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Abstract 
Introduction: Epidemiological investigations on tuberculosis-diabetes comorbidity using spatial analysis should be encouraged towards a more 
comprehensive view of the health of individuals affected by such comorbidity in different contexts. This study analyzes the territories 
vulnerable to tuberculosis-diabetes comorbidity in a municipality in northeastern Brazil using spatial analysis techniques. 
Methods: An ecological study was carried out in Imperatriz, Maranhão, Brazil. Tuberculosis-diabetes cases reported in the Brazilian Notifiable 
Diseases Information System between 2009 and 2018 were analyzed. Kernel density estimation and spatial scanning techniques were used to 
identify the areas with the greatest occurrence of spatial clusters. 
Results: A heterogeneous spatial distribution was found, ranging from 0.00 to 4.12 cases/km2. The spatial scanning analysis revealed three 
high-risk spatial clusters with statistical significance (p < 0.05), involving eleven strictly urban sectors with a relative risk of 4.00 (95% CI: 
2.60–6.80), 5.10 (95% CI: 2.75–7.30), and 6.10 (95% CI: 3.21–8.92), indicating that the population living in these areas had a high risk of 
tuberculosis-diabetes comorbidity. 
Conclusions: The highest concentration of cases/km², as well as risk clusters, were found in areas with high circulation of people and socio-
economic and environmental vulnerabilities. Such findings reinforce the need for public health interventions to reduce social inequalities. 
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Introduction 

Tuberculosis (TB) and diabetes mellitus (DM) are 
correlated global health problems. Data obtained 
through a systematic review and meta-analysis 
demonstrated that people with DM are 1.5 to 3.5 times 
more likely to develop active TB. This risk varies 
according to the geographical characteristics, type of 
diagnostic approach, and population's income, denoting 
that the DM epidemic may impact the incidence of TB 
worldwide [1]. 

In 2019, about 10 million people suffered from TB 
worldwide; of these, 0.35 million cases were attributed 
to DM [2], and it is assumed that the number of patients 
with TB-DM comorbidity is greater than the number of 

patients with TB and Human Immunodeficiency Virus 
(HIV) [3]. The International Diabetes Federation (IDF) 
has estimated that the number of people living with DM 
worldwide will increase from 463 million in 2019 to 
700 million in 2045 [4], impacting TB morbidity and 
mortality [1]. Therefore, the extent of the DM epidemic 
jeopardizes the overall goal of ending TB by 2050 [4]. 

The TB-DM association became known in the first 
half of the 20th century and had fatal consequences until 
the discovery of insulin and its ability to control glucose 
and the implementation of antibiotics to treat TB [5]. 
However, in recent years, this association has re-
emerged with the rapid growth of the DM epidemic, 
especially in low- and middle-income countries with a 
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slow decline in TB cases, causing important 
repercussions on health systems [5,6]. 

Given the above, the importance of carrying out 
studies to investigate the association between TB-DM 
comorbidity and social and environmental risk factors 
in a given territory is reinforced. Traditional 
epidemiological approaches have limited capacity to fill 
the gaps related to this theme [7,8], requiring new 
approaches such as geoprocessing to understand the 
epidemiological risk factors that involve the 
coexistence of these diseases in certain territories [9]. 

Among the tools used to control comorbidities are 
geographic information systems (GIS), considered 
useful for mapping diseases because they identify social 
and environmental risk factors and susceptible 
populations [10]. Furthermore, these tools use spatial 
analysis techniques and statistical calculations that 
make it possible to detect significant differences 
between spatial patterns and verify whether the cases 
are geographically grouped [11]. 

Over the past decade, there has been significant 
development of techniques to identify spatial clusters of 
diseases. TB [12] and DM [13] have stood out among 
the diseases that have been extensively investigated 
through spatial analysis allowing the identification of 
high-risk areas or clusters. Previous studies have 
identified spatial variations and high-risk areas for TB 
and DM [8,9], but the literature is still scarce 
concerning their comorbidity. 

A review of the sociodemographic characteristics 
and clinical and epidemiological indicators of TB-DM 
cases found an incipient approach regarding the spatial 
analysis of cases, showing that such comorbidity has a 
heterogeneous distribution, molecular grouping, and 

spatial aggregation of cases [14]. Besides, GIS allowed 
identifying high-risk areas for TB-DM occurrence in 
Los Angeles, California, United States [15]. 

None of the previous studies addressed scenarios in 
Brazilian territories, such as the city of Imperatriz, 
Maranhão (MA), located in northeastern Brazil. This 
region is considered endemic for TB, with a high 
incidence rate (24.5/100,000 inhabitants) and mortality 
(1.6 deaths/100,000 inhabitants) [16]. DM is one of the 
main comorbidities associated with TB [17]. Thus, 
epidemiological studies aimed at clarifying the 
relationship between such diseases should be 
encouraged toward a comprehensive view of the health 
of individuals in different contexts. Such investigations 
are important health surveillance tools that provide 
subsidies for the planning and implementation of health 
and social care interventions [5,6]. 

This study analyzes the territories vulnerable to 
tuberculosis-diabetes comorbidity in a municipality in 
northeastern Brazil using spatial analysis techniques. 

 
Methods 
Study design 

An ecological study was conducted using the 
census sectors of Imperatriz (MA) as units of analysis. 

 
Study area 

Imperatriz is a municipality located in the 
southwest region of Maranhão State, at a distance of 
626 km from the capital city, São Luís, in northeastern 
Brazil (Figure 1). The city has an area of 1,368.988 km2 
and an estimated population of 259,337 inhabitants, 
94% of whom live in the urban areas [18]. The city 
comprises of 246 census sectors (218 urban and 28 
rural) distributed in 160 neighborhoods [19]. It also has 
a high human development index (HDI: 0.731). 
However, this city is inserted in a scenario 
characterized by poor socioeconomic status and a high 
incidence of operational indicators for TB [20]. 

 
Data sources 

The study included all TB-DM cases registered in 
the Brazilian Notifiable Diseases Information System 
(SINAN in Portuguese) from January 2009 to 
December 2018. Data were obtained through the Health 
Surveillance Service (HSS) of the Regional Health 
Management Unit of Imperatriz (RHMUI) in 
November 2019, in which all the compulsory TB 
notifications were collected. 

Sociodemographic data (age, gender, race/skin 
color, and education) and clinical data (clinical form of 
TB, associated diseases/conditions, sputum smear 

Figure 1. Map of Brazil emphasizing the state of Maranhão and 
the census sectors of Imperatriz, MA. 



da Silva de Sousa et al. – Tuberculosis-diabetes mellitus comorbidity    J Infect Dev Ctries 2022; 16(5):813-820. 

815 

microscopy, chest x-ray, and culture) registered in the 
system were collected and analyzed. Essential address 
information such as street name, house number, 
neighborhood, zip code, and zone was used for the 
spatial analysis. 

 
Data analysis 

The cases were geocoded using standardized and 
matched addresses with the municipality's cartographic 
database available in the ESRI geodatabase. The Batch 
Geocode [21] tool was used for cases not located in the 
ESRI database, allowing Google Earth to search for 
coordinates. 

The TerraView 4.2.2 software was used to map TB-
DM cases using tabular information that does not have 
a spatial reference. These data were transported to a 
map and incorporated into a Geographic Information 
System (GIS). Then, the shapefiles of the TB-DM cases 
were joined with the shapefile of the census sector area, 
making it possible to identify the distribution of cases. 

A descriptive analysis of the spatial behavior of the 
events was carried out to verify the intensity of 
occurrence of the TB-DM cases using the Kernel 
estimate, which consists of a non-parametric 
interpolation technique that transforms the spatial 
distribution into a density surface, allowing the 
visualization of spatial patterns and areas of disease 
concentration [22]. 

The basic parameters used in Kernel estimation are 
the radius of influence and the Kernel estimation 
function. A very small radius can generate a very 
discontinuous surface, while a large radius can generate 
a very smooth surface. In this perspective and to avoid 
problems using very small or large rays, the 
Incremental Spatial Autocorrelation (ISA) was used, 
which measures the spatial correlation of distances and 
defines the best conformation of the spatial grouping, 
thus indicating the best radius of influence. Such 
analysis is available in ArcGIS software 10.5 [23,24]. 

Spatial scanning statistics were used to identify 
spatial clusters of the TB-DM comorbidity. Three Excel 
spreadsheets were created. The case file (spreadsheet 
#1) contained information on the number of the census 
tract where the event occurred, date of occurrence, 
gender, and age of the subjects with TB-DM 
comorbidity. The second file (spreadsheet #2) 
contained the geographic coordinates of the centroids 
generated using TerraView 4.2.2. Finally, the third file 
(spreadsheet #3) contained population information 
from the census tracts, considering the gender and age 
of subjects, in line with the general universe results[17]. 

The median age of the individuals with TB-DM was 
used as a standardization factor. 

The spatial scanning technique was processed using 
SatScan 9.3 [26], controlling the occurrence of TB-DM 
cases by the size of the population from the census 
sectors by age and gender distribution, in addition to 
attempts to detect high and low relative risk clusters 
[27]. Besides, a non-geographic overlapping of the 

Table 1. Sociodemographic and clinical characteristics of TB-
DM cases and TB cases. Imperatriz-MA (2009 to 2018). 

Variables TB-DM 
comorbidity (%) TB (%) 

Gender 
Female 31 (38.27) 236 (37.76) 
Male 50 (61.73) 389 (62.24) 
Age (years) 
0-9 1 (1.23) 59 (9.44) 
20-39 13 (16.05) 271 (43.36) 
40-59 30 (37.04) 180 (28.80) 
≥ 60 37 (45.68) 115 (18.40) 
Race/skin color 
Yellow 2 (2.47) 12 (1.92) 
Black 12 (14.81) 79 (12.64) 
White 20 (24.70) 142 (22.72) 
Brown 47 (58.02) 383 (61,28) 
Indigenous 0 (0.00) 4 (0.64) 
Not informed 0 (0.00) 5 (0.80) 
Education (years) 
> 8 11 (13.58) 197 (31.52) 
≤ 8 53 (65.43) 313 (50.08) 
Not informed 16 (19.76) 99 (15.84) 
Not applicable 1 (1.23) 16 (2.56) 
Place of residence 
Rural 0 (0.00) 9 (1.44) 
Urban 80 (98.77) 606 (96.96) 
Not informed 1 (1.23) 10 (1.60) 
Clinical forms of TB 
Pulmonary + 
extrapulmonary 1 (1.23) 11 (1.76) 

Extrapulmonary 1 (1.23) 68 (10.88) 
Pulmonary 79 (97.54) 546 (87.36) 
X-ray 
Normal 1 (1.23) 20 (3.20) 
Abnormal 72 (88.90) 505 (80.80) 
Indicative of other 
diseases 1 (1.23) 10 (1.60) 

Not performed 7 (8.64) 86 (13.76) 
Not informed 0 (0.00) 4 (0.64) 
Sputum smear microscopy 
Negative 24 (29.63) 189 (30.24) 
Positive 46 (56.80) 271 (43.36) 
Not performed 10 (12.34) 155 (24.80) 
Not applicable 1 (1.23) 10 (1.60) 
Sputum culture 
Positive 2 (2.47) 18 (2.88) 
Negative 7 (8.64) 50 (8.00) 
In progress 0 (0.00) 2 (0.32) 
Not performed 72 (88.89) 555 (88.80) 
Total 81.00 625.00 

DM: Diabetes mellitus; TB: Tuberculosis. 
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clusters, a maximum cluster size of 50% of the exposed 
population, and 999 replications were adopted. Clusters 
with a p-value < 0.05 were considered statistically 
significant. The thematic maps were created using 
ArcGIS 10.5 [28] software. 

 
Ethical approval 

The Research Ethics Committee of the Federal 
University of Maranhão (UFMA) granted ethical 
approval for the study under opinion no. 
3.694.535/2019. 

 
Results 

From 2009 to 2018, 721 TB cases were reported in 
Imperatriz, and 81 were associated with DM. In 15 TB 
cases, the TB-DM comorbidity issue was registered as 
"ignored/blank" in the notification system. 

Table 1 shows the sociodemographic and clinical 
characteristics of the TB-DM cases. TB-DM and TB 
only cases were predominantly male (61.7% and 
62.24%), of brown race/skin color (58.02% and 
61.28%), and with less than eight years of education 
(65.43% and 50.08%). A total of 45.68% of the subjects 
with TB-DM were over 60 years of age, while 43.36% 
of TB-only cases were between 20 and 39 years. 
Considering the place of residence, 98.75% of the TB-
DM cases and 96.96% of the TB cases were residents 
of urban areas. As for the clinical variables, 97.53% of 
the TB-DM cases had pulmonary TB, of which 88.89% 
had an abnormal x-ray, 56.8% had a positive sputum 
smear microscopy, and 88.9% did not have a sputum 
culture collected. Among the TB cases, most patients 
had pulmonary TB (87.36%) and an abnormal x-ray 
(80.8%), in addition to a predominance of positive 
sputum smear microscopy (43.36%), and 88.80% of 
these cases did not have a sputum culture collected. 

Seventy-six cases were geocoded, corresponding to 
approximately 94% of the notifications. Of these, 70 
(92.1%) were analyzed using TerraView and 6 (7.9%) 
using Batch Geocode. It was not possible to geocode 6 
cases (6%) that presented inconsistencies in the 
addresses provided, such as blank (2%) or incomplete 

Table 2. Characterization of spatial clusters of TB-DM cases controlled by census sectors population, gender, and age. Imperatriz-MA (2009 
to 2018). 

Spatial 
agglomerates 

Number of 
census sectors Number of cases Population 

(hab) 
RR 

(95% CI) p value Neighborhoods 

1 4 5 4844 4.00 
(2.60 - 6.80) < 0.001 Vila Lobão 

2 4 7 5011 5.10 
(2.75 - 7.30) < 0.001 Vilinha; Parque 

Alvorada 

3 3 5 2952 6.10 
(3.21 - 8.92) < 0.002 Bacuri; Parque 

Buriti 
RR: relative risk; CI: Confidence Interval. 

Figure 2. Areas with the highest density of TB-DM cases from 
2009 to 2018, Imperatriz (MA), Brazil. 

Figure 3. Spatial clusters of TB-DM comorbidity controlled by 
census sector population, gender, and age, Imperatriz (MA), 
Brazil, 2009-2018. 

RR: relative risk. 
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addresses (4%). All geocoded cases occurred in urban 
areas. 

The Kernel estimate found that the spatial 
distribution of TB-DM cases was heterogeneous, 
ranging from 0.00 to 4.12 cases/km2. Such distribution 
occurred from the central parts of the urban areas with 
dispersion to the northeast, northwest, southwest, and 
southeast in areas circumscribed to the neighborhoods 
Centro, Nova Imperatriz, Santa Rita, São José, Bacuri, 
Parque do Buriti, Vilinha, Parque Alvorada, Vila 
Lobão, and Vila Cafeteira, which had higher density of 
cases (Figure 2). 

The spatial scan analysis revealed three high-risk 
spatial clusters. The relative risk (RR) varied from 4.00 
to 6.10, and the maximum value was found in cluster 
#3. According to this result, the population residing in 
the census sectors belonging to the Bacuri and Parque 
do Buriti neighborhoods presented the highest risk for 
TB-DM (Figure 3). 

Spatial cluster #1 (RR: 4, 95% CI: 2.60–6.80, p < 
0.001) encompassed four census sectors of the Vila 
Lobão neighborhood. Spatial cluster #2 (RR: 5.10, 95% 
CI: 2.75–7.30, p < 0.001) also involved four census 
sectors, located in Vilinha and Parque Alvorada, while 
spatial cluster #3 had the highest risk (RR: 6.10, 95% 
CI: 3.21–8.92, p < 0.002) and included three census 
sectors belonging to the Bacuri and Parque do Buriti 
neighborhoods. The main characteristics of the spatial 
clusters are summarized in Table 2. 

 
Discussion 

This study aimed to analyze the territories 
vulnerable to TB-DM comorbidity in a city in 
northeastern Brazil using spatial analysis techniques. 
The information found regarding the geospatial factors 
associated with TB-DM comorbidity is important for 
better elucidation of the spatial dynamics of this 
comorbidity and its relationship with local 
characteristics [10]. 

Concerning the clinical-epidemiological profile of 
the cases, this study corroborates the findings of 
previous studies concerning the predominance of 
males, of mixed race/skin color, with low education 
level, aged over 60 years, with pulmonary TB, altered 
chest radiography, and positive sputum smear results 
[29,30]. The sociodemographic profile of TB-DM cases 
and the characteristics associated with this comorbidity 
are important. They may expand the knowledge 
regarding the extent to which these diseases impact the 
population, supporting decision-making and public 
policies [30]. 

The spatial analysis highlighted the location data 
obtained from the addresses registered in the SINAN 
database. The percentage of geocoded cases 
(approximately 94%) proved to be satisfactory [31], and 
studies using secondary data were similar, with 
percentages of georeferencing ranging from 69% [32] 
to 92% [31]. 

The data collection process used to obtain the 
addresses is not perfect, and inconsistencies in the 
information reported by subjects or filled out in the 
system may have occurred. Inadequate notification is a 
recognized problem that compromises data quality 
stored in databases [32]. 

Given the above, there is a need for periodic 
training of professionals responsible for notifying and 
monitoring diseases. Another important issue concerns 
the investments in digital mapping, especially in areas 
of recent and disordered growth, which can improve 
data quality, thus minimizing inconsistencies and loss 
of information [32]. 

All geocoded cases occurred in urban areas, 
corroborating previous studies [7,33]. The socio-
environmental conditions combined with the 
accelerated urbanization process explain the high 
incidence of TB in urban areas. In addition, poorly 
ventilated spaces and high density of people in the 
house, which are common in urban areas, increase the 
risk of TB [34]. 

Factors related to the urbanization process such as 
sedentary lifestyle and diet also favor DM. The 
association of these factors contributes to TB-DM in 
urban areas. On the other hand, residents of rural areas 
have less access to TB and DM diagnoses, leading to 
underreporting [6]. 

The Kernel estimate showed that the “hot areas” 
were concentrated in the census sectors of central 
neighborhoods. However, there is a dispersion to some 
of the peripheral neighborhoods that, despite being far 
from the center, are also regions with a large circulation 
of people, configuring a heterogeneous distribution of 
the comorbidity. 

Imperatriz stands out in the state of Maranhão for 
its urban area, population size, demographic density, 
and gross domestic product (GDP), and it is considered 
an educational, commercial, and healthcare hub [35]. 
Such characteristics explain the intense circulation of 
people in Imperatriz, especially in the central region. 
The high density of people in houses, workplaces, 
health facilities, and public vehicles increases the 
possibility of acquiring TB [33]. 

As a result of accelerated urbanism, the city of 
Imperatriz grew in a disorganized manner, resulting in 
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the existence of subnormal areas that lack public 
services. Such physical and environmental problems 
compromise the living conditions and negatively affect 
its inhabitants [36,37]. Hence the regional 
characteristics related to the urbanization process favor 
the occurrence of TB and DM. 

Through the spatial scanning analysis, three high-
risk clusters for TB-DM were identified. People 
residing in the census sectors belonging to Bacuri and 
Parque do Buriti, located in the southwest region, are 
the most vulnerable.  

These regions have poor environmental quality, 
unplanned growth, and other issues, including floods in 
the rainy season and deficient basic sanitation [37]. 
Such conditions favor the spread of diseases and 
highlight the absence of public policies to improve 
environmental conditions. These areas are densely 
populated and have low income [36,37], high DM load 
[35], and conditions that favor the occurrence of TB 
[38], increasing the risk of TB-DM comorbidity.  

The census sectors linked to Vila Lobão, Vilinha, 
and Parque Alvorada are also areas of significantly 
high-risk that share the characteristics mentioned above 
in addition to other vulnerabilities, such as a high 
number of inhabitants per house, poor-ventilated and 
poor-lighted houses, and high incidence of risk factors 
for TB [21,39].  

A combination of the risk factors mentioned above 
has also been reported in a previous study that identified 
three clusters in Imperatriz with a heterogeneous 
distribution of TB cases (Bacuri, Vila Lobão, and 
Parque Alvorada), similar to the results obtained in our 
study [40]. 

Previous studies have shown that low 
socioeconomic status, low education, insufficient 
medical resources [36], and behavioral factors linked to 
the urbanization process (poor eating habits, sedentary 
lifestyle, smoking, and alcoholism) are risk factors for 
DM [9]. The combination of these factors may have 
contributed to the occurrence of the high-risk clusters 
of TB-DM that were identified. 

The spatial clusters detected highlight the 
disparities found in the urban perimeter of Imperatriz, 
pointing to the need for public administration 
improvements since the city's urban areas are 
segmented and characterized by extreme socio-spatial 
inequalities [35,36]. 

It is noteworthy that the census sectors that 
presented the highest risk are located in unplanned 
urban areas that differ in basic public services provided 
[37]. In this case, territorial inequalities hamper access 
to healthcare services [31]. It was observed that the 

Family Health Strategy teams (health workers 
responsible for monitoring groups of families in defined 
geographical areas) covered only 60.9% of the territory 
of Imperatriz [41]. This fact may have contributed to the 
underreporting of cases and raises questions about how 
the areas investigated are being assisted and how access 
to healthcare services affects the control and 
surveillance of TB-DM. 

This study was the first to identify spatial clusters 
of TB-DM in the Brazilian scenario. However, areas at 
risk for TB-DM comorbidity have been investigated in 
other world regions through different statistical 
techniques [8,10,15]. 

Studies conducted in the United States [15] and 
Mexico [10] identified spatial aggregations of TB-DM 
cases in endemic regions, especially those inhabited by 
immigrants [15]. A study conducted in India also used 
the Poisson-based model and spatial scanning to detect 
places where the high endemicity of TB overlaps with 
that of DM. The geographical overlap in the study 
mentioned above was inconsistent, with only a partial 
overlap of cases in the southern states [9]. 

The overlap between TB and DM has been found in 
areas with a prevalence of DM above 7% [42], as in 
Brazil, which has a prevalence above 9% [4]. In a 
previous study conducted in Imperatriz, DM was the 
most frequent disease among the diseases associated 
with TB [17]. Therefore, there is evidence that the 
relationship between these diseases exists at an 
ecological level. 

It is known that TB has a strong relationship with 
poverty and barriers to accessing healthcare services, 
and this is particularly worrying when TB is associated 
with DM [10]. There is a need for additional studies to 
assess the characteristics related to the territorial 
distribution of the TB-DM comorbidity, including 
socio-economic aspects, access barriers, and healthcare 
services coverage in the ecological units of analysis.  

It is worth mentioning that studies with a 
geoecological approach subsidize healthcare managers 
and professionals in the planning, monitoring, and 
evaluation of actions, constituting useful tools in the 
evaluation of health systems. Maps can raise managers' 
and workers' awareness, provide a situational diagnosis, 
raise hypotheses, and enable the understanding of 
epidemiological factors that play a key role in disease 
spread. [11]. 

This study's limitations include possible failures in 
the notification system, such as incomplete notification 
and underreporting. This investigation and previous 
studies have detected inadequate notification of TB 
cases and comorbidities [29,30]. The patient address 
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can be left blank in the SINAN system, and for this 
reason, omissions and gaps in the registers were 
expected. Furthermore, the ecological fallacy inherent 
to ecological studies (the observation of a 
phenomenon's existence at an aggregate level to explain 
phenomena at an individual level) may have occurred 
[39]. 

 
Conclusions 

The highest concentration of TB-DM cases/km² and 
spatial clusters occurred in areas with a high circulation 
of people and socio-economic and environmental 
vulnerabilities. Such findings may contribute to the 
implementation of interventions aimed at high-risk 
areas and the integrated management of health 
problems, subsidizing public health interventions to 
social reduce inequalities. 
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