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Abstract. Unlike the primary condition under investigation, the term
comorbidities define coexisting medical conditions that influence patient
care during detection, therapy, and outcome. Tuberculosis continues to
be one of the 10 leading causes of death globally. The aim of the study is
to present the exploration of classic data mining techniques to find rela-
tionships between the outcome of TB cases (cure or death) and the co-
morbidities presented by the patient. The data are provided by TBWEB
and represent TB cases in the territory of the state of São Paulo-Brazil,
from 2006 to 2016. Techniques of feature selection and classification mod-
els were explored. As shown in the results, it was found high relevance
for AIDS and alcoholism as comorbidities in the outcome of TB cases.
Although the classifier performance did not present a significant statis-
tical difference, there was a great reduction in the number of attributes
and in the number of rules generated, showing, even more, the high rel-
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evance of the attributes: age group, AIDS, and other immunology in
the classification of the outcome of TB cases. The explored techniques
proved to be promising to support searching for unclear relationships in
the TB context, providing, on average, a 73% accuracy in predicting the
outcome of the cases according to characteristics that were analyzed.

Keywords: Comorbidity · Data Mining · Knowledge Discovery · Public
Health · Tuberculosis

1 Background

Tuberculosis (TB) is an infectious disease caused by a mycobacterium that
mainly affects the lungs but can also appear in other organs of the body, such
as bones, kidneys, and meninges (membranes that involve the brain). The infec-
tion has been treated for years as a public health problem and it has been the
focus of many types of research. Besides the efforts, TB is still one of the main
causes of death among infectious diseases, being the most important single infec-
tious agent for mortality worldwide [27]. The problem is that TB compromises
the patient’s immune system, making them more susceptible to other diseases.
Moreover, without adequate treatment, it might progress to more serious condi-
tions as well as allowing for the development of drug resistance [8].

As mentioned before, TB is dangerous due to the ability to weaken the im-
mune system, turning the body susceptible to other diseases. The term comor-
bidities define coexisting medical conditions, distinct from the primary condition
under investigation, that influences patient care during detection, therapy, and
outcome. The study of comorbidities associated with TB is extremely important
to raise hypotheses about the relationship of other nosologies with the disease
in order to help prevent and treat these patients [5].

1.1 The TB scenario in Brazil and in the world

Tuberculosis continues to be one of the 10 leading causes of death globally nowa-
days. Since 1997, the World Health Organization (WHO) has been monitoring
tuberculosis cases annually. It is estimated that TB caused 1.5 million deaths in
2020, including 208.000 deaths among HIV-positive people. Most of these cases
occurred in emerging or underdeveloped countries. The combination of social
and economic factors has contributed greatly to the reduction of these rates
since effective treatment for TB already exists [27].

In Brazil, there are approximately 70,000 new TB cases per year, and it is
one of the countries most affected by this issue [16]. Annually, the decrease in
TB incidence does not exceed 2% while the ideal would be approximately 8%,
to reach the goal of eliminating tuberculosis as a public health problem in Brazil
[19]. In addition, treatment indicators do not reach 75% of cases depending on
the region. Adherence to treatment is important because default contributes to
disease transmission. According to the recommendation of the Brazilian Min-
istry of Health, cure rates below the 85% target and default rates above 5%
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demonstrate the need to increase the quality of treatment coverage [10, 20]. All
these conditions increase the vulnerability of Brazilian patients to be affected
by comorbidities in TB and enhance the continuous necessity of research in this
area.

1.2 The comorbidities in TB cases

The concern around the disease is even more relevant since TB shares socio-
economic determinants with several other diseases. Thus, there are many studies
that map the role of comorbidities in patients with tuberculosis [26]. Some of
the tuberculosis-related comorbidities include HIV, diabetes, alcoholism, and
drug addiction. The probability of developing TB disease is much higher among
people infected with HIV and affected by risk factors such as diabetes, smoking,
and alcohol consumption [21].

The relation between TB and HIV is one of the most studied topics in this
context. Tuberculosis is one of the most common diseases among people with
HIV, although the physical pathogenesis of TB acting as an immunosuppressant
is not yet established. An HIV patient is 16 to 27 times more likely to develop TB
than a person without HIV [12]. In the case of diabetes, the same relationship
exists. Diabetes triples the risk of TB. This problem is still greater in emerging
countries because of the increasing number of diabetes cases when compared to
developed countries [11].

There is also evidence of alcohol use and the increased risk of developing
tuberculosis. This risk increases in the case of alcoholic patients and/or people
who drink more than 40g of alcohol per day [22]. Patients with TB also have
conditions related to smoking. Population with a high smoking rate also presents
a higher incidence of tuberculosis since it increases the risk of developing 2 to
3 folds [26]. In the case of drug abuse, users are considered risk groups for TB.
This relationship has already been identified in several countries. One of the
major problems associated with TB and drug abuse is treatment default [4].

1.3 Objectives

In the attempt to improve the knowledge about the patterns in TB, this article
uses the power of data mining techniques to analyze the relationship among
comorbidities and the final outcome (cure or death) in cases of tuberculosis.

2 Methods

In order to continue the study and to understand even more the relationship
between TB and its related comorbidities, this work uses the power of machine
learning (ML) techniques to statistically find the main aspects that can deal to
cure or death in a case of TB. To summary the approach applied in the study,
Figure 1 presents the general steps of the research.

The data mining experiments were performed in three main steps (shown in
Figure 1 as 2a, 2b, and 2c). Each step of Figure 1 is detailed as follows:
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Fig. 1. Overview of methods.

1. DATA: The data used is provided by the Notification and Monitoring Sys-
tem of Tuberculosis of the Health Secretariat - São Paulo State Government
(TBWeb) [2]. The database contains confirmed cases of tuberculosis in the
territory of the state of São Paulo, from 2006 to 2016. In this step, a descrip-
tive analysis of the data was explored.

2A. The key point of this step is to improve the representation and quality of
raw data to provide effective analysis [25]. Two activities were explored in
this step: class balancing and feature selection (FS).
1. For class balancing, the method of sub-samples was applied to achieve

equality in the number of instances for each class available in the set.
This is a prime step in the process of knowledge discovery. The selected
examples are the most relevant of the set, this is, the not selected exam-
ples are those with repeated or with little information and thus the least
possible impairment in the analyzes.

2. In the FS step, two different studies were evaluated:
i. the use of a filter method that ranks each feature according to a degree

of importance within the database computed by the filter algorithm.
In the experiments, three different methodologies were applied: Cor-
relation analysis (CFS), Information gain analysis (Gain Ratio), and
Chi-square test.

ii. the use of a wrapper method that involves the selection of attributes
based on the classification algorithm to be used [9]. This analysis ex-
plored three algorithms: K-Nearest Neighbor (KNN), Bayesian Net-
work (BN), and Decision Trees (DT).

2B. KDD - PATTERN RECOGNITION: This step aims the application of al-
gorithms for the identification of relations in the data and the construction
of mathematical models based on these relations [25]. Two analysis were
explored in this step:
1. For the FS filter method + rules extraction, three algorithms were ap-

plied: C4.5, PART, and RIPPER.
2. For FS wrapper approaches + classification were applied to the same

algorithms used for the construction of the relationships: KNN, BN, and
DT.

2C. KDD - EVALUATION: The evaluation of the predicted patterns was per-
formed through the accuracy of the exploited algorithms (KNN, BN, and
DT). Accuracy presents the proportion of correct predictions.
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This work is the first contact of the machine learning techniques with this
dataset, which justifies the choice of classical algorithms and highly explored in
the literature as objects of exploration. To initiate the discovery of knowledge
in this context, we used a standard parameterization of the algorithms studied
and the 10-cross-validation technique, to aid in the generalization of the results
[25]. The tools Weka [9], Matlab [15], Python language [24] provided support in
activities.

3 Results and Discussion

3.1 Data Characterization

The data set consists of 172,474 TB cases presented through 15 features (8
general features and 7 features about comorbidities). The general features are:
id; race/color; age group; sex; are you pregnant?; naturalness; education and
type of occupation. The comorbidities features are based on the presence or
absence of AIDS, diabetes, alcoholism, mental disorders, drug addiction, other
immunology, and tobacco use.

Figure 2 shows the distribution of TB cases with related comorbidities accord-
ing to the output. We can observe that, proportionally, AIDS, and alcoholism
are the two comorbidities that have greater cases of death compared to the other
comorbidities.

Fig. 2. Distribution of comorbidities in TB cases.

Figure 3 presents the presence or absence of comorbidities in TB cases, over
the time studied. The first pattern that can be observed in Figures 3(c), 3(e),
and 3(g), starting around 2011, is the increase in the presence of alcohol, drugs,
and tobacco, personal habits that influenced the incidence of TB cases. Two
main classes are found in the TB database: 156,184 (91%) of the cases are cured
and while 16,290 (9%) were deaths (with or without TB as the main cause of
death).
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Fig. 3. Distribution of TB cases with comorbidities according to the outcome.

3.2 Pre-processing

As seen from the description of the classes above, the set is highly unbalanced.
Therefore, the data set was balanced according to the number of instances of
death set, which has lower samples. This resulted in 32,580 records, creating a
50/50 number of samples from each class in the dataset.

Furthermore, as the focus of the study is the relations between comorbidities
and outcome of TB cases, four attributes were excluded from the analysis leaving
us with 11 attributes composed the set for exploration: race/color, age group,
sex, education, AIDS, diabetes, alcoholism, mental disorders, drug addiction,
other immunology, and tobacco use. Feature selection results are to be described
in the analysis sections below.

ICCS Camera Ready Version 2022
To cite this paper please use the final published version:

DOI: 10.1007/978-3-031-08757-8_1

https://dx.doi.org/10.1007/978-3-031-08757-8_1


Knowledge Discovery in Databases: Comorbidities in Tuberculosis Cases 7

3.3 Analysis: FS Filter Method + Rules Extraction

Table 1 presents the most relevant characteristics selected in each FS method
explored. The largest reduction was 73% in the number of attributes, from the
original set to match set, i.e., the set with features selected by all methods.

Table 1. Description of selected characteristics - FS filter methods.

Dataset # Description

CFS 4 age group, AIDS, mental disorders, other immunology
GainRatio 6 age group, education, AIDS, alcoholism, mental disorders, other immunology
ChiSquare 6 age group, sex, education, AIDS, alcoholism, other immunology
Match set 3 age group, AIDS, other immunology

With the analysis of these ranks, a total of five subsets of features were an-
alyzed in a first experiment (including the original set). Notice that age group,
AIDS, and other immunology are presented as main features for all feature se-
lection methods applied, showing the importance of these characteristics. For
quantitative analysis, Table 2 presents the performance (accuracy) of the rule
extraction models applied to the subsets. As presented in the table, one can see
that there is no significant difference between the models, on average, 72% of
correct predictions were maintained.

Table 2. Accuracy - Rule extraction models.

Dataset
Classifier
C4.5 PART RIPPER

Original set 73.06% 72.96% 72.70%
CFS 71.76% 71.71% 70.99%
GainRatio 73.00% 73.21% 72.90%
ChiSquare 73.10% 73.16% 72.73%
Match set 71.83% 71.79% 71.35%

Table 3 shows the number of rules generated in each model and subset ex-
plored. As the objective is to evaluate the relationships among characteristics,
the lower the set of characteristics, without affecting the performance of the
classifier, the better the result. With this exploration, on average, there was an
85% reduction in the number of rules generated in relation to the original set.

Although the classifier performance did not present a significant statistical
difference, there was a great reduction in the number of attributes and in the
number of rules generated, showing, even more, the high relevance of the at-
tributes: age group, AIDS, and other immunology in the classification of the
outcome of TB cases.

The finding of the variable AIDS as relevant comorbidity for the outcome of
cases TB is in agreement with discussions in the literature that directly correlate
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Table 3. Number of generated rules.

Dataset
Classifier
C4.5 PART RIPPER

Original set 135 266 23
CFS 22 19 8
GainRatio 57 49 10
ChiSquare 59 59 16
Match set 19 14 5

the two diseases [18]. TB is one of the most frequent opportunistic diseases in
the HIV-infected patient and there is evidence that it is one of the main causes
associated with death in this population [3].

3.4 Analysis: FS Wrapper approaches + Classification Algorithms

For the second analysis, Table 4 presents the most relevant characteristics se-
lected in each FS wrapper approach. In this case, the largest reduction was 64%
in the number of attributes, from the original set to the match set.

Table 4. Description of selected characteristics - FS wrapper approaches.

Dataset # Description

1NN 6 age group, education, AIDS, alcoholism, mental disorders, other immunology
BN 5 age group, AIDS, alcoholism, mental disorders, other immunology
DT 8 age group, sex, education, AIDS, diabetes, alcoholism, drug addiction, other immunology
Match set 4 age group, AIDS, alcoholism, other immunology

Once more, there was also no significant difference between the models ex-
plored (Table 5), 72% of correct predictions were maintained (on average).

Table 5. Accuracy - Classification models.

Dataset
Classifier
1NN BN DT

Original set 71.92% 72.27% 73.06%

1NN 73.28% 72.23% 73.00%

BN 72.43% 72.38% 72.38%

DT 73.03% 72.34% 73.09%

Match set 72.50% 72.37% 72.43%

However, in this exploration, the alcoholism appears as comorbidity, not men-
tioned until then, was evaluated as an attribute of high relevance for the outcome
of cases TB. The percentage of TB patients who have problems with alcoholism
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ranges from 10% to 50% [22, 14]. Furthermore, studies associate alcoholism with
therapeutic failure, treatment abandonment, and death due to TB [13].

4 Conclusion

As a first approach of the KDD techniques to the Brazilian context of TB, the
analyses performed showed to be promising when assessing the importance of
comorbidities in TB cases. The findings are in agreement with recent studies in
the health literature on TB, where AIDS and alcoholism comorbidities are being
studied as important influencers for the treatment course of TB patients [4].

In future work, we intend to deepen the analyses, investigate the relationships
found, investigate the differences among outcomes: death with main cause TB,
death without main cause of TB, and treatment default, and also apply other
methods of pattern recognition to the data set.

One aspect we intend to apply in this study is to use ontologies to contribute
in every step of the KDD process: data selection, data preprocessing, data trans-
formation, data mining, and interpretation and analysis of results. In the data
selection step, ontologies can help to have a good understanding of the study
domain and the data to be analyzed [1]. Data preprocessing can be done using
restrictions and rules embedded in ontologies [7]. Feature engineering can be
carried on using ontologies through semantic mapping enriching with additional
knowledge [23, 17]. Obtained results can be analyzed using domain-specific on-
tologies. It is also possible to use ontologies to explain the results obtained from
black-box ML algorithms [6].
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