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Abstract

Background Despite global efforts to reduce tuberculosis (TB) incidence, Nepal remains burdened by approximately
70,000 new cases annually, with an incidence rate of 229 per 100,000 people in 2022. This study investigated the geo-
graphic patterns of TB notifications in Nepal from fiscal year 2020 to 2023, focusing on environmental determinants
such as land surface temperature (LST), urbanization, precipitation and cropland coverage.

Methods This study examined the spatial association between environmental factors and TB prevalence in Nepal
at the district level, utilizing Geographic Information System (GIS) techniques, bivariate Local Indicators of Spatial
Association (LISA) and spatial regression analyses. The tuberculosis prevalence data were obtained from the National
Tuberculosis Control Center (NTCC) Nepal for the fiscal years (FY) 2020-2023.

Results Over the three fiscal years, high TB prevalence consistently clustered in districts such as Banke, Parsa,

and Rautahat, while low prevalence areas included Mustang and Kaski. Significant positive spatial autocorrelation

was found between environmental factors and TB prevalence. Moran'’s | values were as follows: for LST (day), 0.379,
0424, and 0.423; for LST (night), 0.383, 0.420, and 0.425; for cropland coverage, 0.325, 0.339, and 0.373; for urbaniza-
tion, 0.197, 0.245, and 0.246; and for precipitation, 0.222, 0.349, and 0.104 across FY 2020-2021, FY 2021-2022 and FY
2022-2023, respectively. Regression analyses, including Ordinary Least Squares (OLS), Spatial Lag Model (SLM),

and Spatial Error Model (SEM), demonstrated that Land Surface Temperature Night (LSTN), urbanization, and precipita-
tion significantly influenced TB prevalence, explaining up to 72.1% of the variance in FY 2021-2022 (R* 0.721).

Conclusions Environmental factors significantly influence the spatial distribution of TB in Nepal. This underscores
the importance of integrating disease management strategies with environmental health policies in effectively
addressing TB prevalence.
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Background

Tuberculosis (TB), historically the leading cause of death
from a single infectious agent, continues to face chal-
lenges in access to essential services due to the significant
health, social and economic disruptions [1]. The Global
Tuberculosis Report 2024 highlighted an increase in
newly diagnosed TB cases, from 7.5 million in 2022 to
8.2 million in 2023, surpassing pre-pandemic levels [2].
Despite reductions in prevalence over the past decade,
TB remains a critical threat, particularly in low- and mid-
dle-income (LMIC) countries [3]. In 2022, an estimated
410,000 people globally developed multidrug-resistant
or rifampicin-resistant TB (MDR/RR-TB), complicating
treatment and management efforts [4]. HIV coinfection
in high-burden settings significantly heightens the risk
of active TB, accelerating the progression to AIDS. This
necessitates integrated management strategies that com-
bine anti-TB treatment with antiretroviral therapy (ART)
while addressing comorbidities [5].

At the regional level, South Asia’s TB Control Program
prioritizes cross-border cooperation to tackle shared
challenges, including population migration, drug resist-
ance, and limited healthcare access [6]. In 2022, the
region accounted for approximately 38% of global MDR/
RR-TB cases, with an estimated 170,000 cases, though
only 74,300 received treatment. Despite these challenges,
the overall incidence of TB in South Asia decreased from
269 to 234 cases per 100,000 people [7].

Nepal grapples with a significant burden of tuberculo-
sis. In 2022, the country reported approximately 70,000
new cases and an incidence rate of 229 per 100,000 peo-
ple [8]. Uneven case distribution, diagnostic delays, social
stigma, and limited healthcare access impede effective
TB control. Diverse environmental and socio-economic
factors influence TB prevalence across Nepal, underscor-
ing its public health significance [9]. Globally, efforts to
reduce TB incidence have successfully decreased new
cases from 163 to 128 per 100,000 people since 2010.
However, this progress slightly reversed to 133 cases
per 100,000 in 2022, underscoring the need for quality
patient care, early diagnosis, effective treatment, as well
as addressing drug-resistant TB [10]. Furthermore, the
STOP TB Partnership has united governments, non-gov-
ernmental organizations, the private sector, and affected
communities to intensify efforts against TB [10].

Spatial analysis has been used as a valuable tool for
understanding and addressing TB offering insights
into its geographic distribution, clusters and risk fac-
tors [11]. By identifying hotspots and tracking patterns,
spatial analysis enables targeted intervention in regions
with high case concentrations [12, 13]. These clusters
may arise from direct transmission or reactivation of
latent TB among high-risk groups such as migrants [14].
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Mapping TB cases supports more effective control meas-
ures by pinpointing outbreak sources and visualizing
trends over time. Given TB unique characteristics such
as its long latency and extended infectious period, spatial
clusters may not always indicate active transmission but
reflect high-risk populations mobility between regions
[15, 16]. This study aimed to examine the geographical
patterns of TB notifications in Nepal from the fiscal years
(FY) 2020-2023 focusing on the environmental deter-
minants of TB risk including land surface temperature
during the day (LSTD) and night (LSTN), urbanization,
precipitation, and cropland coverage.

Methods
Study area
Nepal, located in South Asia between India and China,
spans 147,516 square kilometers and is characterized
by diverse terrain, ranging from the low-lying tropical
Terai region at 59 m to the towering Himalayan peaks,
including Mount Everest at 8848 m. This geographical
diversity presents significant challenges for public health
efforts, including TB management. The country expe-
riences a wide variation in climate, with temperatures
ranging from tropical heat to freezing cold and annual
precipitation levels from 160 mm in the northern Hima-
layan region to 5500 mm on the windward slopes. Nepal
experiences diverse temperature ranges due to its varied
topography. The coldest month is January with average
minimum and maximum temperatures ranging from 4.6
to 18.1 °C. Conversely, June is the warmest month with
temperatures typically spanning from 20.5 to 30.4 °C.
Seasonal variation plays a significant role with cooler
conditions in the mountainous regions and warmer tem-
peratures in the lowland terai areas [17, 18].
Administratively, Nepal is divided into seven provinces
and 77 districts, further subdivided into 753 local levels,
including metropolitan and rural municipalities. These
divisions were used to map TB cases and environmental
factors for spatial analysis. As of the National Popula-
tion and Housing Census 2021, Nepal’s total population
is approximately 29,164,578 [19]. The study utilized the
Nepal Administrative Boundary [World Geodetic System
1984 (WGS 1984)] to obtain geographic coordinates for
accurate spatial analysis, enabling an examination of how
Nepal’s varied geography affects TB distribution and the
environmental factors contributing to TB prevalence in
FY 2020-2023. The study utilized fiscal years as the unit
of analysis where each fiscal year spans from July 16 of
one calendar year to July 15 of the following year (Fig. 1).

Source of data variables
The data for this study were sourced from multiple plat-
forms. Secondary environmental data were retrieved
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using the Google Earth Engine. Land Surface Tempera-
ture data for both day and night (pixel size: 1el3, spatial
scale: 500 m) were acquired from the MOD09A1.061
dataset provided by NASA’s Land Processes Distrib-
uted Active Archive Center (LP DAAC) at the USGS
EROS Center (https://developers.google.com/earth-
engine/datasets/catalog/MODIS_061_MODO09A1).
Datasets for cropland and urban areas (pixel size: 1e13,
spatial scale: 100) were obtained from the Coperni-
cus Global Land Cover Layers: CGLS-LC100 Collec-
tion 3, facilitated by The Copernicus Land Monitoring
Service (https://developers.google.com/earth-engine/
datasets/catalog/ COPERNICUS_Landcover_100m_
Proba-V-C3_Global). Precipitation data (pixel size:
1el3, spatial scale: 5566) were sourced from the Cli-
mate Hazards Group InfraRed Precipitation with Sta-
tion data (CHIRPS), specifically the CHIRPS Pentad
dataset (https://developers.google.com/earth-engine/
datasets/catalog/UCSB-CHG_CHIRPS_PENTAD). The
dependent variables were obtained from the National
Tuberculosis Control Center Nepal for FY 2020-2023.
The tuberculosis prevalence data available on an annual
basis include, all diagnosed TB cases identified through
pulmonary bacteriologically confirmed and pulmonary
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clinically diagnosed. These data cover a range of TB
cases including pediatric TB, extra-pulmonary TB, TB-
HIV co-infections and recurrent TB cases [9].

Data preparation

We prepared, validated, and cleaned the raw dataset
to guarantee accuracy and reliability. Once validation
was complete, we imported the data into Quantum GIS
(QGIS) version 3.40 [Open Source Geospatial Foun-
dation (OSGeo), which is based in the United States]
where spatial and non-spatial data were integrated into
a shapefile for analysis (Nepal Administrative Bound-
ary—WGS 1984) [20]. QGIS was used to visualize TB
prevalence from FY 2020-2023 to detect patterns and
identify potential clusters of high prevalence rates. Fol-
lowing this, we conducted an in-depth spatial analysis
using GeoDa, version 1.22 (the Center for Spatial Data
Science at the University of Chicago, Illinois, USA), a
free, open-source tool developed by Dr. Luc Anselin
which supports exploratory spatial data analysis includ-
ing spatial autocorrelation (Moran’s /, Gi* and LISA)
and regression through an intuitive interface [21].
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Data analysis

Gi statistics

The Getis-Ord Gi* statistic was employed in the data
analysis to identify spatial clusters of TB prevalence
across Nepal’s districts from fiscal year 2020 to 2023. This
spatial analysis technique detected statistically signifi-
cant hotspots (clusters of high TB cases) and cold spots
(clusters of low TB cases) by comparing the observed TB
cases in a district with those in neighboring districts. The
Gi* statistic calculated whether the spatial concentration
of TB cases in a given district and its neighbors was sig-
nificantly higher or lower than the expected average [22].

Getis-Ord Gi* statistic was computed using the follow-
ing formula.

Gix = IO W
2
where the weights are determined by w;;, and the normal-
ization is done by dividing by the total sum of x; values.

A weight matrix was defined using the K-Nearest
neighbors (K=3) because of 3 ecological belt including
mountains, hilly and terai regions. It considered neigh-
boring relationships based on the three closest districts.
Districts that exhibited significantly higher than expected
prevalence of TB in relation to their neighbors were
identified as hotspots while districts with lower-than-
expected prevalence were labeled as cold spots. By apply-
ing the Gi* statistic, spatial patterns of TB transmission
were uncovered, highlighting regions with persistently
high or low disease prevalence and providing insights
into where targeted public health interventions would
have been most effective [23].

Local indicators of spatial association (LISA)
Local Moran’s I was computed using the equation:

=X S0 X))

Si

Local Moran/s] =

where "N" is the number of spatial units and "Wij" refers
to the spatial weight between regions i and ;.

Spatial autocorrelation for this study was evaluated
using Local Indicators of Spatial Association, a set of
statistics that includes measures like Moran’s I to detect
various spatial patterns [24]. We applied LISA to assess
the global spatial autocorrelation of TB prevalence and
related factors. Specifically, Moran’s / was used within the
LISA framework to identify whether particular regions
formed part of spatial clusters with similar TB prevalence
values (such as high-high or low-low clusters) or if they
were outliers (like high-low or low-high clusters). This
study used 999 permutations to assess the sensitivity of
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significant locations to the number of permutations with
a significance threshold set at 2<0.05.

Regression analysis

Multivariate analysis assesses the combined effects of
multiple risk factors on tuberculosis cases while control-
ling for potential confounding variables, offering a more
comprehensive understanding of the determinants of TB.
We evaluated the P-values and Moran’s / value during the
bivariate analysis of each variable. Variables with P<0.05
were subsequently included in the regression model.
Three types of multivariate analyses were employed
in this study. The Ordinary Least Squares (OLS) model
examines the relationship between TB cases and multi-
ple independent variables, providing coefficients that
quantify the influence of each risk factor. However, this
method assumes no spatial dependence among the vari-
ables [25]. OLS regression should only be used if spatial
autocorrelation is minimal or absent. Given the presence
of significant positive spatial autocorrelation (as indi-
cated by Moran’s I), reliance on OLS regression without
addressing the spatial autocorrelation would be meth-
odologically inappropriate. Therefore, OLS regression
was only used when spatial autocorrelation was found
to be minimal. If spatial autocorrelation was present, we
addressed this issue through Spatial Error Models (SEM)
and Spatial Lag Models (SLM).

The Spatial Error Model (SEM) addresses spatial auto-
correlation in the error terms, a common issue in spa-
tial data. By incorporating spatial dependencies, SEM
enhances the model’s accuracy by ensuring that the error
terms are not spatially correlated [26]. The Spatial Lag
Model (SLM) incorporates a spatially lagged depend-
ent variable to account for the influence of TB cases in
neighbouring regions on a given area. This model effec-
tively captures significant spatial dependencies, such as
external effects and spatial interactions, manifested in the
spatial lag Wy of the dependent variable Y [27]. We uti-
lized a backward elimination regression approach, insert-
ing variables into the model one at a time based on their
significance in the bivariate analysis. If a variable did not
demonstrate significance upon being added to the model,
it was excluded from further consideration.

The weight matrix is crucial for determining the nature
and extent of spatial interactions among the regions
under investigation, aiding in the identification of spatial
patterns like clusters or dispersions by defining neigh-
boring regions and their influences on one another [28].
This study utilized a 3k-nearest neighbor weight matrix
for both Gi*s statistics, univariate and bivariate analyses,
and a Queen Contiguity weight matrix for spatial regres-
sion analysis. The 3k-nearest neighbor weight matrix
identifies each location’s neighbors based on the three
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closest geographic units ensuring a consistent number of
neighbors across regions. Conversely, the Queen Conti-
guity weight matrix considers regions as neighbors if they
share a boundary or vertex, reflecting how a queen moves
in chess. This method effectively captures the direct spa-
tial dependencies and interactions among contiguous
regions.

Results

TB clusters using Gi* statistics

In FY 2020-2021, the prevalence of TB per 100,000
population was high in the districts of Banke, Rupan-
dehi, Parasi, Parsa, Bara, Rautahat, Mahottari, Makawan-
pur, Lalitpur, and Kabhrepalanchok, while it was low in
Mustang, Kaski, Solukhumbu, Okhaldhunga, Bhojpur,
Sankhuwasabha, Terhathum, Taplejung, and Panchthar.
By FY 2021-2022, the Gi statistics indicated high TB
prevalence in Banke, Kapilbastu, Parsa, Bara, Rautahat,
Mahottari, Makawanpur, Lalitpur, and Kabhrepalanchok,
and low prevalence in Solukhumbu, Okhaldhunga, Bho-
jpur, Sankhuwasabha, Terhathum, Taplejung, Panchthar,
and Dhankuta. During FY 2022-2023, high TB rates were
found in Banke, Kapilbastu, Parasi, Parsa, Bara, Rautahat,
Sarlahi, Mahottari, Makawanpur, Lalitpur, Kabhrepalan-
chok, Bhaktapur, and Nuwakot, while low rates were
observed in Mustang, Kaski, Solukhumbu, Okhaldhunga,
Bhojpur, Sankhuwasabha, Terhathum, Taplejung, Panch-
thar, and Jhapa (Table 1, Fig. 2).

Univariate analysis of environmental factors

Figure 3 presents a visual analysis of Land Surface Tem-
perature during the Day across Nepal. It highlighted the
stark temperature differences influenced by elevation:
the southern lowland Terai region experienced warmer
daytime temperatures due to its lower altitude while the
northern Himalayan regions remained cooler because
of higher elevation and snow cover. The mid-hill regions
showed moderate daytime temperatures, with variations
based on altitude and terrain. These maps reflected the
overall trend of warmer south and cooler north, illus-
trating Nepal's diverse climate zones shaped by its topo-
graphical features in FY 2020-2023 (Fig. 3).

Figure 4 provided a visual representation of Land Sur-
face Temperature at Night across Nepal. The southern
plains consistently experience warmer nighttime temper-
atures while the northern mountainous regions remain
cooler. These maps could reflect different time periods,
models, or averages for LSTN but the overall pattern
of warmer south and cooler north remains consistent
(Fig. 4).

Figure 5 of the left map illustrates the distribution of
cropland across Nepal showing the percent of the total
cropland area. The different color shades, ranging from
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Table 1 Univariate analysis of TB prevalence per 100,000
population in the fiscal years 2020-2023

Fiscal year Gi* statistics
High Low

2020-2021 Banke* Mustang*
Rupandehi* Kaski*
Parasi* Solukhumbu*
Parsa* Okhaldhunga**
Bara* Bhojpur**
Rautahat* Sankhuwasabha***
Mahottari* Terhathum**
Makawanpur** Taplejung**
Lalitpur** Panchthar**
Kabhrepalanchok*

2021-2022 Banke** Solukhumbu**
Kapilbastu* Okhaldhunga**
Parsa** Bhojpur**
Bara* Sankhuwasabha***
Rautahat* Terhathum**
Mahottari* Taplejung**
Makawanpur** Panchthar**
Lalitpur* Dhankuta*
Kabhrepalanchok**

2022-2023 Banke* Mustang*
Kapilbastu* Kaski*
Parasi* Solukhumbu*
Parsa** Okhaldhunga**
Bara** Bhojpur**
Rautahat** Sankhuwasabha**
Sarlahi* Terhathum**
Mahottari* Taplejung**
Makawanpur** Panchthar**
Lalitpur*** Jhapa*
Kabhrepalanchok**
Bhaktapur*
Nuwakot*

Gi* Getis-Ord

P<0.05% P<0.01**, P<0.005***

green to blue, represented varying percentages with the
green areas concentrated primarily in the southern Terai
region, indicating a higher proportion of cropland. In
contrast, the northern regions which were more moun-
tainous appear in blue reflecting a lower percentage
of cropland. The right map focused on the percent of
the total urban area across different districts. Shades of
blue represented the degree of urbanization with darker
shades indicating districts with a higher percentage of
urban land. Additionally, green circles of varying sizes
mark locations where urbanization was more promi-
nent with larger circles corresponding to areas of greater
urban concentration. Urban areas were predominantly
located in the southern and central parts of the country
while the northern mountainous regions showed mini-
mal urban development (Fig. 5).

Figure 6 provides a visual comparison of rainfall pat-
terns in Nepal for the fiscal years 2020-2023. While
northern Nepal consistently experienced lower rainfall,
central and southern regions saw higher precipitation
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Fig. 2 Univariate analysis of TB prevalence per 100,000 population in FY 2020-2023. a Gi* cluster map of TB prevalence per 100,000 population
in FY 2020-2021; b Significant map of TB prevalence per 100,000 population in FY 2020-2021; ¢ Gi* cluster map of TB prevalence per 100,000
population in FY 2021-2022; d Significant map of TB prevalence per 100,000 population in FY 2021-2022; e Gi* cluster map of TB prevalence
per 100,000 population in FY 2022-2023; f Significant map of TB prevalence per 100,000 population in FY 2022-2023
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Fig. 3 Univariate analysis of land surface temperature day in FY 2020-2023. a Land surface temperature day (LSTD) in FY 2020-2021; b Land
surface temperature day (LSTD) in FY 2021-2022; ¢ Land surface temperature day (LSTD) in FY 2022-2023

levels, especially in FY 2022-2023 where rainfall inten-
sified. The darker shade in the map suggested a cumu-
lative or average representation of rainfall over these
years highlighting regions that received the most rainfall
(Fig. 6).

Bivariate analysis of the prevalence of tuberculosis in FY
2020-2023

Land surface temperature day (LSTD) and tuberculosis
prevalence

The bivariate LISA analysis revealed a statistically sig-
nificant positive autocorrelation between LSTD and TB
prevalence across all three fiscal years. In FY 2020-2021,
Moran’s I was 0.379. High-High clusters were identi-
fied in Banke, Rupandehi, Parasi, Parsa, Bara, Rautahat,
Makawanpur, Lalitpur, Kabhrepalanchok, and Mahot-
tari, while Low-Low clusters appeared in Mustang, Kaski,
Solukhumbu, Sankhuwasabha, Taplejung, and Panchthar.

In FY 2021-2022, Moran’s [ increased to 0.424, with
hotspots persisting in Banke, Kapilbastu, Parsa, Bara,
Rautahat, Makawanpur, Lalitpur, Kabhrepalanchok, and
Mabhottari. Cold spots remained in Solukhumbu, Sankhu-
wasabha, Taplejung, and Panchthar. For FY 2022-2023,
Moran’s I was 0.423, with hotspot clusters expanding to
include Sarlahi, Bhaktapur, and Nuwakot. Cold spots per-
sisted in Mustang, Kaski, Solukhumbu, Sankhuwasabha,
Taplejung, and Panchthar (Table 2, Fig. 7).

Land surface temperature night and tuberculosis prevalence
The bivariate LISA analysis showed a statistically sig-
nificant positive correlation between LSTN and TB
prevalence across all three fiscal years. In FY 2020-2021,
Moran’s I was 0.383. High-High clusters were identi-
fie in Banke, Rupandehi, Parasi, Parsa, Bara, Rautahat,
Makawanpur, Lalitpur, Kabhrepalanchok, and Mahot-
tari, while Low-Low clusters appeared in Mustang, Kaski,
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Fig. 4 Univariate analysis of land surface temperature night in FY 2020-2023. a Land surface temperature night (LSTN) in FY 2020-2021; b Land
surface temperature night (LSTN) in FY 2021-2022; ¢ Land surface temperature night (LSTN) in FY 2022-2023

Solukhumbu, Sankhuwasabha, Taplejung and Panchthar.
In FY 2021-2022, Moran’s [ increased to 0.420 with hot-
spots persisting in Banke, Kapilbastu, Parsa, Bara, Rau-
tahat, Makawanpur, Lalitpur, Kabhrepalanchok, and
Mabhottari, while cold spots remained in Solukhumbu,
Sankhuwasabha, Taplejung and Panchthar. For FY
2022-2023, Moran’s I rose to 0.425. Hotspots expanded
to include Sarlahi, Bhaktapur, and Nuwakot, while cold-
spot clusters persisted in Mustang, Kaski, Solukhumbu,
Sankhuwasabha, Taplejung, and Panchthar (Table 3,
Fig. 8).

Cropland distribution and tuberculosis prevalence

The bivariate LISA analysis demonstrated a statistically
significant positive correlation between cropland area
and TB prevalence across all three fiscal years. In FY
2020-2021, Moran’s [ was 0.325 with High-High clusters
in Banke, Rupandehi, Parasi, Parsa, Bara, Rautahat, and

Mabhottari, while Low-Low clusters appeared in Mus-
tang, Kaski, Solukhumbu, Sankhuwasabha, Taplejung,
Okhaldhunga, Bhojpur, Terhathum, and Panchthar. In FY
2021-2022, Moran’s  increased to 0.339 with hotspots
persisting in Banke, Kapilbastu, Parsa, Bara, Rautahat and
Mabhottari while cold spots remained in Solukhumbu,
Sankhuwasabha, Taplejung, Okhaldhunga, Bhojpur, Ter-
hathum, Dhankuta, and Panchthar. For FY 2022-2023,
Moran’s [ rose to 0.373 with hotspots expanding to
include Sarlahi and Bhaktapur. Cold-spot clusters per-
sisted in Mustang, Kaski, Solukhumbu, Sankhuwasa-
bha, Taplejung, Okhaldhunga, Bhojpur, Terhathum, and
Panchthar (Table 4, Fig. 9).

Urbanization and tuberculosis prevalence

The bivariate LISA analysis revealed a statistically signifi-
cant positive correlation between urbanization and TB
prevalence across all three fiscal years. In FY 2020-2021,
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Table 2 Bivariate analysis of land surface temperature day and TB prevalence per 100,000 population in the fiscal years 2020-2023

Fiscal year LISA Moran’s /
HH LL HL LH
2020-2021 Banke* Mustang* Okhaldhunga** 0.379
Rupandehi* Kaski* Bhojpur**
Parasi* Solukhumbu* Terhathum**
Parsa* Sankhuwasabha***
Bara* Taplejung**
Rautahat* Panchthar**
Makawanpur**
Lalitpur**
Kabhrepalanchok*
Mahottari*
2021-2022 Banke** Solukhumbu** Okhaldhunga** 0424
Kapilbastu* Sankhuwasabha*** Bhojpur**
Parsa** Taplejung** Terhathum**
Bara* Panchthar** Dhankuta*
Rautahat*
Makawanpur**
Lalitpur*
Kabhrepalanchok**
Mahottari*
2022-2023 Banke* Mustang* Okhaldhunga** 0423
Kapilbastu* Kaski* Bhojpur**
Parasi* Solukhumbu* Terhathum**
Parsa** Sankhuwasabha** Jhapa*
Bara** Taplejung**
Rautahat** Panchthar**
Sarlahi*
Mahottari*
Makawanpur**
Lalitpur***
Kabhrepalanchok**
Bhaktapur*
Nuwakot*

LISA Local indicators of spatial associations, HH High-High, LL Low-Low, HL High-Low, LH Low-High

P<0.05% P<0.01**, P<0.005%**

Moran’s [ was 0.197 with High-High clusters in Rupan-
dehi, Parasi, Parsa, Bara, Rautahat, Lalitpur, and Mahot-
tari, while Low-Low clusters appeared in Mustang,
Solukhumbu, Sankhuwasabha, Taplejung, Okhaldhunga,
Bhojpur, Terhathum, and Panchthar. In FY 2021-2022,
Moran’s [ increased to 0.245 with hotspots in Parsa,
Bara, Rautahat, and Mahottari while cold spots remained
in Solukhumbu, Sankhuwasabha, Taplejung, Okhald-
hunga, Bhojpur, Terhathum, Dhankuta, and Panchthar.
For FY 2022-2023, Moran’s I rose to 0.246 with hot-
spots expanding to include Parasi, Sarlahi, Lalitpur and
Bhaktapur. Cold-spot clusters persisted in Mustang,
Solukhumbu, Sankhuwasabha, Taplejung, Okhaldhunga,
Bhojpur, Terhathum, and Panchthar (Table 5, Fig. 10).

Precipitation patterns and tuberculosis prevalence

The bivariate LISA analysis revealed a statistically sig-
nificant positive correlation between precipitation lev-
els and TB prevalence across all three fiscal years. In FY
2020-2021, Moran’s [ was 0.222 with High-High clusters

in Rupandehi, Parasi, Parsa, Bara, Rautahat, Makawan-
pur, and Mahottari while Low-Low clusters appeared
in Mustang, Solukhumbu, Sankhuwasabha, Taplejung,
Okhaldhunga, Bhojpur, and Terhathum. In FY 2021-
2022, Moran’s [ increased to 0.349 with hotspots identi-
fied in Parsa, Bara, Rautahat, Lalitpur, Banke, Kapilbastu,
Makawanpur, and Mahottari. Cold spots remained in
Solukhumbu, Sankhuwasabha, Taplejung, Okhald-
hunga, Bhojpur, Terhathum, Dhankuta, and Panchthar.
For FY 2022-2023, Moran’s I decreased to 0.104 but
the positive spatial autocorrelation persisted. Hotspot
clusters expanded to include Parasi, Parsa, Bara, Rauta-
hat, Sarlahi, Makawanpur, Kabhrepalanchok, Nuwakot,
Kapilbastu, Lalitpur, and Bhaktapur. Cold-spot clusters
characterized by low precipitation and low TB preva-
lence persisted in Mustang, Solukhumbu, Okhaldhunga,
and Bhojpur (Table 6, Fig. 11).
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Fig. 7 Bivariate analysis of land surface temperature day and TB prevalence per 100,000 population in FY 2020-2023. a Moran'’s / scatter plot

of land surface temperature day and TB prevalence per 100,000 population in 2020-2021; b LISA map of land surface temperature day and TB
prevalence per 100,000 population in 2020-2021; ¢ Moran’s / scatter plot of land surface temperature day and TB prevalence per 100,000 population
in 2021-2022; d LISA map of land surface temperature day and TB prevalence per 100,000 population in 2021-2022; e Moran’s / scatter plot of land
surface temperature day and TB prevalence per 100,000 population in 2022-2023; f LISA map of land surface temperature day and TB prevalence

per 100,000 population in 2022-2023
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Table 3 Bivariate analysis of land surface temperature night and TB prevalence per 100,000 population in the fiscal years 2020-2023

Fiscal year LISA Moran’s /
HH LL HL LH
2020-2021 Banke* Mustang* Okhaldhunga** 0.383
Rupandehi* Kaski* Bhojpur**
Parasi* Solukhumbu* Terhathum**
Parsa* Sankhuwasabha***
Bara* Taplejung**
Rautahat* Panchthar**
Makawanpur**
Lalitpur**
Kabhrepalanchok*
Mahottari*
2021-2022 Banke** Solukhumbu** Okhaldhunga** 0420
Kapilbastu* Sankhuwasabha*** Bhojpur**
Parsa** Taplejung** Terhathum**
Bara* Panchthar** Dhankuta*
Rautahat*
Makawanpur**
Lalitpur*
Kabhrepalanchok**
Mahottari*
2022-2023 Banke* Mustang* Okhaldhunga** 0425
Kapilbastu* Kaski* Bhojpur**
Parasi* Solukhumbu* Terhathum**
Parsa** Sankhuwasabha** Jhapa*
Bara** Taplejung**
Rautahat** Panchthar**
Sarlahi*
Mahottari*
Makawanpur**
Lalitpur***
Kabhrepalanchok**
Bhaktapur*
Nuwakot*

LISA Local indicators of spatial associations, HH High-High, LL Low-Low, HL High-Low, LH Low-High

P<0.05% P<0.01**, P<0.005%**

Regression analysis

The spatial modeling results from the OLS regression
indicated that LSTN and urbanization were significant
factors explaining approximately 40% of the variation
in TB prevalence during FY 2020-2021 (R?=0.40). The
SEM and SLM models further examined the influence of
LSTN and urbanization revealing a strong relationship
with TB prevalence in Nepal for the same period. The
SEM model explained 65.5% of the variance (R?=0.655)
while the SLM model accounted for 64% (R?>=0.640). Of
these, the SEM model proved to be the most effective.

(See figure on next page.)

Parameter estimates from the SEM model showed that
both LSTN (Coefficient: 1.534) and urbanization (Coef-
ficient: 2.605) were positively autocorrelated with TB
prevalence in 2020—-2021. The R? value demonstrated the
SEM model’s ability to explain 65.5% of the variation in
TB prevalence. Additionally, based on the AIC test, the
SEM model slightly outperformed the SLM with AIC
values of 695.49 and 697.326, respectively. Therefore, the
SEM model was considered the most effective in explain-
ing the spatial distribution of TB prevalence in Nepal for
FY 2020-2021.

Fig. 8 Bivariate analysis of land surface temperature night and TB prevalence per 100,000 population in FY 2020-2023. a Moran'’s | scatter plot

of land surface temperature night and TB prevalence per 100,000 population in 2020-2021; b LISA map of land surface temperature night and TB
prevalence per 100,000 population in 2020-2021; ¢ Moran’s / scatter plot of land surface temperature night and TB prevalence per 100,000
population in 2021-2022; d LISA map of land surface temperature night and TB prevalence per 100,000 population in 2021-2022; e Moran's / scatter
plot of land surface temperature night and TB prevalence per 100,000 population in 2022-2023; f LISA map of land surface temperature night

and TB prevalence per 100,000 population in 2022-2023
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Table 4 Bivariate analysis of Cropland area and TB prevalence per 100,000 population in the fiscal years 2020-2023
Fiscal year LISA Moran’s |
HH LL HL LH
2020-2021 Banke* Mustang* Makawanpur** 0.325
Rupandehi* Kaski* Lalitpur**
Parasi* Solukhumbu* Kabhrepalan chok*
Parsa* Sankhuwa sabha***
Bara* Taplejung**
Rautahat* Panchthar**
Mahottari* Okhaldhunga**
Bhojpur**
Terhathum**
2021-2022 Banke** Solukhumbu** Makawanpur** 0.339
Kapilbastu* Sankhuwa sabha*** Lalitpur*
Parsa** Taplejung** Kabhrepalan chok**
Bara* Panchthar**
Rautahat* Okhaldhunga**
Mahottari* Bhojpur*
Terhathum**
Dhankuta*
2022-2023 Banke* Mustang* Jhapa* Makawanpur** 0373
Kapilbastu* Kaski* Lalitpur***
Parasi* Solukhumbu* Kabhrepalan chok**
Parsa** Sankhuwa sabha** Nuwakot*
Bara** Taplejung**
Rautahat** Panchthar**
Sarlahi* Okhaldhunga**
Mahottari* Bhojpur**
Bhaktapur® Terhathum**

LISA Local indicators of spatial associations, HH High-High, LL Low-Low, HL High-Low, LH Low-High

P<0.05% P<0.01**, P<0.005%**

For FY 2021-2022, the OLS regression results
showed that LSTN and urbanization remained sig-
nificant accounting for 42.6% of the variation in TB
prevalence (R*=0.426). The SEM and SLM models
again identified a strong relationship between these
factors and TB prevalence. The SEM model explained
71.2% of the variance (R2=0.712), while the SLM model
explained 72.1% (R>=0.721). In this case, the SLM
model emerged as the most effective. The parameter
estimates from the SLM model indicated that LSTN
(Coefficient: 1.206) and urbanization (Coefficient:
2.624) continued to show positive autocorrelation
with TB prevalence in 2021-2022. The SLM model’s
R? value highlighted its ability to explain 72.1% of the
variation in TB prevalence. Furthermore, the AIC test
favored the SLM model over the SEM with AIC val-
ues of 731.009 and 732.964, respectively. Thus, the
SLM model was determined to be more effective in

(See figure on next page.)

explaining the spatial distribution of TB prevalence in
Nepal for FY 2021-2022.

In FY 2022-2023, OLS regression results demon-
strated that LSTN, precipitation, and urbanization
were significant factors, accounting for 49.9% of the
variation in TB prevalence (R*=0.499). The SEM and
SLM models were again used to evaluate the impact of
LSTN and urbanization confirming a strong association
with TB prevalence during this period. The SEM model
explained 68.9% of the variance (R?>=0.689) while the
SLM model accounted for 69.6% (R*>=0.696). During
this period, the SLM model was again found to be the
most effective. The parameter estimates from the SLM
model indicated a positive autocorrelation between
LSTN (Coefficient: 1.750), urbanization (Coefficient:
2.643) and TB prevalence in 2022-2023. The SLM
model’s R? value captured 69.6% of the variation in TB
prevalence. Additionally, based on the AIC test, the

Fig. 9 Bivariate analysis of cropland area and TB prevalence per 100,000 population in FY 2020-2023. a Moran's / scatter plot of cropland area

and TB prevalence per 100,000 population in 2020-2021; b LISA map of cropland area and TB prevalence per 100,000 population in 2020-2021;

¢ Moran’s | scatter plot of cropland area and TB prevalence per 100,000 population in 2021-2022; d LISA map of cropland area and TB prevalence
per 100,000 population in 2021-2022; e Moran'’s | scatter plot of cropland area and TB prevalence per 100,000 population in 2022-2023; f LISA map

of cropland area and TB prevalence per 100,000 population in 2022-2023
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Table 5 Bivariate analysis of Urbanization and TB prevalence per 100,000 population in the fiscal years 2020-2023
Fiscal year LISA Moran’s |
HH LL HL LH
2020-2021 Rupandehi* Mustang* Kaski* Makawanpur** 0.197
Parasi* Solukhumbu* Kabhrepalan chok*
Parsa* Sankhuwa sabha*** Banke*
Bara* Taplejung**
Rautahat* Panchthar**
Mahottari* Okhaldhunga**
Lalitpur** Bhojpur*
Terhathum**
2021-2022 Parsa** Solukhumbu** Makawanpur** 0.245
Bara* Sankhuwa sabha*** Kabhrepalan chok**
Rautahat* Taplejung** Banke**
Mahottari* Panchthar** Kapilbastu*
Lalitpur® Okhaldhunga**
Bhojpur**
Terhathum**
Dhankuta*
2022-2023 Parasi* Mustang* Jhapa* Makawanpur** 0.246
Parsa** Solukhumbu* Kaski* Kabhrepalan chok**
Bara** Sankhuwa sabha** Nuwakot*
Rautahat** Taplejung** Banke*
Sarlahi* Panchthar** Kapilbastu*
Mahottari* Okhaldhunga**
Bhaktapur* Bhojpur**
Lalitpur*** Terhathum**

LISA Local indicators of spatial associations, HH High-High, LL Low-Low, HL High-Low, LH Low-High

P<0.05% P<0.01**, P<0.005%**

SLM model performed slightly better than the SEM,
with AIC values of 724.45 and 726.924, respectively.
Therefore, the SLM model was concluded to be more
effective in explaining the spatial distribution of TB
prevalence in Nepal for FY 2022-2023 (Table 7).

Discussion

The analysis of TB prevalence in Nepal from FY 2020-
2021 to FY 2022-2023 identified consistent high rates
in Terai districts like Banke, Parsa, Bara, and Rautahat,
where factors such as high population density, poverty
and limited healthcare access likely contributed to the
sustained spread of tuberculosis. In contrast, moun-
tainous districts like Mustang, Kaski, and Solukhumbu
consistently exhibited low TB prevalence, likely due
to geographical isolation and lower population den-
sity. However, the increasing TB cases in previously
lower-risk districts like Bhaktapur and Nuwakot in FY
2022-2023 emphasized the need for proactive healthcare

(See figure on next page.)

interventions to prevent outbreaks. Many studies have
employed Gi* statistics to detect spatial clusters of TB
cases such as India [29], China [30, 31], Ethiopia [32]
and Iran [33] which allowed for a more precise identifi-
cation of hotspots. While our study identified high and
low TB prevalence regions using spatial modeling tech-
niques, incorporating Gi* statistics could further refine
the detection of localized clusters. This approach would
provide deeper insight into the spatial variations in TB
spread and support a more targeted region-specific strat-
egy for TB control in Nepal. The prevalence of TB in FY
2022-2023 decreased due to the COVID-19 pandemic
with some cases going underreported. The finding is sim-
ilar with this study reported that the pandemic disrupted
TB prevention and control emphasizing the importance
of maintaining essential health services and planning for
recovery while considering the long-term effects on TB
management [34].

Fig. 10 Bivariate analysis of urbanization and TB prevalence per 100,000 population in FY 2020-2023. a Moran'’s | scatter plot of urbanization

and TB prevalence per 100,000 population in 2020-2021; b LISA map of urbanization and TB prevalence per 100,000 population in 2020-2021;

¢ Moran’s  scatter plot of urbanization and TB prevalence per 100,000 population in 2021-2022; d LISA map of urbanization and TB prevalence
per 100,000 population in 2021-2022; e Moran'’s | scatter plot of urbanization and TB prevalence per 100,000 population in 2022-2023; f LISA map

of urbanization and TB prevalence per 100,000 population in 2022-2023
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Table 6 Bivariate analysis of Precipitation and TB prevalence per 100,000 population in the fiscal years 2020-2023
Fiscal year LISA Moran’s |
HH LL HL LH
2020-2021 Rupandehi* Mustang* Kaski* Kabhrepalan chok* 0.222
Parasi* Solukhumbu* Panchthar** Banke*
Parsa* Sankhuwa sabha*** Lalitpur**
Bara* Taplejung**
Rautahat* Okhaldhunga**
Mahottari* Bhojpur**
Makawanpur** Terhathum**
2021-2022 Parsa** Solukhumbu** Panchthar** Kabhrepalan chok** 0.349
Bara* Sankhuwa sabha***
Rautahat* Taplejung**
Mahottari* Okhaldhunga**
Lalitpur* Bhojpur**
Banke** Terhathum**
Kapilbastu* Dhankuta*
Makawanpur**
2022-2023 Parasi* Mustang* Jhapa* Banke* 0.104
Parsa** Solukhumbu* Kaski* Mahottari*
Bara** Okhaldhunga** Sankhuwa sabha**
Rautahat** Bhojpur** Taplejung**
Sarlahi* Panchthar**
Bhaktapur* Terhathum**
Lalitpur®**
Makawanpur**
Kabhrepalan chok**
Nuwakot*
Kapilbastu*

LISA Local indicators of spatial associations, HH High-High, LL Low-Low, HL High-Low, LH Low-High

P<0.05% P<0.01**, P<0.005%**

Land surface temperature during daylight hours
measures the heat radiated by the Earth’s surface and is
affected by factors such as solar radiation, surface com-
position, and land utilization. Elevated daytime temper-
atures might worsen respiratory problems, increasing
persons’ vulnerability to TB infection and potentially
accelerating disease progression. The temperature could
affect the human body’s physiological response to toxic
agents and retard the clearance rate of Mycobacterium
tuberculosis [35]. High temperatures can cause heat stress
which compromises the immune system and facilitates
the activation of latent TB infections in indirect ways [36,
37]. Within a specific range of air temperature and other
environmental factors droplets containing M. tuberculo-
sis are more prone to evaporating in the air and forming
into specific diameters that can remain suspended for an
extended period. Specifically, M. tuberculosis thrives and

(See figure on next page.)

multiplies at temperatures between 35 and 37 °C and can
survive for 4—5 years at temperatures ranging from —8 to
—6 °C making these particles easily inhalable by suscepti-
ble individuals [38].

Our study found a significant association between
LSTD, LSTN and the prevalence of TB aligning with
previous research that links higher temperatures to
increased TB transmission and prevalence. Nepal
exhibits climatic diversity due to three distinct ecologi-
cal belts, spanning from the mountainous region in the
north to the flat terai region in the south. Therefore, we
can witness several forms of climatic variation in Nepal.
We hypothesized that various diseases, particularly
infectious diseases such as TB are influenced by cli-
matic conditions. Our recent study found that the land
surface temperature throughout the day correlated with
the prevalence of tuberculosis. Similarly, a previous

Fig. 11 Bivariate analysis of precipitation and TB prevalence per 100,000 population in FY 2020-2023. a Moran's / scatter plot of precipitation

and TB prevalence per 100,000 population in 2020-2021; b LISA map of precipitation and TB prevalence per 100,000 population in 2020-2021;

¢ Moran’s | scatter plot of precipitation and TB prevalence per 100,000 population in 2021-2022; d LISA map of precipitation and TB prevalence
per 100,000 population in 2021-2022; e Moran’s / scatter plot of precipitation and TB prevalence per 100,000 population in 2022-2023; f LISA map

of precipitation and TB prevalence per 100,000 population in 2022-2023
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Table 7 Regression analysis for the prevalence of TB per 100,000 population in the fiscal years 2020-2023
Factors 2020-2021 2021-2022 2022-2023

oLS SLM SEM oLs SLM SEM oLS SLM SEM
LSTN 2.23*¥* 1.09%**  1,534%** 3 046%** 1.206** 1.607* 3.653***  1.750%** 1.835%*
Urban 2.13%* 1.84%** 2,605 *** 3.264%%  2,624%**%  34)25%**  3456%**  2.643%*¥*  3168%**
Precipitation -0.366** -0.167 0.012
Constant 49.24 12.52 56.362 62618 9.143 77.142 96.256 33.135 71413
o} - 0.64 - - 0.728 - - 0.619 -
A (varies between 0.1 and 1.0) - - 0.682 - - 0.760 - - 0.701
F-stat (minimum value =0) 26.36 - - 29.221 - - 26.196 - -
R-Squared (coefficient of determination) 0.400 0.640 0.655 0426 0.721 0.712 0.499 0.696 0.689
Log likelihood -360.064 —344816 —-344.745 382381 -361.505 —-363482 —-371.041 -357.225 -359.462
AIC 726.128 697.632  695.49 770.762  731.009 732.964 750.082  724.45 726924
BIC 733.16 707.007  702.522 777793  740.384 739.995 759457  736.169 736.299

Bold values indicate the best regression model to predict the spatial association

p Rho, A Lumda, OLS Oridnary least square, SEM Spatial error model, SLM Spatial lag model, AIC Akaike information crierion, BIC Bayesian information criterion, F-stat

F-statistic
Coefficient significant at *0.05, **0.01, ***0.005

study conducted in Nepal found a positive association
between the incidence of TB and the land surface tem-
perature at daylight and night [39].

A study from Ethiopia observed that high tempera-
tures were associated with higher transmission rates
of childhood TB in north-western Ethiopia suggesting
that elevated temperatures can enhance the survival
and transmission of M. tuberculosis in the environment
[40]. Additionally, research by Brazil study indicated
that TB was more prevalent at temperatures between
20 and 23 °C highlighting an optimal range for bacterial
survival and transmission [41]. Studies have shown that
higher temperatures are linked to increased TB notifi-
cations. Research in Japan also found that exposure to
extreme heat significantly raised the risk of TB noti-
fications while a separate study in Chinese mainland
reported that even a one-degree rise in temperature
increased the risk of TB notification [42, 43].

These findings suggested that higher temperatures can
enhance M. tuberculosis survival, potentially increase
indoor crowding to escape the heat and facilitate TB
spread. Understanding this relationship is crucial for
developing targeted public health interventions such
as intensified TB screening and awareness campaigns
during hotter periods, particularly in high-risk areas
identified through spatial analysis. Furthermore, the
interplay between environmental factors like temperature
conditions must be considered.

The impact of precipitation on TB prevalence can be
attributed to several underlying factors. A study from
China highlighted that average annual rainfall directly

indicates humidity levels had an inverse relationship
with TB incidence rates [44]. A plausible explanation is
that prolonged exposure to dry air can diminish the pro-
duction of protective mucus on the respiratory tract’s
surface, thereby reducing resistance to M. tuberculosis.
Laboratory studies have supported this, suggesting that
dry conditions can impair the respiratory system’s abil-
ity to prevent TB infection [45]. A study conducted on
mice also discovered that the intake of dry air negatively
impacted the ability of the airway cilia to sweep out for-
eign particles and impaired tissue repair activities. As a
result, the body’s ability to defend against viruses was
diminished [46].

Our present study, combined with a review of previous
research, emphasizes the complex relationship between
precipitation and TB prevalence which varies across dif-
ferent geographic and climatic settings. A spatiotempo-
ral analysis in Spain from 2012 to 2020 revealed a strong
negative correlation between rainfall, sunshine, and TB
incidence. This suggests that higher precipitation and
sunlight may help reduce TB cases, potentially due to
improved environmental conditions and the disinfecting
effects of UV radiation [47]. Humidity and precipitation
in the northwest areas of China with the arid conditions
showed a negative association with tuberculosis cases.
However, another area showed the opposite indicat-
ing that the regional condition affected the spread of TB
[48]. The presence of precipitation was found to have a
negative correlation with the prevalence of tuberculosis,
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potentially because rain tends to improve air quality and
decrease the concentration of tuberculosis germs [49].

Urbanization is a key factor contributing to the high
prevalence of TB due to several interrelated factors. The
higher population density in urban areas facilitates TB
transmission, as crowded living conditions make it easier
for the bacteria to spread [50]. Additionally, urban envi-
ronments often contain significant poverty and socioeco-
nomic disparities limiting access to healthcare, nutritious
food, and education about TB prevention [51]. Poor
housing conditions, inadequate ventilation and poor
sanitation heightened infection risks by compromising
air quality especially for individuals from low-income
families. Improving housing quality through rehousing or
modifications enhanced respiratory health and reduced
infection vulnerability [52]. The influx of migrants seek-
ing better opportunities can introduce new TB cases
while comorbidities like HIV/AIDS and diabetes in urban
populations increase susceptibility [53]. Environmental
factors, including pollution also negatively impact res-
piratory health [52]. Collectively, these elements under-
scored the need for targeted public health interventions
in urban settings to combat TB effectively.

Cropland refers to areas used for agricultural
production. Interestingly, despite the potential risks
associated with farming, our study found a negative
association between the extent of cropland and TB
prevalence. The negative association between cropland
areas and TB prevalence may relate to factors such as
reduced population density and lower urbanization levels
in agricultural regions rather than agricultural activity
itself. Research indicated that urban areas, despite
higher population density often have better healthcare
access leading to earlier TB detection and reduced
incidence whereas rural agricultural areas may have
less access but lower transmission rates due to reduced
density [54]. This finding suggested that regions with
more agricultural land may experience lower TB rates,
contrary to some prior studies. One possibility is that
rural agricultural communities may have better overall
air quality than urban areas as they are less exposed to
industrial pollutants that can exacerbate respiratory
conditions and potentially increase susceptibility to
TB [55]. Additionally, the physical activity involved in
farming might contribute to better overall health and
stronger immune systems among farmers reducing their
risk of TB.

The extent of agricultural land in a region can
significantly influence the prevalence of TB due to
various occupational and environmental factors.
Farmers, predominantly located in areas with extensive
cropland face a higher risk of TB infection due to several
occupational hazards. Studies have shown a notable
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association between certain occupations, including
farming, and increased TB rates [56]. Occupational
exposure in farming can elevate TB risk due to prolonged
exposure to dust, organic particles, and potentially lower
access to healthcare facilities. A study from Ethiopia
found that the prevalence of TB was higher among
livestock farmers (59.7%), likely due to a lack of awareness
about a type of tuberculosis infection, its transmission
channels, and prevention methods [56]. In Nigeria,
where 56.4% live below the poverty line and 90% reside
in rural areas, the high number of farmers correlates with
higher TB case rates, emphasizing the need for tailored
interventions in farming communities [57].

Our study demonstrated a significant positive correla-
tion between LSTN and urbanization with the prevalence
of TB in Nepal. In FY 2020-2021, correlation coefficients
of 1.53 for LSTN and 2.61 for urbanization indicated
that higher levels of these factors were associated with
increased TB prevalence. The Spatial Error Model (SEM)
was the most suitable model for this period explaining
65.5% of the variance and showing positive autocorrela-
tion between LSTN, urbanization, and TB prevalence,
supported by AIC values of 695.49 for SEM and 697.326
for the Spatial Lag Model (SLM). In FY 2021-2022, the
impact of LSTN and urbanization on TB prevalence
remained significant with correlation coefficients of 1.21
for LSTN and 2.62 for urbanization. The SLM model
was the most effective this year, accounting for 72.1% of
the variance, as indicated by AIC values of 731.009 for
SLM and 732.964 for SEM. By FY 2022-2023, LSTN
and urbanization continued to significantly influence TB
prevalence with correlation coefficients of 1.75 for LSTN
and 2.64 for urbanization. The SLM model again pro-
vided the best fit explaining 69.6% of the variance. The
AIC values showed that the SLM model outperformed
the SEM with values of 724.45 for SLM and 726.924 for
SEM.

These findings underscored the critical role of environ-
mental factors, particularly LSTN and urbanization in
influencing TB prevalence in Nepal across the studied fis-
cal years. The consistent performance of the SLM model
indicates that spatial interactions between neighboring
regions significantly impact TB transmission, highlight-
ing the need for targeted public health interventions that
consider these spatial dynamics. The increasing explained
variance over the years suggests a growing complexity in
the factors contributing to TB prevalence, likely influ-
enced by changing environmental conditions and urbani-
zation trends. Our findings are aligned with a study
from Malaysia found that the Geographically Weighted
Regression (GWR) model, compared to the OLS model,
was the most effective in determining the spatial distri-
bution of TB case with a high R? value of 0.98. The GWR
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model’s local coefficient maps revealed that the influence
of sociodemographic and environmental factors on TB
incidence varied across different locations [58].

While this study employed advanced spatial analysis
methodologies which provide a detailed understand-
ing of the interactions between environmental variables
and TB prevalence, certain limitations must be acknowl-
edged. One significant drawback is the reliance on annual
averages for temperature and precipitation which may
obscure seasonal variations that could significantly influ-
ence TB transmission dynamics. Monthly or seasonal
data would provide a more nuanced analysis, enabling
better identification of patterns and correlations related
to TB prevalence. Additionally, unmeasured confound-
ing factors, such as housing conditions and socioeco-
nomic disparities were not controlled for in this study.
These factors can play a crucial role in shaping both
environmental exposures and TB prevalence potentially
confounding observed associations. Furthermore, the
ecological fallacy must be considered as this study uses
aggregate data that may not accurately reflect individ-
ual-level associations. The temporal scope of the analy-
sis may also limit its ability to capture long-term trends
or the effects of interventions, emphasizing the need for
longitudinal studies to validate and expand upon these
findings.

Conclusions

This study highlighted the complex relationship between
environmental factors, urbanization, and TB prevalence
in Nepal. High TB prevalence in Terai districts such as
Banke, Parsa, and Rautahat are linked to population den-
sity, poverty, and limited healthcare access. Therefore,
proposal integrating climate data into public health mon-
itoring systems is recommended. Significant correlations
between LST and TB prevalence indicated that climate
plays a crucial role in transmission, aligning with existing
literature. Urbanization exacerbates TB risk due to socio-
economic disparities and inadequate healthcare access.
Overall, our findings underscored the need for targeted
public health strategies considering environmental and
socio-economic factors. Utilizing spatial modeling tech-
niques can enhance the identification of high-risk areas,
supporting tailored interventions to effectively combat
TB in Nepal.
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