training data, also known as support vectors.

The goal is to find a function f(x) that has at
most an error, ε, from the obtained targets yi from
all the training data, and at the same time, is as
flat as possible. In other words, errors are ignored
as long as they are less than ε, but any deviation
more massive than this should not be accepted [19].

A Bayesian Network (BN) assigns probability
factors to various results based on an analysis of a
set of input data. Like many other Machine Learn-
ing algorithms, a BN is taught using training data.
Once trained, a BN can be queried to make predic-
tions about new data that was not represented by
the training set.

From BN is possible to obtain a BN classifier
and one of the most efficient classifiers in practice,
Naive Bayes (NB) classifier [8, 18]. The NB is a
BN classifier were each attribute has only the class
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attribute as a parent. NB is based on the condi-
tional class independence, and due to its fixed graph
structure, the computational process does not have
expensive as when compared to the BN classifier.

Finally, decisions trees (DT) are data struc-
tures, in a tree form together with the rules to
make predictions. The internal nodes compose
these structures, reflecting the attribute, the leaf
nodes that represent the classes [15]. J48 and Ran-
dom Forest are some decisions tree vastly applied
in the literature.

J48, an improved version of the C4.5 decision
tree, generates a pruned or un-pruned C4.5 decision
tree [15]. Random Forest, by another hand, is an
ensemble learning algorithm [9]. The ensemble clas-
sifiers are based on the principle that a set of clas-
sifiers perform better than an individual one. Ran-
dom Forest has the advantage of running efficiently
on large databases and can handle thousands of in-
puts variables without deleting them. This method
applied a combination of classifiers, and each clas-
sifier infer a vote for the selection of the most voted
class [9].

3. Reuma.pt database

The object of study of this thesis is the Reuma.pt
database [20]. The patient’s record come from two
health centres in Portugal. There are a total of 424
patients in the database, and all of them were di-
agnosed with RA. However, this database only has
patients who started the biologic treatments, and
these treatments are only started when conventional
treatments stop working. Thus, it can exist a gap
between the detection of the disease and the begin-
ning of the biologic treatment.

3.1. Dataset description

The data consists of lifestyle habits, disease activity,
functional assessment scores, previous and current
therapies, laboratory measurements and response
to biologic treatment, registered at each visit. This
data is known as panel data, where each patient
has more than one record during the follow-up pe-
riod. In addition, a patient can switch between
available biologic therapies during this follow-up pe-
riod. Having this, the database is composed of the
number of instances and attributes present in Table
3.1. It is clear that even though only 424 patients
are present in the database, the number of instances
exceeds highly this value due to the data format.

Considering static data (does not change during
follow-up) and dynamic data (may change during
follow-up), one presents in Table 2 the number of
nominal and numerical attributes for both static
and dynamic data. One concludes that the number
of static attributes is much lower than the number

Table 1: Number of instances and attributes in the
database.

Instances Attributes

9305 433

of dynamic attributes and that mainly the static
data is composed of nominal attributes as opposed
to the dynamic data, mostly composed of numerical
data.

Table 2: Number of nominal and numerical at-
tributes.

Static Dynamic

Nominal 24 4

Numerical 16 289

Total 433

More than 400 features are recorded in the
database. Some of these records are taken by apply-
ing some questions to the patient or are the result
of laboratory measures, but others are the result of
some mathematical equations based on the patient
data. These calculations are relevant to the study
of the response to the biologic treatment since its
result can define the continuation or abandonment
of treatment.

The Disease Activity Score 28 (DAS28) [1] is
present in the dataset and is a system developed
and validated by the European League Against
Rheumatism (EULAR) to measure the progress and
improvement of RA. Number 28 is a subset of a to-
tal of 75 joints that have been shown to be most
relevant in RA assessment. DAS28 is calculated as:

DAS28 = 0.56 ·
√
t28 + 0.28 ·

√
s28 + (7)

0.70 · ln(ESR) + 0.014 · SA

where t28 is the number of tender joints, s28 the
number of swollen joints, the ESR the measured
erythrocyte sedimentation rate (ESR) and SA the
subjective assessment of disease activity by the pa-
tient.

The values resulted from this score range from 2
to 10, where higher values mean a higher disease ac-
tivity and where a value below 2.6 means a disease
remission. From the comparison with the value of
DAS28 from the first appointment, a response cri-
terion was developed by EULAR (Table 3).

To consider that a patient has a good response
to the treatment, the DAS28 score at a certain ap-
pointment has to be less or equal than the value of
3.2, and the difference between this value and the
DAS28 score from the beginning of the treatment
has to be higher than 1.2.
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Table 3: EULAR Response Criteria.

Improvement

Current > 1.2 ]0.6, 1.2] ≤ 0.6

≤ 3.2 yes moderate no

]3.2, 5.1] moderate moderate no

> 5.1 moderate no no

3.2. Dataset processing

In order to make possible the forecasting study,
some changes needed to be made to the dataset.
One represents in Figure 1 the process of modifying
the database, in order to originate new files.

Figure 1: Processing of data.

First, static and dynamic data were separated
into different sheets in order to preprocess the fea-
tures which change over time. This new dataset,
with split data, is now represented as ReumaA.
After that, since this file was still not enough to per-
form classification tasks, the transformation from
panel data to one line per patient per biologic were
made that gave rise to the ReumaB dataset. How-
ever, there were many missing values, creating the
need to apply imputation methods, originating the
dataset ReumaBImp. Finally, with these two
datasets, the files for classification were created.

Concerning the transformation process, one
presents in Table 4 the number of instances and
attributes in the ReumaB dataset.

Table 4: Number of instances and attributes in the
ReumaB dataset.

Static Dynamic

Instances 719
Attributes 40 293

One draws from Table 4 that there was a 92% re-
duction in the number of instances, these files hav-
ing only 719 instances. This value is not 424, the
total number of patients, because there are patients
who have a record of taking several biologic and, in
these files, each line represents the biologic and pa-
tient combination.

However, not all sheets contained information be-
cause the longer the time series, the smaller the
number of series present. In order to simplify the
dataset, only lengths up to 24 months were consid-
ered, due to the small number of time series from

this value. Thus, the ReumaB data resulted in the
configuration present in Table 5.

Table 5: Sheets present in dataset ReumaB.

Static 0 3 6 12 18 24

Having this, the ReumaB contains seven differ-
ent sheets, wherein the first it is possible to access
all the static data of the patients. The remaining
six sheets present the information related to the ap-
pointments segmented by the different months up
to a maximum of 24 months. Each of these sheets
represents a subset of the data and are named Ti,
where i = 0, 3, 6, 12, 18, 24 is the corresponding time
point.

Note that all these sheets have the same number
of rows, where each row displays the information
per patient and biologic. When there is no infor-
mation for the respective month about the patient,
these lines are blank.

However, this file is not yet capable of performing
any classification in order to forecast the response
to the biologic treatment. The EULAR response
criteria is the base of classification and the class to
be forecast but first a transformation from EULAR
response code to class code needed to be made. One
can find the transformation on Table 6. So, in the
last column of file ReumaB will be present a class
of response code for each time series.

Table 6: Transformation of Eular response code in
ReumaB.

no moderate yes

C0 C1 C2

Afterward, the ReumaBImp dataset was cre-
ated after performing longitudinal imputation to
ReumaB dataset.

The question that follows is how many and what
data to put on this new files in order to get the best
classification results. For this, several types of files
were made, with different compositions in order to
perceive later what would be the best case.

The first files to be created were composed of all
the data of month 0 and all the data of another
month, having several possibilities, and containing
in the last column the response code to the biologic
treatment. The first time point (t.p.) will always
be 0 due to the EULAR response criteria need of
DAS28 value at the initial time point (t.p.). One
represents in Table 7 all the possible combinations
used to create the TS data files.

One draws from Table 7 that 20 different files
were created to perform classification. Each file has
the following composition, 0-A:B, where 0 is the
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Table 7: Combinations of data used to create time
series data files.

1st t.p. 2nd t.p. Response code

0

0 3, 6, 12, 18, 24

3 3, 6, 12, 18, 24

6 6, 12, 18, 24

12 12, 18, 24

18 18, 24

24 24

first time-point, A the second, and B the class to
predict. For instance, 0-3:6 means that all features
from T0 and T3 were used to predict the EULAR
response 6 months after the beginning of the treat-
ment.

Then, the data were transformed to obtain other
datasets with information on the time series. The
methods used for these transformations were data
summarization (DS) and data representation (DR)
and their compositions are present in Table 8.

Table 8: Combinations of data used to data sum-
marization and representation calculations.

TS considered Response code

{ T0, T3 } 3, 6, 12, 18, 24

{ T0, T3, T6 } 6, 12, 18, 24

{ T0, T3, T6, T12} 12, 18, 24

{ T0, T3, T6, T12, T18 } 18, 24

{ T0, T3, T6, T12, T18, T24 } 24

From Table 8 it is possible to extract that for
each method (summarization and representation)
15 different files are created. Another factor to note
is that to calculate these parameters for each fea-
ture, a minimum of two points is required to be
considered as a time series. However, the notation
to represent each file maintains, for instance, 0:12-
18 means that the time series T = {T0, T3, T6, T12}
was used to predict the EULAR response 18 months
after the beginning of the treatment.

Note that Tables 7 and 8 represent the creation
of files for classification tasks. In this way, knowing
that for the study are being used two databases,
ReumaB and ReumaBImp, we will have in total
to carry out our study the number of files present
in Table 9.

Table 9: Total number of files created.
TS DS DR

ReumaB 20 15 15

ReumaBImp 20 15 15

Total per composition 40 30 30

Total 100

Thus, 100 different files were obtained to perform

classification and, with this, to find out which one
can more accurately predict the response code of
the patient to the biologic treatment.

3.3. Data treatment on WEKA

Having the files ready, the next step is to use the
WEKA software [10] to perform the comparison
of various classification methods. However, before
doing so, some tools inherent in the software will
be considered and will improve performance at the
time of implementation.

One of the tools used was the Synthetic Minor-
ity Over-sampling Technique (SMOTE) [4]. This
allows balancing classes so that they have all the
same weight within classifiers.

In WEKA this process is performed taking into
account the members of each class, that is, if ele-
ments are added to a class, they will be coherent
with those that already belong to the class.

Another crucial task before classification is dis-
cretization. Discretization is an instance filter that
discretizes a range of numeric attributes in the
dataset into nominal attributes. To do so, one uses
supervised discretization based on the Fayyad and
Irani method [6]; in some classification methods,
this task is mandatory.

Concerning the feature selection filter used from
WEKA, the parameters considered for the filter
were the Correlation-based Feature Subset Selec-
tion Evaluator (CfsSubsetEval) [11] as a attribute
evaluator and as the search method used, the best-
first search strategy to navigate attribute subsets
[17] (c.f. Section 2.3).

Having this, six methods will be applied to the
files created from ReumaB and ReumaBImp
datasets. One presents in Table 10 the classifiers
used to perform classification tasks.

Table 10: Classifiers used in the experiments.
Classifier Nomenclature WEKA

BN BayesNet BayesNet
NBs NaiveBayes NaiveBayes
Logistic Logistic Logistic

SVM SMO
SMO with
PolyKernel (E=1)

DT
J48 J48
RandomForest RandomForest

Afterward, and with the tools presented previ-
ously, the schema present in Figure 2 will be used
to perform classification tasks. Note that SMOTE,
discretization and feature selection are optional so
one can create several distinct schema combina-
tions.

Having this, the different combinations are using:
SMOTE and discretization, discretization or none.
After that, the resulted dataset can only undergo
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Figure 2: Steps to perform classification tasks.

classification tasks to discover their accuracy or ap-
ply a feature selection filter before performing these
tasks.

4. Results

This chapter will present the main results for the
three case studies: TS, DS and DR. Afterward, the
conclusions of the study will be presented.

4.1. Time Series Data

First, starting with TS data files, for the combina-
tion of files per dataset, the average accuracy ob-
tained for the classification methods is present in
Table 11.

Table 11: Analysis of average accuracy per method
in ReumaB and ReumaBImp datasets for TS
files.

ReumaB ReumaBImp

NaiveBayes 65.39 64.68
BayesNet 64.52 64.60
Logistic 61.50 62.15
SMO 67.56 66.93
J48 65.30 65.54
RandomForest 65.24 66.53

One draws from Table 11 that the method with
best value in average of accuracy is for the SMO.
However, the ReumaB dataset is the best dataset
because it has the highest value of performance,
considering the average accuracy as measure. Af-
terward, feature selection were applied to the TS
files for both datasets. One presents in Table 12
the classification results.

Table 12: Analysis of average accuracy per method
in ReumaB and ReumaBImp datasets after fea-
ture selection for TS files.

ReumaB ReumaBImp

NaiveBayes 68.96 70.04
BayesNet 68.14 69.85
Logistic 67.83 69.54
SMO 67.78 70.13
J48 66.56 67.28
RandomForest 65.88 68.08

It is notable that the feature selection increases
the classification results in all methods. Consider-
ing the same choice measure, the best dataset is
ReumaBImp with SMO classifier.

4.2. Data Summarization

Concerning DS files, the same results were consid-
ered. One presents in Table 13 the classification
results for the DS files in both datasets.

Table 13: Analysis of average accuracy per method
in ReumaB and ReumaBImp datasets for DS
files.

ReumaB ReumaBImp

NaiveBayes 66.53 66.92
BayesNet 65.91 66.84
Logistic 59.35 61.02
SMO 67.35 68.12
J48 65.25 67.13
RandomForest 68.63 70.12

Comparing with the previous section, the results
are similar; however, values below 60% are reached
and the method with the best average accuracy is
RandomForest, for both datasets.

One presents in Table 14 the same results after
applying feature selection. All methods improve its
performance; for RandomForest its the opposite, for
both datasets the performance is lower with feature
selection. Another factor to note is the majority of
values higher than 70% average accuracy reached
by the ReumaBImp dataset.

Table 14: Analysis of average accuracy per method
in ReumaB and ReumaBImp datasets after fea-
ture selection for DS files.

ReumaB ReumaBImp

NaiveBayes 70.02 70.40
BayesNet 69.88 70.45
Logistic 69.86 71.53
SMO 69.69 70.99
J48 66.78 69.67
RandomForest 67.66 69.81

4.3. Data Representation

Finally, considering the DR files, in Table 15
the values of average accuracy for both datasets,
ReumaB and ReumaBImp, are presented. The
Logistic classifier was not considered due to pro-
cessing limitations.

Table 15: Analysis of average accuracy per method
in ReumaB and ReumaBImp datasets for DR
files.

ReumaB ReumaBImp

NaiveBayes 62.89 67.60
BayesNet 61.96 67.72
SMO 65.71 73.39
J48 57.46 68.27
RandomForest 61.97 68.53

One extract from Table 15 that as in previous
section, some values are below 60% accuracy. Con-
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cerning the best method, with the best average ac-
curacy, the SMO classifier is the one with highest
values for both datasets. Afterward, feature selec-
tion was applied to the datasets, presenting in Table
16 the classification results.

Table 16: Analysis of average accuracy per method
in ReumaB and ReumaBImp datasets after fea-
ture selection for DR files.

ReumaB ReumaBImp

NaiveBayes 70.66 77.58
BayesNet 68.83 77.60
SMO 69.18 77.88
J48 57.47 71.58
RandomForest 64.30 74.15

From Table 16, one can conclude that for
the ReumaBImp the values obtained are always
higher than 70% for all classification methods.

4.4. Conclusions

Due to the amount of information, a summary of
the obtained results is developed in this section.
First, the methods that obtained the best accuracy
had to be collected. However, only ReumaBImp
dataset was considered, since this was the one that
obtained the best results in the majority of the case
studies.

One presents in Table 17 the best methods for
the case study without feature selection. It is noto-
rious that the best method, with the best average
accuracy, was the SMO classifier with DR files. In
Table 18 is present the same comparison but in the
case of usage of feature selection.

Table 17: Comparison between the best results
of the case studies used with the ReumaBImp
dataset without feature selection.

TS DS DR

SMO RandomForest SMO

Average [%] 66.93 70.12 73.39

Table 18: Comparison between the best results
of the case studies used with the ReumaBImp
dataset with feature selection.

TS DS DR

SMO NaiveBayes SMO

Average [%] 70.13 71.53 77.88

It is clear that, as was shown earlier, the worst
case study is with the TS files without feature se-
lection. In addition, it is unquestionable that the
best case study is the one that has as processing the
DR methods followed by feature selection due to a
77.88% average accuracy. However, it is important

to verify with another evaluation measure. For that
purpose, an analysis of the values of F-measure was
developed.

One concluded that the best classification results
are always present when one tries to predict the re-
sponse code of month B with the data from that
month (A=B). However, when A is further away
from B in time results become less accurate an this
can also be proven true in the results of F-measure.
However, given some focus to the non-responder
class, one concluded that this class had almost al-
ways higher valuer than the other classes.

Whereas the improvement in the results it is very
significant to study the selection of features. For
the three case studies, the features related with the
result of DAS28 and EULAR criteria are present,
demonstrating its importance. Furthermore, in two
case studies, are present the features representing
the values of some components of DAS28, as well
as the feature that indicates if biologic treatment,
Tocilizumab, is prescribed. Having this, afterward,
was developed a study about Tocilizumab therapy.

One concluded after an analysis of the effect of
Tocilizumab in the response code that at 3 months
of follow-up if the patient is being treated with
Tocilizumab, the percentage of responder patients
is lower. However, when comparing to the cases in
which the patient is taking the medicine, the num-
ber of C0 response code is even lower. In fact, this
behaviour is more notorious in the next months,
where when it is prescribed Tocilizumab there is
a large number of responder patients, a fact also
proved in [7]. Combining these conclusions with
the fact that the algorithms consider this an impor-
tant attribute, it may indicate that this drug plays
an essential role in the positive evolution of the dis-
ease. This should be further investigated from a
clinical point of view.

However, from the analysis of feature selection
can be taken other conclusions. First, it takes very
few features, compared to the initial dataset, to get
good results. This fact is elicited in the previous
subchapters where after a reduction of 96% in the
dimensionality, the performance increases.

Since this is a study with a strong biomedical
presence, there are some characteristics that, even
though they are not linked to the performance of
the algorithm, their study can be significant. One
presents in Table 19 and 20 the study developed
about the best month to predict the response code.
All options are concerning the response code after
24 months of follow-up.

It is noticeable that for all case studies the month
6 is the best month in all of them, with an accuracy
between 60 and 70%, with the exception of DR after
feature selection where after 3 months is as accurate
as later on to predict. However, it is important to
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Table 19: Best month for all case studies without
feature selection.

Month Accuracy [%]

TS 6 65

DS 6 65

DR 6 60

Table 20: Best month for all case studies with fea-
ture selection.

Month Accuracy [%]

TS 6 65

DS 6 70

DR 3 65

verify, as before, with another evaluation measure
how well behaves the classification methods. One
presents in Figure 3 the confusion matrixes for the
best-performing methods at the month considered
in Table 19 for each case study: NaiveBayes for
TS, RandomForest for DS and NaiveBayes again
for DR.

(a) Confusion Matrix for
T0:6-24 file applying
NaiveBayes at TS dataset.

(b) Confusion Matrix for
T0:6-24 file applying
NaiveBayes at TS dataset
with feature selection.

(c) Confusion Matrix for
T0:6-24 file applying Ran-
domForest at DS dataset.

(d) Confusion Matrix for
T0:6-24 file applying Ran-
domForest at DS dataset
with feature selection.

(e) Confusion Matrix for
T0:6-24 file applying
NaiveBayes at DR dataset.

(f) Confusion Matrix for
T0:3-24 file applying
NaiveBayes at DR dataset
with feature selection.

Figure 3: Comparison between confusion matrixes
with feature selection.

First, one draws from Figure 3 that for all cases
the higher values are present in the diagonal of the
confusion matrix. This indicates that the models
correctly classify the majority of patients response.
However, there is in all cases a number of erro-
neously classified patients. The best method is the
method with lower values outside the diagonal.

Having this, one concludes from Figure 3 that

from the methods presented, considering the con-
fusion matrix, the best method is RandomForest
when applied to DS files achieving the highest val-
ues in the diagonal, well classifying the three classes.
Nevertheless, given importance and focus to the C0
class, the best method classifying it is NaiveBayes
applied to the TS files. It is also important to note
that only 3 months of follow-up with NaiveBayes
method applied to DR dataset the confusion ma-
trix has values that, are not as good as the previous
method, but are also very good.

5. Conclusions

The main goal of this master thesis is the analysis of
the Reuma.pt database [20] in order to predict the
response code of a patient to a biologic treatment.
This is a pioneer study on this database, and, re-
garding that fact, the database was in need of plenty
of processing. After this work, an understanding of
the database is richer leading to new possibilities
and approaches to studies in the area. Nonetheless,
this thesis relies on the importance of some features
in the forecasting process. One concludes that the
most important features are always related to the
calculation of DAS28 and DAS28 itself, with the
exception of the feature related to the Tocilizumab
therapy indicator and some painful joints. Another
relevant factor is the use of data representation and
data summarization, in a different perspective from
the literature, and achieving good results.

As a global conclusion of this thesis, one can af-
firm that the results are better with ReumaBImp
dataset, after applying the feature selection. An-
other factor that can be extracted from the study
of the F-measure is that the lowest value is always
in the class C1, corresponding to be a moderate re-
sponder. This result is intended since one wants the
higher values of F-measure in the extremes, C0 and
C2. Concerning the more relevant features, besides
the ones related to the EULAR response criteria,
and highlighting the indicator of the Tocilizumab
therapy, one concludes that when this feature has
the value 1, a large number of the patients belongs
to the C2 class. This shows that this feature can
be highly related to the response code, as seen in
literature [7]. Concerning the best month study to
predict, all methods achieved an accuracy higher
than 60%, and one concludes that after analyzing
the confusion matrix, the method with the best
performance is the RandomForest applied to the
data summarization dataset without feature selec-
tion. Finally, some graphs of the J48 classification
method are presented, and it is visible the appear-
ance of some painful and tumefact joints in the ob-
taining of the response code.

Despite the fact that these conclusions are not
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supported with statistical measures, one can affirm
that the use of SMOTE and discretization improved
the results, and their consideration is essential. Be-
sides the use of data representation and data sum-
marization with a different approach lead to bet-
ter classification results in average. This fact needs
to be considered future work, due to its innovative
approach and good conclusions. Lastly, reinforcing
the idea that this thesis is an exploratory study, the
conclusions obtained can lead to different ranges of
scientific work.

Having this, some improvements could be made
to the study, such as the use of other parameters
like a different kernel in SVM. Another improve-
ment is the reduction of the number of files in order
to obtain a more concise study. Furthermore, due
to the meritorious results obtained for DS and DR,
the combination of these two methods could be de-
veloped. Finally, a statistical analysis should have
been applied to prove which method performs bet-
ter in all parameters.

Regarding the future work, considering this thesis
as a pioneer work, many different paths of investiga-
tion could be applied. However, the work developed
in the processing of the database and the selection
of some features relevant to the forecasting of the re-
sponse code it is a helpful start for any future work.
This is explained by the enormous reduction in the
number of missing values, which is the biggest prob-
lem of data mining processes. Further, in this study
was already possible to find classification methods
that at the 6th-month of follow-up of the patient,
can forecast with a 70% of accuracy the response
code of the same patient at the 24th-month, giving
to the community an tool to help in the course of
biologic treatment.
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