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Abstract. Vector-borne diseases, such as dengue, chikungunya, zika, and leishmaniasis, represent a global public
health challenge. This study aimed to understand the impact of socioeconomic, environmental, and healthcare access
variables on the incidence of infectious diseases from 2012 to 2021, investigating patterns and correlations. Variables
analyzed included the number of healthcare facilities, average income, population size, Gross Domestic Product (GDP),
and accumulated deforestation. Multiple linear regression and correlations were used, with data from the Notifiable
Diseases Information System (SINAN) and the National Institute for Space Research (INPE). Dengue showed a strong
correlation with GDP, the number of healthcare facilities, and deforestation. Chikungunya was associated with
population, GDP, and deforestation. Zika showed correlations with population growth and deforestation. Leptospirosis
was negatively influenced by healthcare facilities and GDP, while hantavirus infection was inversely related to population
growth and healthcare facilities. Leishmaniasis had positive correlations with GDP, healthcare facilities, and
deforestation. This study reveals complex interactions between socioeconomic, environmental, and health variables in
the incidence of infectious diseases. Understanding these patterns is crucial for formulating effective public policies,
highlighting the need for integrated and holistic strategies in the control and prevention of these diseases.
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Introduction Abd El-Wahab, 2022). The spread of these diseases

Vector-borne diseases and zoonoses pose is intrinsically linked to a complex network of
a significant global public health challenge socioeconomic, environmental, and health factors
(Skorokhod, Vostokova, & Gilardi, 2023; Eassa & (Jones et al, 2023; Adepoju et al, 2023). To
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effectively address this issue, it is essential to adopt
a multidisciplinary and integrated approach that
takes all these variables into account.

These diseases are transmitted through
different mechanisms involving vectors such as
mosquitoes, sandflies, and rodents. For instance,
dengue is primarily transmitted by the mosquito
Aedes aegypti, which breeds in stagnant water
containers in urban and peri-urban areas.
Chikungunya is also transmitted by the same vector
and has been a growing concern due to frequent
outbreaks. The Zika virus, in addition to being
transmitted by Aedes aegypti, can also be
transmitted sexually and during pregnancy, and is
associated with severe neurological complications
such as Guillain-Barré syndrome and microcephaly
in fetuses (Weeratunga et al., 2017; Natal, 2002).
Leptospirosis is a zoonosis transmitted by the urine
of infected animals, which contaminates aquatic
environments and moist soils, with humans
becoming infected through exposed skin or mucous
membranes. Hantavirus infection is transmitted by
wild rodents that shed the virus in their feces, urine,
and saliva, which can be inhaled by humans in dust
or airborne particles, especially in rural areas.
American tegumentary leishmaniasis is caused by
protozoa of the genus Leishmania, transmitted to
humans by the bite of infected sandflies, commonly
found in areas of dense vegetation.

Socioeconomic conditions play a crucial role
in the dynamics of vector-borne diseases and
zoonoses (Borges et al, 2022). Low-income
populations often live in precarious conditions, with
limited access to basic sanitation and adequate
healthcare services (Addo et al., 2023). This makes
them more vulnerable to these diseases. Moreover,

socioeconomic  inequality  exacerbates these
disparities, increasing the risks for the most
marginalized communities (lyengar, Azar, &

Gallagher-Thompson, 2023; Manta et al., 2023).
Therefore, public policies that ensure equity and
help reduce socioeconomic inequalities can play a
crucial role in reducing the incidence of these
diseases.

Environmental variables also play a
significant role in the spread of these diseases.
Deforestation, for example, alters the natural
habitats of vectors and zoonoses, pushing them into
human-inhabited areas (Silva et al., 2022). Climate
change, in turn, alters weather conditions and the
geographical distribution of these animals, creating
conducive areas for disease transmission (Ngcamu,
2023; Silva et al., 2022). Additionally, uncontrolled
urbanization provides ideal environments for vector
breeding in urban areas (Silva et al., 2022). Thus,
sustainable urban planning and proper
environmental management are essential to mitigate
the transmission risks of these diseases.

Therefore, a comprehensive understanding
of the interactions between socioeconomic,
environmental, and health variables is fundamental
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for developing effective prevention and control
strategies. In this context, this study aimed to
answer the following questions: a) are there patterns
between  socioeconomic and  environmental
variables and the incidence rates of vector-borne
diseases during the study period? b) how do
socioeconomic, environmental, and healthcare
access variables impact the incidence of infectious
diseases between 2012 and 2021? c) how can the
findings be applied to develop effective intervention
and control strategies for these diseases?

Material and Methods
Study Area, Study Population, Period and Data
Sources

This study was conducted using
epidemiological data on infectious diseases and
socioeconomic, environmental, and health variables
from 2012 to 2021. The area of analysis covered the
state of Santa Catarina, Brazil (Figure 1). The
information on the incidence of infectious diseases,
including dengue, chikungunya, zika, leptospirosis,
hantavirus infection, and American tegumentary
leishmaniasis, was obtained from the database of
the Notifiable Diseases Information System
(SINAN), a national disease natification system in
Brazil. Data on confirmed cases per 100,000
inhabitants were extracted from the Ministry of
Health's website
(https://datasus.saude.gov.br/acesso-a-
informacao/doencas-e-agravos-de-notificacao-de-
2007-em-diante-sinan/), based on reports provided
by state health departments and compiled by the
Brazilian Ministry of Health. It is important to note
that the disease data were sourced from
notifications made by state health departments to
federal agencies, which may be subject to
underreporting due to the lack of medical
consultation by the population and the presence of
asymptomatic cases.

Information on native vegetation loss in
Santa Catarina was obtained from the National
Institute for Space Research (INPE)
(http:/Iterrabrasilis.dpi.inpe.br/app/map/deforestation
). The system used was the Real-Time Deforestation
Detection System (DETER), which employs images
from the WFI/CBERS-4 and AWIFS/IRS sensors to
cover the region and detect deforestation polygons
with an area greater than 0.03 km2. The high
frequency of images provided by DETER made it an
effective tool for quickly informing enforcement
agencies about new deforestation in the studied
region. Socioeconomic data were obtained from the
Brazilian Institute of Geography and Statistics
(IBGE)
(https://ftp.ibge.gov.br/Indicadores_Sociais/Sintese
de_Indicadores_Sociais/). All data used in this study
were obtained from federal agencies and are
supported by federal legislation on open data and
access to information (Law N°. 12,527/2011).
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Figure 1. Study Area Location: Santa Catarina, Brazil. The map was created using the geobr package in R software.

Variables

In this study, the analysis was conducted
considering various crucial variables to understand
the dynamics of infectious diseases in Santa
Catarina. First, the average monthly number of basic
health units (ABH) was considered, providing
insights into the available public health infrastructure
in the region. Additionally, the average habitual real
income from all jobs for people aged 14 and over
(R$/month) (ARI) was explored as a direct reflection
of the economic conditions of the inhabitants,
allowing for an in-depth analysis of the correlations
between health and financial situation. The
population size (POP) variable was included to
assess population density and possible relationships
with the spread of the studied diseases.

The per capita Gross Domestic Product
(GDP), an essential indicator of economic
development, was analyzed to understand its role in
the incidence rates of infectious diseases. Moreover,
the Gini Index (GIN) was used as a critical measure
of economic inequality in the region, revealing
important socioeconomic patterns that may influence
the spread of diseases. Finally, accumulated
deforestation (DEF) in square kilometers was
considered to understand environmental changes
over time, exploring their possible connections with
public health. These variables were fundamental for
a comprehensive and contextualized analysis of
infectious diseases, providing a holistic view of the
socioeconomic and environmental factors shaping
epidemiology in the Santa Catarina region of Brazil.

Data Processing andStatistical analysis

Statistical analysis was conducted using R
software version 4.3.1 (R Core Team, 2023). For
each disease (dengue, chikungunya, zika,

hantavirus  infection,  American
tegumentary  leishmaniasis), three  statistical
analyses were performed: correlation networks,
correlation plots, and linear regression. A correlation
network analysis was performed to explore the
complex interactions between all variables, including
diseases. This approach allowed for the
identification of intricate patterns of correlations
between different variables, providing a deeper
understanding of the relationships within the dataset.
The qgraph package was used for this analysis
(Epskamp et al., 2012).

Additionally, specific Correlation Plots for
each disease were created using the
chart.correlation function from the
PerformanceAnalytics package (Peterson & Carl,
2020). These plots help visualize the relationships
between the selected variables and each disease in
more detail, highlighting visual patterns that may not
be obvious in numerical analyses. By graphically
visualizing the correlations, specific associations that
warranted further investigation could be highlighted.
Statistical analyses were conducted considering a
time interval from 2012 to 2021, which was
fundamental for understanding the relationships
between socioeconomic and environmental factors
and the incidence of infectious diseases in Santa
Catarina, Brazil. For the linear regression analysis,
each disease was regressed against each of the
variables selected in this study. This method allowed
for the exploration of linear relationships between
these socioeconomic and environmental variables
and the incidence of diseases, providing insights into
how specific factors might be correlated with disease
incidence. The Im function from the stats package
was used for this analysis (R Core Team, 2023).

leptospirosis,
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Results and discussion

The average incidence of dengue was 61.33
cases with a standard deviation (SD) of 89.33,
ranging from 1.44 to 77.47 (Table 1). Chikungunya
had an average of 3.72 cases (SD = 4.01), while
zika had an average of 1.56 cases (SD = 1.64).
American cutaneous leishmaniasis had an average
of 0.31 cases (SD = 0.07), and leptospirosis had an
average of 4.62 cases (SD = 1.87). Hantavirus
infection had the lowest average, with 0.19 cases

Table 1. Descriptive Statistics (N=10).
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(SD = 0.09). The average population density was
72.49 inhabitants per km2 (SD = 3.19), and the
average per capita GDP was R$40,373.37 (SD =
9,198.67). The average number of basic health units
was 14,661.20 (SD = 2,323.20), while the average
habitual real income from all jobs was R$2,758.24
(SD = 47.32). The Gini index had an average of 0.43
(SD = 0.01), indicating income inequality, and the
average accumulated deforestation was 76.86% (SD
=0.46).

Variables Mean SDt Mint Max:
Dengue 61.33 89.33 1.44 77.47
Chikungunya 3.72 4.01 0.00 9.60
Zika 1.56 1.64 0.00 4.85
American cutaneous leishmaniasis 0.31 0.07 0.20 0.40
Leptospirosis 4.62 1.87 2.03 8.11
Hantavirus 0.19 0.09 0.03 0.33
Population density (population/km?) 72.49 3.19 66.68 76.66
Gross Domestic Product per capita (R$) 40,373.37 9,198.67 27,771.85 60,275.48
Average number of basic health units 14,661.20 2,323.20 11,777.50 18,825.58
Average real income usually from all jobs (R$/month) 2,758.24 47.32 2,677.69 2,828.95
GINI index 0.43 0.01 0.41 0.44
Accumulated deforestation (%) 76.86 0.46 76.17 77.47

1 SD: standard deviation; Min: minimum; Max: maximum.

Considering only the significant correlations
with confirmed disease cases in the state of Santa
Catarina, we observed interesting patterns in
socioeconomic relationships regarding disease
incidence in the studied region (Figure 2). Firstly,
there is a strong positive correlation between GDP
and disease incidence, indicating that as GDP
increases, there tends to be a higher incidence of
diseases. Additionally, the correlation with
population (POP) is positive and significant,
suggesting that population growth tends to present
more disease cases.

In the context of health services, the
average number of basic health units (ABH) exhibits
a strong positive correlation (Figure 2). Conversely,
the real mean monthly income (RMT) shows a
moderately negative correlation, suggesting that
areas with higher average income may have fewer
incidences of infectious diseases. Moreover, there is
a moderately positive correlation  between
accumulated deforestation and disease incidence,
indicating that greater accumulated deforestation
might result in more disease cases. Finally, the Gini
index shows a relatively weak positive correlation,
indicating a positive, albeit not very strong,
relationship between inequality and disease
incidence. These correlations provide crucial
insights into how socioeconomic factors are related
to the spread of diseases in the region, highlighting
areas of concern and potential research areas for
public health interventions and policies.

The incidence of dengue cases shows a
strong positive correlation with GDP (0.832),
indicating that areas with higher economic
development are more prone to higher disease
incidence (Figure 3A). Additionally, there are
significant positive correlations with ABH (0.823) and

the variable related to DEF (0.631), suggesting that
areas with more public health facilities and regions
with higher deforestation are more susceptible to
dengue cases. These associations highlight the
complexity of socioeconomic and environmental
interactions in the spread of dengue.

For chikungunya, significant correlations
were observed with several variables (Figure 3B).
There was a strong positive association with the
variable DDE (0.88), indicating that areas with
population growth are more prone to this disease.
Additionally, robust positive correlations were found
with government investment in public health,
represented by the ABH indicator (0.85), and with
GDP (0.79), suggesting that regions with better
economic conditions and investments in health have
higher disease incidence, possibly reflecting urban
expansion. The DEF variable, representing
accumulated deforested areas over time, showed a
strong positive correlation (0.90), indicating that
regions with a history of deforestation are more
susceptible to chikungunya cases.

Regarding Zika, the correlation analysis
indicated significant correlations with only two
variables, DDE and DEF (Figure 3C). Population
growth showed a significant correlation with
increased Zika cases (0.64). The DEF variable also
showed significant correlations with the increase in
this disease's cases in this study (0.63). For the
incidence of American cutaneous leishmaniasis
(ACL), a positive relationship with GDP (0.80) was
observed (Figure 3D). Furthermore, there are
relevant positive correlations with ABH (0.78) and
the variable related to accumulated deforestation
(0.78). These associations clearly demonstrate that
environmental and socioeconomic interactions are
complex in the spread of this disease.
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Figure 2. The correlation network analysis for infectious diseases (DOE) in Santa Catarina includes the following
variables: population density (POP), per capita Gross Domestic Product (GDP), average habitual real income from all
jobs for people aged 14 and over (R$/month) (RMT), average number of basic health units (QMA), accumulated
deforestation (DES), and the Gini index (GIN). The network illustrates the strength and direction of correlations between

these variables and the incidence of infectious diseases.

The Pearson correlation for leptospirosis
revealed significant correlations with various
variables (Figure 4A). A strong negative association
with the average monthly number of basic health
units (ABH) (-0.79) was observed, indicating that
areas with more health facilities are less prone to
leptospirosis  cases. Additionally, inversely
proportional correlations were found with GDP (-
0.76) and accumulated deforestation over time
(DEF) (-0.73), suggesting that regions with better
economic conditions and health investments have
lower incidences of the disease.

The incidence of hantavirus presented an
inversely proportional relationship with population
increase (DDE) (-0.61) and the increase in the
average monthly number of basic health units (ABH)
(-0.57), meaning that with an increase in population
size and health facilities, there was a decrease in
hantavirus cases. The strongest relationship was
found between accumulated deforestation (DEF)
and hantavirus, evidenced by a negative correlation
(-0.67), similar to other findings for this disease.
Therefore, this relationship indicates that with the
increase in accumulated deforestation, the number
of hantavirus cases decreased.

There is a significant relationship between
population density (inhabitants/km?) and dengue

cases, with a moderate fit (R2 = 0.56) (Figure 5A).
The relationship is quadratic, suggesting that both
low and high values of population density may be
associated with different levels of dengue incidence.
There is a significant and strong relationship (R? =
0.85) between GDP per capita and dengue cases
(Figure 5B). The quadratic relationship indicates that
variations in GDP per capita have a considerable
impact on the incidence of dengue. There is a
significant and very strong relationship (R2 = 0.89)
between the average number of Basic Health Units
(UBS) and dengue cases (Figure 5C).

There is no significant relationship between
average real income and dengue cases, given the
high P-value and the low adjusted R2 (0.19) (Figure
5D). There is also no significant relationship
between the GINI index (measure of inequality) and
dengue cases, as indicated by the high P-value and
the very low adjusted R2 (0.04) (Figure 5E). There is
a significant and strong relationship (R? = 0.71)
between accumulated deforestation and dengue
cases (Figure 5F). The quadratic relationship shows
that deforestation has a considerable impact on
dengue incidence.
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Figure 3. Pearson Correlation for Dengue cases (A), Chikungunya cases (B), Zika cases (C), and American Cutaneous
Leishmaniasis cases (D) with Variables: Population Density (DDE), Gross Domestic Product per Capita (GDP), Average
Real Monthly Income from All Jobs for People Aged 14 and Over (R$/month) (ARI), Average Monthly Number of Basic
Health Units (ABH), Accumulated Deforestation (DEF), and Gini Index (GINI) (2012-2021). Significance levels: *, **, and
*** represent significance at 0.05, 0.01, and 0.001, respectively.
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Figure 4. Pearson correlation for leptospirosis cases (A) and hantavirus cases (B) with the variables: population density
(DDE), Gross Domestic Product per capita (GDP), average real income of all workers aged 14 years or older (R$/month)
(ARI), average monthly number of basic health units (ABH), accumulated deforestation (DEF), and GINI index (GIN),

(2012-2021).

* ** and *** represent significance at 0.05, 0.01, and 0.001, respectively.
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Figure 5. Linear regression for the incidence of dengue cases per 100,000 inhabitants, with the variables: population
density (DDE), Gross Domestic Product per capita (GDP), average real habitual income from all jobs for people aged 14
and over (R$/month) (ARI), average monthly number of Basic Health Units (ABH), accumulated deforestation (DEF), and

GINI index (GIN), (2012-2021).

There is a significant and strong relationship
between population density (inhabitants/km?) and
chikungunya cases, with a high fit (R2 0.81)
(Figure 6A). The quadratic relationship suggests that
variations in  population density significantly
influence chikungunya incidence. There is a
significant relationship between GDP per capita and
chikungunya cases, with a moderate fit (R2 = 0.63)
(Figure 6B). The quadratic relationship indicates that
variations in GDP per capita affect chikungunya

incidence. There is a significant and strong
relationship (R2 = 0.78) between the average
number of Basic Health Units (UBS) and

chikungunya cases (Figure 6C). The quadratic

relationship suggests that the presence of UBS
impacts chikungunya incidence in a complex
manner. There is no significant relationship between
average real income and chikungunya cases, given
the high P-value and the low adjusted R? (0.12)
(Figure 6D). There is also no significant relationship
between the GINI index (measure of inequality) and
chikungunya cases, as indicated by the high P-value
and the low adjusted R2 (0.12) (Figure 6E). There is
a significant and strong relationship (R2 = 0.80)

between accumulated deforestation and
chikungunya cases (Figure 6F). The quadratic
relationship shows that deforestation has a

considerable impact on chikungunya incidence.
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Figure 6. Linear regression for the incidence of chikungunya cases per 100,000 inhabitants, with the variables:
population density (DDE), Gross Domestic Product per capita (GDP), average real habitual income from all jobs for
people aged 14 and over (R$/month) (ARI), average monthly number of Basic Health Units (ABH), accumulated

deforestation (DEF), and GINI index (GIN), (2012-2021).

A significant and strong relationship is
observed between population density
(inhabitants/km?) and zika cases, with a high fit (R2 =
0.83) (Figure 7A). The quadratic relationship
suggests that variations in population density
significantly influence the incidence of zika. There is
a significant relationship between GDP per capita
and zika cases, with a moderate fit (R2 = 0.61)

(Figure 7B). The quadratic relationship indicates that
variations in GDP per capita affect the incidence of
zika. A significant and strong relationship (R2 = 0.77)
is observed between the average number of Basic
Health Units (BHU) and zika cases (Figure 7C). No
significant relationship is found between average
real income and zika cases, as indicated by the high
P-value and low adjusted R2 (0.06) (Figure 7D).



Brand&o et al. Infectious diseases transmitted by animals: beyond symptoms, how socioeconomic and environmental conditions can

Similarly, there is no significant relationship between
the Gini index (a measure of inequality) and zika
cases, as indicated by the high P-value and the
adjusted R2? (0.00) (Figure 7E). A significant and
strong relationship (R? = 0.82) is found between
accumulated deforestation and zika cases (Figure
7F). The linear relationship shows that deforestation
has a considerable impact on the incidence of zika.
There is a positive and significant
relationship between population density and
American cutaneous leishmaniasis cases (Figure
8A). Approximately 47% of the variation in
leishmaniasis cases can be explained by population
density. Similarly, there is a positive and significant
relationship between GDP per capita and American
cutaneous leishmaniasis cases, with 47% of the
variation explained by GDP per capita. A strong and
significant positive relationship is observed between
the average number of BHUs and American
cutaneous leishmaniasis cases (Figure 8C), with
91% of the variation in cases explained by the
number of BHUs. Conversely, there is no significant
relationship between average real income and
American cutaneous leishmaniasis cases (Figure
8D), nor is there a significant relationship between
the Gini index and American cutaneous
leishmaniasis cases (Figure 8E). However, there is a
positive and significant relationship between
accumulated deforestation and American cutaneous
leishmaniasis cases (Figure 8F), with 83% of the

variation in cases explained by accumulated
deforestation.

A significant and strong relationship is
observed between population density

(inhabitants/km2) and leptospirosis cases, with a
high fit (R2 0.54) (Figure 9A). The linear
relationship suggests that variations in population
density significantly influence the incidence of
leptospirosis. Additionally, a significant relationship
is found between GDP per capita and leptospirosis
cases, with a moderate fit (R2 = 0.58) (Figure 9B).
The linear relationship indicates that variations in
GDP per capita affect the incidence of leptospirosis.
A significant and strong relationship (R2 = 0.66) is
also identified between the average number of
BHUs and leptospirosis cases (Figure 9C).

Conversely, no significant relationship was
observed between average real income and
leptospirosis cases, as demonstrated by the high p-
value and low adjusted R2? (0.02) (Figure 9D).
Similarly, no significant relationship was found
between the Gini index, which measures inequality,
and leptospirosis cases, as indicated by the high p-
value and the adjusted R2 (0.00) (Figure 9E). Finally,
a significant and strong relationship (R2 = 0.64) was
found between accumulated deforestation and
leptospirosis cases (Figure 9F). The quadratic
relationship suggests that deforestation has a
considerable impact on the incidence of
leptospirosis.

A significant and strong relationship was
observed between population density
(inhabitants/km2) and hantavirus cases, with a high
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fit (R2 = 0.44) (Figure 10A). The linear relationship
suggests that variations in population density
significantly influence the incidence of hantavirus. A
significant relationship was identified between GDP
per capita and hantavirus cases, with a moderate fit
(R2 = 0.33) (Figure 10B). The linear relationship
indicates that variations in GDP per capita affect the
incidence of hantavirus. A significant and strong
relationship (R2 0.43) was found between the
average number of basic health units (UBS) and
hantavirus cases (Figure 10C).

The analysis of average real income did not
show a significant relationship with hantavirus
cases, as evidenced by the high P-value and low
adjusted R2 (0.05) (Figure 10D). Similarly, the GINI
index, which measures inequality, did not show a
significant relationship with hantavirus cases, as
indicated by the high P-value and adjusted R2 (0.00)
(Figure 10E). Finally, a significant and strong
relationship (R? 0.46) was found between
accumulated deforestation and hantavirus cases
(Figure 10F). The linear relationship suggests that
deforestation has a considerable impact on the
incidence of hantavirus.

This study revealed that vector-borne
diseases (transmitted by insects) and zoonotic
diseases (transmitted by rodents, etc.) exhibited
different relationships with the independent variables
analyzed. This differentiation is significant compared
to other published works to date, as it offers a
unique analysis of how these two types of diseases
are influenced by environmental and socioeconomic
factors. The integrated and comparative approach of
this study allows for a more comprehensive
understanding of the dynamics involved in the
spread of these diseases.

Between 2012 and 2021, it was possible to
observe  the impacts of  socioeconomic,
environmental, and health service access variables
on the incidence of infectious diseases. For
example, population growth and increased
deforestation were associated with a significant
increase in the occurrence of these diseases (Figure
2). These results suggest that population growth and
environmental changes, such as deforestation, can
create favorable conditions for the spread of these
diseases in a general context (Silva et al., 2022;
Borges et al., 2022; Hong et al., 2020). Additionally,
the increase in the availability of health services,
indicated by the number of health facilities,
correlated with higher rates of these diseases,
possibly due to better detection and reporting of
cases (Manica et al, 2023). These specific
correlation patterns can provide valuable insights for
formulating targeted and effective intervention
strategies in combating these diseases, as they alter
the relationship of the resident population with health
services and social determinants of health
(Dimenstein, 2020).
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Figure 7. Linear regression for the incidence of Zika cases per 100,000 inhabitants, with the variables: population
density (DDE), Gross Domestic Product per capita (GDP), average real habitual income from all jobs for people aged 14
and over (R$/month) (ARI), average monthly number of Basic Health Units (ABH), accumulated deforestation (DEF), and
GINI index (GIN), (2012-2021).
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Figure 8. Linear regression for the incidence of leishmaniasis cases per 100,000 inhabitants, with the variables:
population density (DDE), Gross Domestic Product per capita (GDP), average real habitual income from all jobs for
people aged 14 and over (R$/month) (ARI), average monthly number of Basic Health Units (ABH), accumulated

deforestation (DEF), and GINI index (GINI), (2012-2021).
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Figure 9. Linear regression for the incidence of leptospirosis cases per 100,000 inhabitants, with the variables:
population density (DDE), Gross Domestic Product per capita (GDP), average real habitual income from all jobs for
people aged 14 and over (R$/month) (ARI), average monthly number of Basic Health Units (ABH), accumulated
deforestation (DEF), and GINI index (GIN), (2012-2021).
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Figure 10. Linear regression for the incidence of hantavirus cases per 100,000 inhabitants, with the variables: population
density (DDE), Gross Domestic Product per capita (GDP), average real habitual income from all jobs for people aged 14
and over (R$/month) (ARI), average monthly number of Basic Health Units (ABH), accumulated deforestation (DEF), and

GINI index (GIN), (2012-2021).

This study identified two distinct patterns.
The first is that there is a direct proportional
relationship between socioeconomic and
environmental variables with the increase in
diseases, specifically dengue, chikungunya, Zika,
and American cutaneous leishmaniasis. The main
association of these diseases was with accumulated
deforestation, as it has a strong and direct
correlation with population growth (0.99), GDP

14

(0.91), and the average number of public health
units (0.94). However, it is worth noting that the
average monthly number of basic health units was
influenced by population growth (0.94) and GDP per
capita increase (0.98) (Figures 3A, 3B, 3C, and 3D).
Various studies indicate that natural environment
modification and rapid urbanization processes favor
the spread of these diseases (Silva et al., 2022;
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Guégan et al.,, 2020; Castro et al., 2019; Burkett-
Cadena; Vittor, 2018).

The second pattern found exhibited an
inversely  proportional relationship  between
socioeconomic and environmental variables with the
increase in leptospirosis and hantavirus cases.
Here, accumulated deforestation, population growth,
and the number of public health units hold the same
relevance (Figures 4A and 4B). As mentioned
earlier, deforestation and population are directly
related, promoting an increase in public health units.
Both diseases have rodents as a common vector, So
the presence of more health units can improve the
living conditions of people residing in these regions
(McMichael, 2000). Therefore, it is evident that not
only socioeconomic, environmental, and health
service access factors impact the incidence of these
diseases but also the type of vector somehow
influences the relationship of their occurrence with
the analyzed variables.

When estimating the cases of these
diseases through multiple linear regression, it is
observed that each disease exhibited distinct
behavior. For dengue, the model revealed that the
average monthly number of basic health units
(ABH), the average real income of individuals aged
14 and over (ARI), and accumulated deforestation
(DEF) play fundamental roles in determining
infection rates (Table 1). Interestingly, population
size (POP) was not statistically significant, indicating
that other socioeconomic and environmental factors
exert a more direct influence on dengue
propagation. In the context of chikungunya, the
significant impact of the average real income of
individuals aged 14 and over (ARI), the GINI index,
and accumulated deforestation on the incidence of
the disease stands out (Table 1).

The differentiation of models for each
disease, considering specific variables, is relevant
because it reflects the complexity of interactions
between socioeconomic, environmental, and health
factors that influence the spread of infectious vector-
borne diseases. Each disease may have different
vectors, transmission patterns, and epidemiological
characteristics, which implies the need for specific
models to fully understand the determinants of their
incidence. Detailed analysis of specific variables for
each disease allows for a more accurate
understanding of the factors contributing to their
spread, enabling more targeted and effective
interventions.

This more specific approach is also relevant
because previous studies have shown that different
vector-borne diseases respond differently to
socioeconomic and environmental variables. By
considering these nuances, the models can better
capture the dynamics of each disease and provide
more precise insights for intervention planning.
Furthermore, differentiating models can also help
identify specific factors that can be targets for priority
interventions for each disease. For example, if the
average real income of individuals aged 14 and over
(ARI) proved to be a significant determinant for
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chikungunya, public policies aimed at improving
economic conditions in this demographic group may
have a positive impact on reducing the incidence of
the disease. By understanding the most relevant
variables for each disease, resources can be
allocated more effectively, maximizing the impact of
public health interventions.

In this study, it was found that population
growth is associated with an increase in GDP and
accumulated deforestation. This is partly because,
for population growth to occur, more areas need to
be available for habitation, which can drive
increased accumulated deforestation (Dos Santos et
al., 2020). Another relevant point is that GDP grows
when the economically active population also grows,
as there are more workers contributing to economic
growth (Kremer; Deina; Siqueira; 2019). It is also
related to the increase in public health facilities, as
WHO reports indicate that with population growth,
the number of health facilities needs to increase
(WHO, 2023), leading to a reduction in
underreporting of these cases, providing greater
visibility to occurrences. More health units provide
better control of diseases present in society
(Massetti et al., 2022).

These results have significant implications
for the population and the formulation of public
health policies. Firstly, they highlight the need for an
integrated approach in resource management and
health service allocation (Fattahi et al., 2023;
Eriskin; Karatas; Zheng, 2022), especially in areas
with high incidence of vector-borne diseases. The
availability of public health facilities and the quality of
services offered can play a crucial role in the
effective prevention and treatment of diseases
(WHO, 2023; Massetti et al., 2022). Additionally,
understanding these correlations can guide
intervention strategies, directing resources to more
vulnerable areas and implementing specific
preventive measures, such as vector control
programs and awareness campaigns (Chastonay;
Chastonay, 2022; Dalpadado et al., 2022).

From a public health policy perspective,
these results underscore the importance of
considering not only medical aspects but also
socioeconomic and environmental factors when
formulating disease prevention and control
strategies (Gainor; Harris; Labeaud, 2022; Yin et al.,
2022). Policies aimed at socioeconomic
development, health education, and environmental
preservation (Silva et al., 2022; Reich et al., 2020)
can play a vital role in reducing the incidence of
these diseases, promoting the well-being of the
population and contributing to the construction of
healthier and more resilient communities.

Analyzing the significant correlations with
confirmed disease cases reveals complex and
interconnected patterns that provide deep insights
into socioeconomic and health dynamics. The
notable positive relationship between GDP per
capita and disease incidence highlights a concerning
trend: regions with higher economic development
often face a greater burden of infectious diseases
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(Silva et al.,, 2022). This phenomenon can be
attributed to various factors, such as population
growth, social mobility, and differential access to
healthcare, emphasizing the urgent need for public
health strategies sensitive to socioeconomic
disparities (Figueiredo, 2020; WHO, 2023).
Conversely, the moderate negative
correlation with the average real income of
individuals aged 14 and over (ARI) suggests that
areas with better socioeconomic conditions may be
associated with lower disease incidence,
underscoring the direct influence of living conditions
on community health (Dimenstein; Neto; 2020).
These findings highlight the urgent need for
integrated and holistic approaches in public health
policy formulation that not only address
demographic factors but also deeply consider

socioeconomic and environmental aspects to
implement effective control and prevention
strategies for infectious diseases.

Various public policies have been

implemented to control vector-borne and zoonotic
diseases with varying degrees of success. A
successful example is Brazil's Aedes aegypti control
program, which uses a combination of chemical,
biological, and educational measures to reduce the
incidence of dengue, Zika, and chikungunya.
Studies show that integrating different strategies can
significantly increase the effectiveness of disease
control (Zara et al., 2016).

It is worth noting that this study shed light on
the relationship between the studied variables and
tropical diseases. However, its main limitation was
the use of data from only one Brazilian region. Thus,
it is suggested that future studies extrapolate the

Conclusion

The results of this study highlight the
influence of socioeconomic and environmental
variables on the incidence of infectious diseases
transmitted by vectors and zoonoses, allowing their
categorization into two distinct groups. The first
group reveals a directly proportional relationship
between  socioeconomic and  environmental
variables and the increase in the incidence of
diseases such as dengue, chikungunya, Zika, and
American cutaneous leishmaniasis. These findings
indicate that accumulated deforestation, population
growth, and the availability of public health units are
crucial factors contributing to the spread of these
diseases.

The second group shows an inversely
proportional relationship between socioeconomic
and environmental variables and the increase in
cases of leptospirosis and hantavirus. This finding is
particularly relevant as it suggests that the presence
of more health units can promote improvements in
living conditions and consequently reduce the
incidence of these diseases.

Furthermore, the multiple linear regression
analysis demonstrated that each disease presents
distinct behaviors concerning the studied variables.
For dengue, the average monthly number of basic
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data to other regions of Brazil or other countries also
affected by such diseases. The study relies on data
from the Notifiable Diseases Information System
(SINAN) and the National Institute for Space
Research (INPE). However, these data sources
have limitations that should be considered.
Underreporting of cases in SINAN can lead to
underestimation of the actual incidence of diseases,
while inconsistencies in the data can affect the
accuracy of the analyses. Additionally, variation in
the quality of data reported by different states may
introduce biases in the results (Sallas et al., 2022).
Additional research questions could explore
the effectiveness of different combinations of control
strategies for vector-borne and zoonotic diseases.
Methods integrating more robust data and varied
sources, such as remote sensing and real-time
public health data, can provide a deeper
understanding of the relationships identified in this
study. Furthermore, investigations including cost-
effectiveness analyses of different control strategies
can offer valuable insights for formulating more
effective public policies. This study emphasizes the
need for integrated and evidence-based strategies
for controlling and preventing vector-borne and
zoonotic diseases. It is recommended to implement
policies that combine chemical, biological, and
educational interventions, aligned with the
socioeconomic and cultural realities of affected
communities. The adoption of community education
programs and active participation in vector
surveillance and control can increase the
sustainability and effectiveness of implemented
measures (Claro; Tomassini; Rosa et al., 2004).

health units, the habitual real average income of
people aged 14 years or older, and accumulated
deforestation play fundamental roles in determining
infection rates. In the case of chikungunya, the
significant impact of the habitual real average
income of people aged 14 years or older, the GINI

index, and accumulated deforestation were
determinants for the disease incidence. These
differentiations reflect the complexity of the

interactions between socioeconomic, environmental,
and health factors that influence the spread of
infectious diseases transmitted by vectors.

The results of this study have significant
implications for the formulation of public health
policies. Firstly, they highlight the need for an
integrated approach to resource management and
health service allocation, especially in areas with
high incidences of vector-borne diseases. The
availability of public health facilities and the quality of
services offered play a crucial role in the prevention
and effective treatment of these diseases.
Additionally, understanding the correlations between
socioeconomic and environmental variables can
guide intervention strategies, directing resources to
more vulnerable areas and implementing specific
preventive measures, such as vector control
programs and awareness campaigns.
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From a public policy perspective, it is
essential to consider not only medical aspects but
also socioeconomic and environmental factors when
formulating disease prevention and control
strategies. Policies aimed at socioeconomic
development, health education, and environmental
preservation can play a vital role in reducing the
incidence of these diseases, promoting the well-
being of the population, and contributing to the
construction of healthier and more resilient
communities.

This study also points to the need for
future research to explore the effectiveness of
different combinations of control strategies for
vector-borne and zoonotic diseases. Methods that
integrate more robust data and varied sources, such
as remote sensing and real-time public health data,
can offer a deeper understanding of the relationships
identified in this study. Additionally, investigations
that include cost-effectiveness analyses of different
control strategies can provide valuable insights for
the formulation of more effective public policies.

This study emphasizes the importance of
integrated and evidence-based strategies for the
control and prevention of vector-borne and zoonotic
diseases. It is recommended to implement policies
that combine chemical, biological, and educational
interventions, aligned with the socioeconomic and
cultural realities of the affected communities. The
adoption of community education programs and
active participation in vector surveillance and control
can increase the sustainability and effectiveness of
the measures implemented, contributing to the
effective combat of these pathologies and the
promotion of public health.

References

ADDO, Irene Appeaning et al. Dealing with COVID-
19 in Ghanaian urban shared low-income housing:
What it reveals and the planning implications. Cities,
V. 142, p. 104555, 2023.
doi.org/10.1016/j.cities.2023.104555

ADEPOJU, Oluwafemi A. et al. Multisectoral
Perspectives on Global Warming and Vector-borne
Diseases: a Focus on Southern Europe. Current
Tropical Medicine Reports, p. 1-24, 2023.
doi.org/10.1007/s40475-023-00283-y

BORGES, Marilia Schutz et al. Factors associated
with the expansion of leishmaniasis in urban areas:
a systematic and bibliometric review (1959-2021).
Journal of Public Health Research, v. 11, n. 3, p.
22799036221115775, 2022. doi:
10.1177/22799036221115775

BURKETT-CADENA, Nathan D.; VITTOR, Amy Y.
Deforestation and vector-borne disease: forest
conversion favors important mosquito vectors of
human pathogens. Basic and applied ecology, v. 26,
p. 101-110, 2018.
doi.org/10.1016/j.baae.2017.09.012

17

influence them

CASTRO, Marcia C. et al. Development,
environmental degradation, and disease spread in
the Brazilian Amazon. PLoS biology, v. 17, n. 11, p.
3000526, 20109.
doi.org/10.1371/journal.pbio.3000526

CHASTONAY, Anouk HM; CHASTONAY, Oriane J.
Housing risk factors of four tropical neglected
diseases: A brief review of the recent literature.
Tropical Medicine and Infectious Disease, v. 7, n. 7,
p. 143, 2022. doi.org/10.3390/tropicalmed7070143

CLARO, Lenita Barreto Lorena; TOMASSINI, Hugo
Coelho Barbosa; ROSA, Maria Luiza Garcia.
Prevencdo e controle do dengue: umarevisdo de
estudossobreconhecimentos, crencas e praticas da
populacdo. Cadernos de saldepublica, v. 20, p.
1447-1457, 2004. doi.org/10.1590/S0102-
311X2004000600002

DALPADADO, Rasika et al. Bionomic aspects of
dengue vectors Aedes aegypti and Aedes albopictus
at domestic settings in urban, suburban and rural
areas in Gampaha District, Western Province of Sri
Lanka. Parasites & Vectors, v. 15, n. 1, p. 1-14,
2022. doi.org/10.1186/s13071-022-05261-3

NETO, Mauricio Cirilo.
Abordagensconceituais da vulnerabilidade no
ambito da salde e assisténcia  social.
RevistaPesquisas e PraticasPsicossociais, v. 15, n.
1, p. 1-17, 2020.

DIMENSTEIN, Magda;

DOS SANTOS, Leandro Duarte et al. Dinamica do
desmatamento da Mata Atlantica: causas e
consequéncias. RevistaGestdo&Sustentabilidade
Ambiental, v. 9, n. 3, p. 378-402, 2020.
doi.org/10.19177/rgsa.v9e32020378-402

EASSA, Safaa M.; ABD EL-WAHAB, Ekram W.
Vector-Borne diseases in Egypt: Present status and
accelerating toward elimination. Journal of Vector
Borne Diseases, v. 59, n. 2, p. 127-138, 2022.
doi.org/10.4103/0972-9062.321759

EPSKAMP, Sacha et al. qgraph: Network
visualizations of relationships in psychometric data.
Journal of statistical software, v. 48, p. 1-18, 2012.
doi.org/10.18637/jss.v048.i104

ERISKIN, Levent; KARATAS, Mumtaz; ZHENG, Yu-
Jun. A robust multi-objective model for healthcare
resource management and location planning during
pandemics. Annals of Operations Research, p. 1-48,
2022. doi.org/10.1007/s10479-022-04760-x

FATTAHI, Mohammad et al. Resource planning

strategies for healthcare systems during a
pandemic. European Journal of Operational
Research, v. 304, n. 1, p. 192-206, 2023.

doi.org/10.1016/j.ejor.2022.01.023



Brand&o et al. Infectious diseases transmitted by animals: beyond symptoms, how socioeconomic and environmental conditions can

FIGUEIREDO, Alexandre Medeiros de et al.
Determinantessociais da saude e infec¢do por
COVID-19 no Brasil: umaanalise da epidemia.
Revista Brasileira de Enfermagem, v. 73, 2020.
doi.org/10.1590/0034-7167-2020-0673

GAINOR, Emily Mary; HARRIS, Eva; LABEAUD, A.
Desiree. Uncovering the burden of dengue in Africa:
considerations on magnitude, misdiagnosis, and
ancestry. Viruses, v. 14, n. 2, p. 233, 2022.
doi.org/10.3390/v14020233

GUEGAN, Jean-Francois et al. Forests and
emerging infectious diseases: unleashing the beast
within. Environmental Research Letters, v. 15, n. 8,
p. 083007, 2020. doi.org/10.1088/1748-
9326/ab8dd7

IYENGAR, Vijeth; AZAR, Martina; GALLAGHER-
THOMPSON, Dolores. Examining brain and mental
health Inequities from a global lens: Insights and
opportunities. Clinical Gerontologist, v. 46, n. 2, p.
123-127, 2023.
doi.org/10.1080/07317115.2022.2158269

JONES, Robert T. et al. The Threat of Vector-Borne
Diseases in Sierra Leone. The American journal of
tropical medicine and hygiene, v. 109, n. 1, p. 10,
2023. doi: 10.4269/ajtmh.22-0495

KREMER, Guilherme Mateus; DEINA, Carolina;
SIQUEIRA, Hugo. Correlacdo e regresséo linear de
variaveis que interferem no produtointernobruto do
Brasil: umaanaliseestatistica de dados.
RevistaGestao Industrial, v. 15, n. 2, 2019.

MANICA, Mattia et al. Reporting delays of
chikungunya cases during the 2017 outbreak in
Lazio region, Italy. PLOS Neglected Tropical
Diseases, v. 17, n. 9, p. e0011610, 2023.
doi.org/10.1371/journal.pntd.0011610

MANTA, Alina Georgiana et al. How Much Financial

Development Accentuates Income Inequality in
Central and Eastern European Countries?.
Sustainability, v. 15, n. 18, p. 13942, 2023.

doi.org/10.3390/su151813942

MASSETTI, Greta M. et al. Summary of guidance for
minimizing the impact of COVID-19 on individual
persons, communities, and health care systems—
United States, August 2022. Morbidity and Mortality
Weekly Report, v. 71, n. 33, p. 1057, 2022. doi:
10.15585/mmwr.mm7133el

MCMICHAEL, Anthony J. The urban environment
and health in a world of increasing globalization:
issues for developing countries. Bulletin of the world
Health Organization, v. 78, p. 1117-1126, 2000.

NATAL, Delsio. Bioecologia do Aedes aegypti.
Biolégico, v. 64, n. 2, p. 205-207, 2002.

18

influence them

NGCAMU, Bethuel Sibongiseni. Climate change
effects on wvulnerable populations in the Global
South: a systematic review. Natural Hazards, v. 118,
n. 2, p. 977-991, 2023. doi.org/10.1007/s11069-023-
06070-2

PETERSON BG, Carl P (2020).
_PerformanceAnalytics: Econometric Tools for
Performance and Risk Analysis_. R package version
2.0.4, <https://CRAN.R-
project.org/package=PerformanceAnalytics>.

R CORE TEAM (2023). _R: A Language and

Environment for  Statistical Computing_. R
Foundation for Statistical Computing, Vienna,
Austria. <https://www.R-project.org/>.

REICH, Anna et al.
Educacdoemsaudediminuiincidéncia de eczema

nasmaosemaprendizes de metallrgico: resultados
de um estudo de intervencgdocontrolado. Dermatite
de Contato, v. 82, n. 6, p. 350-360, 2020.
doi.org/10.1111/cod.13502

SALLAS, Janaina et al.
Decréscimonasnotificacdescompulsériasregistradas
pela Rede Nacional de

VigilanciaEpidemioldgicaHospitalar do Brasildurante
a pandemia da COVID-19: um estudodescritivo,
2017-2020. Epidemiologia e Servigos de Saude, v.
31, n. 1, p. 2021303, 2022. doi.org/10.1590/S1679-
49742022000100011

SILVA, Arlindo Ananias Pereira et al. The fewer, the
better fare: Can the loss of vegetation in the Cerrado
drive the increase in dengue fever cases infection?.
Plos One, v. 17, n. 1, p. e0262473, 2022.
doi.org/10.1371/journal.pone.0262473

SKOROKHOD, Oleksii; VOSTOKOVA, Ekaterina;
GILARDI, Gianfranco. The role of P450 enzymes in
malaria and other vector-borne infectious diseases.
BioFactors, 2023. doi.org/10.1002/biof.1996

WEERATUNGA, Praveen et al. Control methods for
Aedes albopictus and Aedes aegypti. The Cochrane
Database of Systematic Reviews, v. 2017, n. 8,
2017. doi.org/10.1002/14651858.CD012759

WORLD HEALTH ORGANIZATION et al. Tracking
Universal Health Coverage: 2023 Global Monitoring
Report. 2023.

YIN, Shi et al. A Systematic Review on Modeling
Methods and Influential Factors for Mapping
Dengue-Related Risk in  Urban  Settings.
International Journal of Environmental Research and
Public Health, v. 19, n. 22, p. 15265, 2022.
doi.org/10.3390/ijerph192215265

ZARA, A. L. S. A. et al. Estratégias de controle do
Aedes aegypti: umarevisdo. Epidemiologia e
Servicos de Salde. 2016; 25 (2): 391-404.



