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Abstract

This ecological study identified an aggregation of urban
neighbourhoods spatial patterns in the cumulative new case detec-
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tion rate (NCDR) of leprosy in the municipality of Rondonopolis,
central Brazil, as well as intra-urban socioeconomic differences
underlying this distribution. Scan statistics of all leprosy cases
reported in the area from 2011 to 2017 were used to investigate
spatial and spatiotemporal clusters of the disease at the neighbour-
hood level. The associations between the log of the smoothed
NCDR and demographic, socioeconomic, and structural charac-
teristics were explored by comparing multivariate models based
on ordinary least squares (OLS) regression, spatial lag, spatial
error, and geographically weighted regression (GWR). Leprosy
cases were observed in 84.1% of the neighbourhoods of
Rondonopolis, where 848 new cases of leprosy were reported cor-
responding to a cumulative NCDR of 57.9 cases/100,000 inhabi-
tants. Spatial and spatiotemporal high-risk clusters were identified
in western and northern neighbourhoods, whereas central and
southern areas comprised low-risk areas. The GWR model was
selected as the most appropriate modelling strategy (adjusted R*:
0.305; AIC: 242.85). By mapping the GWR coefficients, we iden-
tified that low literacy rate and low mean monthly nominal
income per household were associated with a high NCDR of lep-
rosy, especially in the neighbourhoods located within high-risk
areas. In conclusion, leprosy presented a heterogeneous and
peripheral spatial distribution at the neighbourhood level, which
seems to have been shaped by intra-urban differences related to
deprivation and poor living conditions. This information should be
considered by decision-makers while implementing surveillance
measures aimed at leprosy control.

Introduction

Leprosy, or Hansen’s disease, is a chronic infectious disease
mainly caused by the bacillus Mycobacterium leprae, which pri-
marily affects the skin and peripheral nervous system. If left
untreated, leprosy can result in severe physical impairment and
deformities. It has been suggested that M. leprae is predominantly
transmitted during prolonged contact with bacilliferous and
untreated individuals by skin-to-skin contact and aerosols/droplets
(Bratschi et al., 2015). In high-burden countries, transmission is
largely driven by poor socioeconomic and sanitary conditions, low
levels of schooling and food insecurity (Pescarini et al., 2018).
According to the World Health Organization (WHO), more than
200,000 new cases were reported worldwide in 2019, with India,
Indonesia, and Brazil together accounting for over 80% of all
cases (WHO, 2020a).
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In Brazil, according to the Ministry of Health (MoH), the con-
trol of leprosy is essentially based on early case detection, treat-
ment of all cases with multidrug therapy, and health education
(MoH, 2016). Nonetheless, these strategies have not been suffi-
cient to significantly reduce the transmission of the disease
(Barreto et al., 2011). From 2015 to 2019, an annual average of
27,477 new leprosy cases was recorded in Brazil. In 2019, the
overall new case detection rate (NCDR) was calculated at 13.2
cases/100,000 inhabitants, but this value was disproportionally
higher among the Brazilian states covered by the Amazon rainfor-
est (MoH, 2021). For example, the state of Mato Grosso, located
in central-western Brazil in the southern Amazon region, histori-
cally presents the highest NCDRs of leprosy in the country (MoH,
2021). In the period 2008-2017, an annual average rate of 89.4
cases/100,000 inhabitants was observed state-wide. Moreover,
high-risk areas for leprosy comprised more than half of the 141
municipalities and 35.6% of the whole population in Mato Grosso
(Carvalho et al., 2020). Thus, the strengthening of control actions
of leprosy has been highly recommended in the municipalities of
the state (Miguel et al., 2020).

Analyses based on geographic information system (GIS) have
been successfully employed to guide surveillance and control
actions of leprosy at different spatial scales (Silva et al., 2017a),
such as districts (Bulstra ez a/., 2021), municipalities (Rodrigues et
al., 2020) and neighbourhoods (Duarte-Cunha et al., 2016). These
analyses provide reliable information for decision-makers on the
factors underlying the dynamics of leprosy occurrence and identi-
fication of priority areas for interventions (Silva et al., 2017a).
This is particularly desirable for municipal health coordinators, as
leprosy control measures are performed at the municipality level
with great involvement of the primary healthcare network within
the Brazilian Unified Health System (Miguel et al., 2020).

In the municipality of Rondondpolis, a highly endemic area for
leprosy in the state of Mato Grosso, many epidemiological studies
have addressed the occurrence of the disease (Jarduli et al., 2014;
Silva et al., 2017b; Pinto et al., 2021). However, updated GIS-
based investigations are lacking in the area. Therefore, this study
aimed to identify spatial patterns of the NCDRs of leprosy in the
municipality of Rondonépolis from 2011 to 2017 at the neighbour-
hood level, and associated demographic, socioeconomic, and
structural characteristics underlying this distribution.

Materials and methods

Study design and area

This is an ecological study using data aggregated to neighbour-
hood level to investigate spatial patterns of NCDRs of leprosy in
the municipality of Rondondpolis between 2011 and 2017.

According to the Brazilian Institute of Geography and
Statistics (IBGE), Rondondpolis, situated around the geographical
coordinates of 16°28'15"S and 54°38'08"”"W, has a surface area
close to 4200 km? composed of 230 urban neighbourhoods (IBGE,
2010), with an estimated population of approximately 240,000
inhabitants (IBGE, 2022). There are large differences in demo-
graphic, socioeconomic, and structural features. Despite surveil-
lance and control measures, Rondondpolis has been classified as a
hyperendemic area for leprosy (NCDR > 40.0 cases/100,000
inhabitants) between 2000 and 2010 (Marciano et al., 2018). More
recently, it ranked among the municipalities with the highest abso-
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lute number of new leprosy cases reported in the state of Mato
Grosso (Carvalho et al., 2020).
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Data collection, study population, and variables

Data on the occurrence of leprosy were collated from the
Brazilian Notifiable Diseases Information System (MoH, 2023).
All new leprosy cases reported in the municipality of
Rondonopolis between 2011 and 2017 were included. We excluded
relapses, duplicate records, institutionalized individuals, those
residing outside the urban area of Rondonodpolis and records with
indication of error, unidentifiable residence address, or change in
the diagnosis. For each case, we recorded data on the year of
reporting, year of diagnosis, and neighbourhood of residence.
Furthermore, the records were grouped by neighbourhood accord-
ing to the year of reporting.

Information on the following demographic, socioeconomic
and structural characteristics of the neighbourhoods were extracted
from the Demographic Census (IBGE, 2010): number of inhabi-
tants, percentage of non-white individuals (i.e. black, mixed,
indigenous), mean number of inhabitants per private permanent
household (PPH), literacy rate among individuals aged five years
and older, mean monthly nominal income per PPH (in Brazilian
minimum wages), percentage of PPHs without household income,
percentage of PPHs without bathroom, percentage of PPHs with
public electricity supply, percentage of PPHs with public water
supply, percentage of PPHs with public garbage collection, and
percentage of PPHs with sanitary sewage service. These variables
were selected based on previous studies that assessed their associ-
ation with the occurrence of leprosy in Brazilian urban areas (Kerr-
Pontes et al., 2004; Castro et al., 2016; Duarte-Cunha et al., 2016;
Pescarini et al., 2018). Annual population estimates for the whole
municipality were obtained from IBGE.

For further spatial analyses, we employed the digital georefer-
enced database of neighbourhoods of Rondondpolis provided by
the Municipal Health Department of Rondondpolis in 2016. Due to
data unavailability and analytical limitations, we did not consider
neighbourhoods that emerged after 2010 and therefore were not
listed in the Demographic Census carried out that year (IBGE,
2010), as well as four island neighbourhoods that did not share
borders with others (i.e. neighbourless). In addition, homonymous
neighbourhoods that share a border were pooled and considered as
one single spatial unit. These procedures resulted in 183 neigh-
bourhoods. Given the still high number of analytical units, reduc-
ing the number of neighbourhoods from 230 to 183 would have
limited impact on the overall analysis.

Statistical analysis

Data were tabulated and checked in Microsoft Office Excel
(Microsoft Corporation, 2022). To describe temporal patterns, we
first calculated the overall and annual NCDR (cases/100,000
inhabitants) of leprosy for the whole municipality by dividing the
annual number of new leprosy cases by the annual estimated pop-
ulation. In sequence, we calculated the overall and annual NCDR
for each neighbourhood. For the annual NCDR, we considered the
population count from the Demographic Census (IBGE, 2010) as
constant over years. Neighbourhoods were further classified
according to the magnitude of leprosy endemicity using the annual
NCDR as recommended by the Brazilian Ministry of Health
(MoH, 2016): hyperendemic (>40.0/100,000), very high (20.0-
39.9/100,000), high (10-19.9/100,000), medium (2.0-9.9 /100,000)
and low (<2.0/100,000). In addition, the overall NCDR per neigh-
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bourhood was smoothed using a global empirical Bayesian estima-
tor in GeoDa 1.20 (Anselin et al., 2006). This method decreases
data instability and random fluctuations by converging crude rates
towards an overall mean (Marshall, 1991).

Spatial and spatiotemporal clusters for the occurrence of lep-
rosy were investigated using spatial scan statistics (Kulldorff &
Nagarwalla, 1995) implemented in SaTScan™ 9.3 software
(Kulldorff & Information Management Services Inc., 2021). For
each neighbourhood we considered the population count and the
number of new leprosy cases, which was assumed to follow a
Poisson distribution. The whole area was scanned for low- and
high-risk circular clusters, with the maximum size equal to 50% of
the population at risk and without geographical overlapping. The
p-value of the clusters was estimated under the Monte Carlo
hypothesis test with 999 replications. For spatiotemporal analysis,
we considered the precision in years and the maximum size of the
temporal cluster as equal to 50% of the entire study period. High-
and low-risk clusters at p < 0.05 were considered statistically sig-
nificant. To investigate intra-urban differences underlying the
occurrence of leprosy at the neighbourhood level, we employed
different statistical methods to model the smoothed NCDR (i.e.
outcome) as a function of potential demographic, socioeconomic,
and structural explanatory variables. For that, we first performed a
logarithmic transformation of the outcome. Following, the correla-
tion between the transformed outcome and the explanatory vari-
ables were checked by a correlation matrix using the Pearson’s cor-
relation coefficient (r). All variables of p-value <0.20 and not high-
ly correlated with other covariates (r>0.60) were selected for mul-
tivariate modelling by ordinary least squares (OLS) regression as
follows:

cpress

log(Y,)= Both) Xt + B, Xt g Eq.1

where Y is the outcome in neighbourhood 7; B, the intercept; f,...
B, the regression coefficients for the n explanatory variables (X ...
X,) in neighbourhood 7; and ¢ the error term (the residuals).

The OLS model was developed by a stepwise forward proce-
dure using the Akaike information criterion (AIC) to assess
whether the addition of explanatory variables improved the model
fit. The OLS assumption of a normal distribution of residuals was
graphically checked (with a histogram and quantile-quantile plot)
followed by the Shapiro-Wilk test (Shapiro & Wilk, 1965). An
inspection for heteroscedasticity was performed by plotting the
residuals and using the Breusch-Pagan test (Breusch & Pagan,
1979). Moreover, the variance inflation factor was employed to
check for multi-collinearity among the variables in the model.

The classical OLS model does not take the spatial autocorrela-
tion of the variables into account, which may result in a mis-spec-
ified model (Anselin & Arribas-Bel, 2013). In addition, our OLS
regression residuals were not uniformly distributed across neigh-
bourhoods, which suggested the existence of spatial autocorrela-
tion. Therefore, we also modelled the dependent variable using
global spatial regression analyses, namely, the spatial lag model
(SLM) and the spatial error model (SEM). Briefly, global spatial
models assume that the spatial autocorrelation structure can be
captured by incorporating a single parameter in the OLS regression
(Camara et al., 2014). The SLM attributes the spatial autocorrela-
tion to the dependent variable by adding a spatially-lagged depen-
dent variable (pI/,Y;) to the OLS model as follows (Mollalo et al.,
2020):
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log(Y,)= Bty Xyt t B, XyitpW, Yt &

Eq.2

where p is the spatial autoregressive coefficient; W the spatial
weights matrix that defines the neighbours of the neighbourhood 7
and links the outcome to the explanatory variables at each neigh-
bourhood (Cémara et al., 2014; Mollalo et al., 2020).

In contrast, the SEM assumes the ignored spatial autocorrela-
tion in the residuals of the OLS regression:

log(Y,)= Byt X\t + B, Xyt AW, St Eq.3

where & represents the spatial component of the error at neighbour-
hood 7, A the correlation between these terms; and g; is the spatially
uncorrelated error component (Mollalo ez al., 2020).

The global parameter estimates of SLM and SEM are assumed
to be constant over the geographic space, which may not properly
explain the relationship between variables. This is called spatial
stationarity and can be overcome with a geographically weighted
regression (GWR) (Brunsdon et al., 1996). GWR is based on ker-
nel-weighted regression and estimates specific parameters in the
model for each locality under analysis, rather than one single set of
parameters (Brunsdon et al., 1996; Fotheringham & Oshan, 2016;
Mollalo et al., 2020):

log(Y,)= Bt B Xit .. ¥ B Xuite; Eq.4

where, the dependent variable (Y) is a set of estimated parameter
values for each explanatory variable at each neighbourhood i
obtained via weighted least squares (Fotheringham & Oshan,
2016).

All the aforementioned analyses were performed in R 3.4.0
and R Studio 3.6.2 software (R Studio Team, 2021). Mapping was
performed using QGIS 3.6.1 (QGIS, 2019). To test for spatial auto-
correlation, we used the global Moran’s / and a first order and
queen contiguity-based spatial weights matrix. Positive and nega-
tive values of Moran’s / indicate direct and inverse autocorrelation,
respectively, whereas values close to zero supports a random spa-
tial distribution. The values of adjusted R? and AIC were used to
compare the OLS model with SLM, SEM, and GWR models fitted
with the same predictors. The model with the highest adjusted R?
and lowest AIC was defined as the most appropriate. In particular,
an adaptive spatial kernel was used to select the optimal bandwidth
for the GWR model.

Results

Spatial and spatiotemporal patterns of leprosy

From 2011 to 2017, 848 new cases of leprosy were reported in
the municipality of Rondonopolis, which corresponds to an overall
NCDR of 57.9/100,000. The annual number of new cases ranged
between 75 and 150 with a peak in 2013 (Figure 1A). The annual
NCDR showed a stable trend between 2011 and 2014, ranging
between 58.1 and 73.4/100,000. However, from 2015 and onwards
it decreased. In 2017, the NCDR was 33.7/100,000, which is below
the threshold for hyperendemic classification (Figure 1B).

More than 80% (149/183) of the assessed neighbourhoods
reported at least one new leprosy case during the study period. The
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overall number of cases per neighbourhood ranged from 0 to 52,
with greater notification in those located in the northern and west-
ern parts of the municipality (Figure 2A). The cumulative NCDRs

varied widely among neighbourhoods (range 0.0 to
714.3/100,000); the highest rates were observed in northern and
western neighbourhoods, whereas the lowest ones appeared in the
southern and central areas (Figure 2B). Cumulative smoothed
NCDRs presented less variation (range 11.9 to 239.3/100,000), but
the heterogeneous and peripheral spatial pattern was still observed
(Figure 2C). In fact, three spatial clusters of high risk for leprosy
encompassing 45 neighbourhoods were detected in the western
[relative risk (RR) = 2.91, p<0.001] and northern (RR=8.28,
p=0.039 and RR=1.58, p<0.001] areas. In contrast, 85 central and
southern neighbourhoods composed a low-risk area for leprosy
(RR=0.48, p<0.001).

Figure 3 shows the spatiotemporal patterns of the NCDR of
leprosy at the neighbourhood level over time. The observed pat-
terns supported the heterogeneous and peripheral distribution
found in the purely spatial analysis. The highest number of neigh-
bourhoods classified as hyperendemic was observed between 2011
and 2013 (Supplementary materials, file no. I). During this period,
a spatiotemporal high-risk cluster for leprosy (RR=2.06, p<0.001)
was formed in the northern region of the municipality with 27
neighbourhoods. From 2014 onwards, the number of hyperendem-
ic areas decreased (Supplementary Materials, file no. 1), but the
northern and western regions remained with the highest NCDRs.
In 2015, a spatiotemporal high-risk cluster (RR=7.13, p<0.001)
composed of four western neighbourhoods was detected. As the
number of areas classified as having very high endemicity slightly

@

increased, a spatiotemporal low-risk cluster (RR=0.38, p<0.001)
encompassing 86 central and southern neighbourhoods was
formed between 2015 and 2017.

Intra-urban differences underlying leprosy spatial distribution

Table 1 summarizes the correlation coefficients between
smoothed NCDRs per neighbourhood and demographic, socioeco-
nomic, and structural characteristics. A positive correlation was

I

11 20 MhE o0 01 FME M3 201 I8 20w 207
Year Year

New case detection rate of leprosy
(cases/100,000 inhab,)
i

Figure 1. Temporal distribution of leprosy in the urban area of
the municipality of Rondonépolis, Mato Grosso, Brazil (2011-
2017). A) Annual number of new cases; B) Annual new case
detection rate. The dotted black line represents the hyperen-
demicity threshold defined by the Brazilian Ministry of Health
(MoH, 2016).

Number of new cases New case detection rate Smoothed new case detection rate
g 5 (cases/100,000 inhab.) (cases/100,000 inhab.)
= 0 12—37
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Figure 2. Spatial distribution of leprosy at the neighbourhood level in the urban area of the municipality of Rondonépolis, Mato
Grosso, Brazil (2011-2017). A) Absolute number of new cases; B) Crude rates with significant spatial clusters for the disease; C)
Smoothed rates with significant spatial clusters for the disease. The dotted circles in B) and C) show spatial clusters detected by spatial
scan statistics. In the legends, the upper bounds are included within the intervals. Class intervals in A) were defined using natural
breaks and in B) and C) by the quintile distribution of the variables. The grey neighbourhoods were not included in the present analy-
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observed between the smoothed NCDR on the one hand and the
percentage of non-white individuals, the mean number of inhabi-
tants per PPH, the percentage of PPHs without income and that of
PPHs without bathroom on the other. A negative correlation was
found with respect to literacy rate among individuals aged >five
years, mean monthly nominal income per PPH and percentage of
PPHs with sanitary sewage service. Due to multicollinearity, the
variable percentage of non-white individuals was not considered
for further statistical modelling (Supplementary Materials, file no.
2). In the classical OLS model, the smoothed NCDR was negative-
ly associated with the literacy rate among individuals aged five

2012

2013

years and older and the mean monthly nominal income per PPH
(adjusted R*=0.199) (Table 2). The regression diagnosis of the
OLS model is summarized in Supplementary Materials, file no. 3.
As the smoothed NCDR presented a certain degree of spatial auto-
correlation (/=0.1812, p=0.001), we tested global and local spatial
modelling. SLM and SEM presented similar results as the OLS
modelling, both in terms of coefficients, adjusted R? and AIC
(Table 2). On the other hand, the GWR model explained more than
30% of the total model variation (adjusted R?>=0.305) and had a
lower AIC value (i.e. 242.85). Therefore, this model was selected
as the most appropriate option.

R
ke
Vs

New case detection rate

(cases/100,000 inhab.)
< 2.0 (low)
2.0 — 9.9 (medium)
10.0 — 19.9 (high)

= 20.0 — 39.9 (very high)
> 40.0 (hyperendemic
Mot inclgm .

Space-time cluster of leprosy

|| RR = 2.06; 2011-2013

E RR = 7.13; 2015-2015
RR = 0.38; 2015-2017

o
[ ]

2017

F i

/:‘\ 0 25 S5km

Figure 3. Spatiotemporal distribution of the crude new case detection rates (NCDR) of leprosy at the neighbourhood level in the
municipality of Rondonépolis, Mato Grosso, Brazil (2011-2017). Circles represent significant spatiotemporal clusters for the disease
detected by spatial scan statistics. Limits represent urban neighbourhoods. The grey areas were not included in the present analysis. In
the legends, the upper bounds are included within the intervals. Class intervals were defined using the criteria of the Brazilian Ministry
of Health to classify leprosy endemicity based on the annual NCDR (MoH, 2016).

Table 1. Correlation coefficients between the smoothed new case detection rate of leprosy and investigated variables characterizing the
urban neighbourhoods of the municipality of Rondonépolis, Mato Grosso, Brazil (2011-2017).

% of non-white individuals® (% of) 0.3181 <0.001*
Mean number of inhabitants per PPH 0.1687 0.022*
Literacy rate among individuals aged five years and older (%) -0.4314 <0.001*
Mean monthly nominal income per PPH (in Brazilian minimum wages)" -0.3965 <0.001*
PPHs without income (% of) 0.1069 0.150
PPHs without bathroom (% of) 0.1884 0.011*
PPHs with public electricity supply (% of) -0.0610 0.412
PPHs with public water supply (% of) 0.0362 0.626
PPHs with public garbage collection (% of) -0.040 0.583
PPHs with sanitary sewage service (% of) -0.2535 <0.001*

PPH: private permanent household; *Black, mixed and indigenous; *Brazilian minimum wage (2010) = US$ 154.4 (R$ 510); *Significant at p<0.05.
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The spatial distribution of the variables associated with the
smoothed NCDR as well as their respective GWR coefficients are
depicted in Figure 4. For a better visualization, we superimposed
these results with the identified spatial clusters. The GWR coeffi-
cients were estimated at each location for each predictor. They
reveal that the influence of the predictor on the model varied con-
siderably across the study area. In general, literacy rate and mean
monthly nominal income per PPH appeared as protective factors
for leprosy. Neighbourhoods within the low-risk area presented a
high literacy rate and high mean monthly nominal income per
PPH, whereas those located within high-risk areas had the lowest
indicators (Figure 4A and Figure 4B). Low literacy rates had a
strong negative impact on the NCDR, the highest among the north-
ern and western neighbourhoods and lower towards the central and
southern areas (Figure 4C). The mean monthly nominal income
per PPH showed a negative relationship with the NCDR in all eval-
uated areas but this was more pronounced in the western areas
(Figure 4D).

Discussion

This study demonstrated that Rondondpolis remains as a prior-
ity area for leprosy control in central-western Brazil. Although the
NCDR decreased in the last three years of the period (2011-2017)
evaluated, the municipality was still classified as very high endem-
ic for leprosy according to the stratification criteria (MoH, 2016).
This reduction should be interpreted with caution, as it may be
linked to operational challenges of health services in detecting new
cases, as already suggested in other Brazilian endemic areas
(Souza et al., 2020). Thus, spatial analysis may be a useful tool to
improve leprosy surveillance and control as argued by Silva et al.,
2017a. Although the new cases of leprosy were widely spread
throughout the urban area, we observed a certain degree of spatial
heterogeneity when using GIS-based methods to evaluate the spa-
tial patterns of the NCDR. As modelled by GWR, this spatial het-
erogeneity seems to have been shaped by intra-urban differences
related to poverty.

In line with our findings, a spatial heterogeneity of leprosy dis-
tribution has been demonstrated in endemic areas for the disease
worldwide using different spatial scales (Bulstra er al., 2021;
Machado et al., 2022; Monteiro et al., 2015). In Rondondpolis,
Marciano et al. (2018) also reported high-risk clusters for leprosy
in the northern and western periphery in a previous timeframe

(2000-2010). It is likely that the rapid population growth recently
experienced by the municipality has led to an unplanned urbaniza-
tion process in the peripheral regions (Luz et al., 2021). Taken
together, these events increased social inequalities and intra-urban
differences with the formation of highly vulnerable areas, especial-
ly in the periphery, as already discussed for other Brazilian munic-
ipalities (Kerr-Pontes et al. 2004; Monteiro et al., 2015; Ramos et
al., 2020). In peripheral neighbourhoods, unfavourable socioeco-
nomic conditions may have favoured the idea that local transmis-
sion chain of many infectious diseases, including leprosy, are
mainly due to an inadequate housing system, lack of hygiene,
crowding, and nutritional deficit of the population (Kerr-Pontes et
al. 2004). In fact, hotspots for other infectious diseases have
already been described in the northern and western outskirts of
Rondonopolis (Carvalho et al., 2018; Luz et al., 2021). In contrast,
the remarkably better socioeconomic conditions of central and
southern neighbourhoods supposedly play a protective role with
respect to new cases of leprosy.

The results of the multivariate spatial modelling support the
aforementioned assumptions. The GWR model was selected as the
most appropriate option to describe the heterogeneous relationship
between leprosy occurrence and urban characteristics. This sug-
gests that spatial non-stationarity should be taken into account
when analyzing leprosy distribution (Brunsdon et al., 1996). Given
the existence of intra-urban differences and spatial correlation,
local models may better reflect reality (Duarte-Cunha et al., 2016).
We found that socioeconomic indicators of disadvantage (namely,
lower literacy rates and lower mean income) were locally associat-
ed with a higher smoothed NCDR of leprosy, especially in the
high-risk western and northern neighbourhoods. These variables
are related to deprivation and poor living conditions, which reaf-
firms leprosy as a neglected tropical disease (Souza et al., 2018;
WHO, 2020b). Notably, in the univariate analysis, significant and
plausible correlations were also found among the NCDR and other
variables proxy of poverty (e.g., percentage of non-white individ-
uals, crowding and sanitary sewage coverage). In particular, stud-
ies have demonstrated the role of literacy/education and income as
risk factors for leprosy at both individual (Nery et al., 2019) and
ecological (Ramos e al., 2020) levels. Low education may impact
leprosy risk by decreasing better work conditions, health knowl-
edge and health behaviours (Pescarini ez al., 2018). Low income is
frequently linked to social vulnerability and less access to health
services (Monteiro et al., 2017; Leano et al., 2019). Consequently,
early diagnosis of leprosy followed by treatment becomes more
difficult among the poorest populations (Leano et al., 2019) as

= .Cpress

Table 2. Modelling of the natural logarithm of the smoothed new case detection rate of leprosy in urban neighbourhoods of the munic-

ipality of Rondonépolis, Mato Grosso, Brazil (2011-2017).

Mean monthly nominal income per PPH (log) -0.250 0.111 <0.001* -0.240 0.112 0.032* -0.251 0.110  0.023*
Literacy rate among individuals aged =five years -3.507 1.029 <0.001* -3.493 1.020  <0.001* 3.509 1.020  <0.001*
Intercept 9.104 0.743 0.026* 8.876 0910 <0.001* 9.111 0.736  <0.001*
Rho - 0.034 -

Lambda - - -0.005

Adjusted R? 0.199 0.237 0.237

AIC 263.69 265.56 265.69

OLS, ordinary least squares; SLM, spatial lag model; SEM, spatial error model; PPH, private permanent household; SE, standard error; Rho, spatial autoregressive parameter; Lambda, spatial error coefficient; AIC,

Akaike information criterion; *Significant at p<(.05.
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already demonstrated in Brazil (Andrade ef al., 2019).

Given the geographic and temporal persistence of high-risk
areas for leprosy in the northern and western outskirts of
Rondonépolis, public health authorities and decision-makers
should urgently target these areas for interventions. Strengthening
of primary health care teams is highly recommended, as these pro-
fessionals are crucial for the active screening of new cases in the
community, patient follow-up, and contact tracing. To increase

Literacy rate among individuals aged
= five years old (%)
< 87.6
87.6 —90.5
90.5—93.0
B 93.0 —95.7
I >95.7
Mot included

Coefficient of literacy rate among in-

dividuals aged = five years old
B -5.868 —-3.873
[ -3.873 —-3.057
-3.057 — -2.595
2,595 —-1.394
-1.394 — 0.671
Not included
Spatial cluster of leprosy
I"IRR=8.28
SRR =291
. 1RR=158
FERR = 0,48

coverage and effectiveness, these actions can be integrated with
those already adopted for other endemic diseases in the area, such
as cutaneous leishmaniasis (Carvalho et al., 2021a). In addition,
health education activities focused on awareness and reduction of
leprosy-related stigma, as well as early disease suspicion should be
performed within the community, particularly involving knowl-
edge multipliers (e.g., local community leaders and school chil-
dren).

Mean monthly income per PPH
(Brazilian minimum wages)

Coefficient of mean monthly income
per PPH

B -0.462 —-0.380
0 -0.380 —-0.317

-0.317 —-0.258
-0.258 — -0.204
-0.204 — -0,056
Not included
Spatial cluster of leprosy
. __tRR=8.28
SRR =291
Lo RR=158
1. RR =048 A 0 25 5km
[

Figure 4. Socioeconomic variables associated with leprosy spatial distribution at the neighbourhood level in the municipality of
Rondondpolis, Mato Grosso, Brazil (2011-2017). A) Literacy rate among individuals aged five years and older; B) Mean monthly nom-
inal income per private permanent household (PPH); C) and D) Geographic weighted regression model and P parameters for
smoothed new case detection rates of leprosy and covariates. All results were superimposed with significant spatial clusters for the dis-
ease (dotted circles) detected by spatial scan statistics. Limits represent urban neighbourhoods. The grey areas were not included in the
present analysis. In the legends, the upper bounds are included within the class intervals that were feﬁned using the quintile distribu-

tion of the variables.
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In addition to classical diagnostic and curative measures, our
findings strongly reinforce that leprosy control programs should
also address social determinants and integrative public policies
aimed at reducing social inequalities in endemic areas (Leano et
al., 2019; Pescarini ef al., 2018). This may be achieved by improv-
ing living conditions, social inclusion, wealth distribution, work
and study opportunities, and wide access to health services (Freitas
et al., 2017; Ramos et al., 2020). Indeed, the positive impact of
cash transfer programmes (Nery et al., 2014) and strengthening of
health services (Barbieri et al., 2016) on reducing the NCDR of
leprosy is already evident.

This study highlighted relevant aspects related to the occur-
rence of leprosy at the neighbourhood level, which could not be
revealed by investigating individual attributes. Our findings can be
useful to guide surveillance and control measures focused on
reducing the occurrence of leprosy in Brazilian municipalities with
high endemicity for the disease, as Rondonopolis shares similar
demographic characteristics with other urban areas in the country
(Assis et al., 2020; Ramos et al., 2020). Given the instability of
resources provision for the control of leprosy already reported in
Brazil (Souza et al., 2017), high-risk areas should be targeted as a
strategy to enhance the effectiveness of measures aimed at active
case detection, accessibility to health services, and decentralization
of care. In particular, the decentralization of leprosy care plays a
crucial role in timely case detection and management, as it reduces
the transmission and disease-related disabilities (Lanza & Lana,
2011). In Brazil, this can be achieved with the Family Health
Strategy, which is a national program based on prevention, promo-
tion, and person-centred health care through integration of a mul-
tidisciplinary team (Carvalho et al., 2021b). In parallel, policies to
reduce socioeconomic inequalities and to improve living condi-
tions in Brazilian municipalities should be prioritized to decrease
intra-urban differences and, consequently, the occurrence of lep-
rosy.

The main limitation of our study is related to the use of sec-
ondary surveillance data, which may be influenced by non-com-
pleteness and unavailability of information. In addition, the neigh-
bourhood population count used to calculate the NCDRs was
assumed to be constant over the years. It is likely that fluctuations
may have occurred due to the accelerated urbanization process of
Rondonopolis. Also, the size and shape of the neighbourhoods
vary. It is also noteworthy that ecological studies are prone to eco-
logical fallacy, i.e. associations for aggregated data may not be
extrapolated to the individual level. Hence, future studies address-
ing individual risk factors for leprosy are encouraged.

Conclusions

In conclusion, leprosy presented a heterogeneous spatial distri-
bution at the neighbourhood level in the study area, with peripheral
neighbourhoods considerably more affected by the disease. This
distribution seems to have been shaped by intra-urban differences
related to deprivation and poor living conditions. This information
should be considered by decision-makers while implementing
surveillance measures aimed at leprosy control.

[Geospatial Health 2023; 18:1227]
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File 1. Percentage distribution of the urban neighbourhoods of the municipality of Rondondpolis, Mato Grosso, Brazil, according to the
magnitude of leprosy endemicity using the annual new case detection rate as recommended by the Brazilian Ministry of Health (Brasil,

2016).

File 2. Correlation matrix between the smoothed new case detection rate (NCDR) of leprosy and demographic, socioeconomic and struc-
tural characteristics of the urban neighbourhoods of the municipality of Rondonopolis, Mato Grosso, Brazil (2011-2017).

File 3. Regression diagnosis of the ordinary least squares model.
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