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Abstract The study proposes a dynamic spatio-temporal profile of the distribution of tuberculosis
incidence and air pollution in Romania, where this infectious disease induces more than 8,000 new cases
annually. The descriptive analysis for the years 2012-2021 assumes an identification of the structuring patterns
of mycobacterium tuberculosis risk in the Romanian population, according to gender and age, exploiting spatial
modeling techniques of time series data. Through spatial autocorrelation, the degree of similarity between

the analyzed territorial systems was highlighted and the relationships that are built between the analysis units
in spatial proximity were investigated. By modeling the geographical distribution of tuberculosis, the spatial
correlation with particulate matter (PM, ;) pollution was revealed. The identification of clusters of infected
persons is an indispensable step in the construction of efficient tuberculosis management systems. The results
highlight the link between the distribution of tuberculosis, air pollution and socio-economic development,
which requires a detailed analysis of the epidemiological data obtained in the national tuberculosis surveillance
and control program from the perspective of geographical distribution.

Plain Language Summary The study aims to identify the main geographical areas of tuberculosis
concentration in Romania, which are among the highest in Europe. At the EU level, public health policies aim
to strengthen integrated care services and further implement patient-centered approaches. Annual data at the
level of territorial administrative unit, by age and gender from the national demographic statistics, published
on the official website of the National Institute of Statistics, were used to relate the number of cases to the
population. The maps were produced using geospatial data published by the National Agency for Cadastre
and Real Estate Publicity and the official nomenclature of administrative territorial units of Romania, called
SIRUTA. Statistical data on the distribution of tuberculosis cases in Romania were obtained from the annual
reports of the National Tuberculosis Prevention, Surveillance and Control Program in Romania. The research
aimed to compare the geographical distribution of tuberculosis over the distribution of areas with the highest
values of particulate matter (PM, ;). Accurate identification of tuberculosis concentration areas and correlation
with PM, ; provides relevant data to optimize disease management policies.

1. Introduction

According to the Global Tuberculosis Report (GTR) (2022), tuberculosis (TB) is a globally prevalent infec-
tious disease that is now among the leading causes of death worldwide and is the leading cause of death from a
single infectious agent (GTR, 2022). Research shows that a quarter of the global population has been infected
with Mycobacterium tuberculosis, but the majority will not develop TB or will clear the infection (Behr &
Edelstein, 2019; Emery et al., 2021; Tiemersma et al., 2011). The frequency of pulmonary TB in Romania
differs from region to region, making interdisciplinary research necessary to understand the determinants of these
disparities. The literature highlights these geographical differentiations in numerous tuberculosis studies (Alene
et al., 2017, 2021; Chen et al., 2021; Gao & Du, 2018; X. Li et al., 2021; Y. W. Li et al., 2016; Sun et al., 2022).
Spatial heterogeneity points to the need for interdisciplinary analyses of disease transmission hubs in the commu-
nity. Their knowledge is important because they become nodes of disease transmission to the outside of the area
as well as within the community with new cases (Bishai et al., 1998; Munch et al., 2003; Small et al., 1994).
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Numerous studies link the geographic factors (population density, lack of running water, quality of housing,
geographical isolation, poverty, unemployment) to high levels of tuberculosis (Dangisso et al., 2014, 2015; Datiko
et al., 2008; Koh et al., 2013; Liu et al., 2012; Munch et al., 2003; Shaweno et al., 2017; Tadesse et al., 2013;
Touray et al., 2010; Trauer et al., 2019). Analysis of the spatial distribution of tuberculosis has been addressed
in several territories globally with the aim of identifying the main risk factors. Thus, Guo et al. (2017) analyzing
the distribution of tuberculosis in mainland China, revealed variations related to demographic, socio-economic
and meteorological factors. In Latin America and the Caribbean, the frequency of tuberculosis appears to be
correlated with inequalities in per capita health expenditure and in access to sanitation, which seem to define the
gradients of tuberculosis persistence in this area (Munayco et al., 2015).

Spatial modeling of tuberculosis has identified an important determinant in the development of this disease,
pollution and particulate matter affecting the primary defense mechanisms against Mycobacterium tuberculosis
(Huff et al., 2019; Ibironke et al., 2019; Lai et al., 2016; Popovic et al., 2019; Rivas-Santiago et al., 2015; Smith
et al., 2014; Zhu et al., 2018).

Knowledge of the spatial distribution of TB has an important role to play in developing strategies to eliminate
TB from affected communities, and integrating the spatial dimension into public policy-making in this area can
help to increase the effectiveness of public policies. Thus, spatial analyses should distinguish between dispersion
and diffusion patterns, an important differentiation in identifying spatial hotspots and the best TB management
systems (Alene et al., 2021; Oxlade et al., 2015; Sattenspiel, 2009; Shaweno et al., 2018; Sotgiu et al., 2021).

Research in high TB prevalence countries has revealed a spatial distribution pattern characterized by low access
to health services, high population density, high population mobility within and outside the community, poor
socio-economic conditions. These findings lead to a rethinking of public policies whose effectiveness depends
on their adaptation to the specificities of each administrative unit (Alene & Clements, 2019; Alene et al., 2020;
Carrasco-Escobar et al., 2020; Dominkovics et al., 2011; Shaweno et al., 2018; Tiwari et al., 2010).

The COVID-19 pandemic has had a significant impact on tuberculosis (TB) in various ways. Research studies
have been conducted to understand the consequences of TB on COVID-19 outcomes and vice versa during the
pre-vaccination period of the pandemic.

Here are some key findings from these studies:

1. Disruption of TB services: the COVID-19 pandemic has severely disrupted TB services, leading to health
facility closures, lockdowns, travel bans, overwhelmed healthcare systems, and restricted export of antitu-
berculous drugs. These disruptions have affected the diagnosis, treatment, and management of TB patients
(Jhaveri et al., 2022).

2. Impact on TB treatment initiation: Studies conducted in Canada showed a reduction in the initiation rates of
latent TB infection treatment and active TB treatment during the COVID-19 pandemic. This suggests that
the focus on COVID-19 may have led to a decrease in attention and resources allocated to TB prevention and
treatment (Geric et al., 2022).

3. Co-infection of TB and COVID-19: co-infection of TB and COVID-19 has been reported in some cases.
Studies from Turkey described the clinical features of 16 patients with co-infection, highlighting the need for
careful management and monitoring of these individuals (Giil et al., 2022). However, the overall prevalence
of TB and COVID-19 co-infection appears to be relatively low (Daneshvar et al., 2023).

4. Impact on TB mortality and adverse outcomes: the association between TB and COVID-19 mortality/adverse
outcomes is still not fully understood. Some studies reported heterogenous results regarding the association
between TB and COVID-19 mortality. However, it is important to note that the effects of COVID-19 on TB
outcomes could not be assessed due to limited data on TB outcomes during the pandemic (Jhaveri et al., 2022).

5. Immune responses and co-infection: patients with co-infection of TB and COVID-19 may exhibit dysregulated
immune responses compared to those with only COVID-19 or TB. Longitudinal studies are needed to confirm
these findings and expand our knowledge of the immune response in co-infected individuals (Flores-Lovon
etal., 2022).

Overall, the COVID-19 pandemic has posed challenges to TB prevention, diagnosis, and treatment efforts. The
disruptions in healthcare systems and the focus on COVID-19 may have impacted the management and outcomes
of TB patients. Further research is needed to fully understand the interaction between COVID-19 and TB and its
implications for public health.
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Figure 1. The territorial administrative structure of Romania.

This study aims to determine the spatial distribution of TB new cases and relapses in Romania, with the identifi-
cation of a stratification algorithm of infection risks related to the geographical component of the country, with
the identification of potential spatial hotspots for the spread of the disease in the community, through analysis at
the nanostructural level (at the level of all territorial administrative units) and which will subsequently allow the
creation of TB control guidelines for well-defined territorial units, in correlation with the administrative organi-
zation of the country.

This study aims to determine the spatial distribution of TB cases in Romania, with the identification of a stratifi-
cation algorithm of infection risks related to particulate matter (PM, ;) pollution, with the identification of poten-
tial spatial hotspots for the spread of the disease in the community, through analysis at the nanostructural level
(at the level of all territorial administrative units) and which will subsequently allow the creation of TB control
guidelines for well-defined territorial units.

2. Materials and Methods
2.1. Study Area

The research was conducted at the level of all territorial administrative units (TAU) in Romania (Figure 1), with
data interpretations being made at the TAU, county and the development region level.

2.2. Identification of Spatial Clusters

In order to spatialize the phenomenon, it was decided to aggregate the data at the level of territorial administrative
unit (TAU). In Romania, the territorial administrative unit (TAU) is the smallest form of political-administrative
organization of communities in the form of a territorial system with a specialized decision-making function regu-
lated by specific legislation (mayor and local council). The use of the territorial system as a unit of analysis in
the research approach plays a key role in the research design, providing interdisciplinarity with territorial systems
studies in explaining the phenomenon, and at the same time, pragmatism in the valorization of the research results
to decision makers.

Based on the aggregated data series at the level of the patient's territorial administrative unit of residence, the vari-
able of the frequency of tuberculosis cases (incidence-new cases and relapses) per 1,000 inhabitants was analyzed
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in cross-sectional approach, by year, using thematic maps (choropleth) with fixed legend. The result is recorded
in the maps in Figures 10a—10g. In order to identify spatial organization patterns in the tuberculosis phenomenon,
the Global Spatial Autocorrelation and Local Spatial Autocorrelation for the tuberculosis frequency variable per
1,000 inhabitants were used for the values 2015-2021 (the sum of yearly records). We opted for the aggregation
of values because the analysis aims to identify areas of persistence over time, and less of spread of TB infection.

Spatial autocorrelation highlights the degree of similarity (Rey et al., 2023) between the territorial systems analyzed.
As opposed to temporal autocorrelation, which involves time series of data on the same unit of analysis, spatial auto-
correlation investigates the relationships that are built between units of analysis in spatial proximity on the observing
variable. Overall spatial autocorrelation shows tendencies for similar values to cluster spatially or disperse (Rey
et al., 2023) across the data set and provides analytical techniques to answer questions such as: are observed values
randomly distributed or do observe similar values tend to cluster (positive correlation), or disperse (negative corre-
lation)? Local spatial autocorrelation customizes the analysis at the level of each unit of analysis and their neigh-
borhoods through scores that allow us to learn more about the spatial structure in our data. To measure the degree
of spatial autocorrelation we used the libpysal and esda libraries from the PySAL (Rey & Anselin, 2007) family
performing the operations: (a) determining the standardized spatial weighting matrix (W), (b) calculating the spatial
lag of the variable, (c) calculating the Moran's I-value and making the Moran's Plot to evaluate the null hypothesis.

The spatial weighting matrix (W) was constructed on the basis of spatial contiguity relations of the “Rook” type
between analysis units, determining for each analysis unit the set of analysis units with which it adjoins, thus manag-
ing to incorporate the spatiality relation into the explanatory model. A contiguity relationship was chosen, where
neighbors are identified by common boundaries, thus simulating the mode of spread of Mycobacterium tuberculosis,
which involves direct contact between source and target and transmission from one subject to another in close prox-
imity. The values in the contiguity-based spatial weighting matrix are identified as follows (Sarrias, 2020): let nn be the
number of spatial analysis units. The spatial weighting matrix (W), an n X n positively symmetric and non-stochastic
matrix with w;; elements at position i,j. The w; values, called weights for each location, are assigned according to
spatial relational rules, in our case, according to spatial contiguity. By convention, w; = 0 for the elements on the diag-
onal of the matrix (being the relations of the unit of analysis to itself). The matrix is populated according to the rule:

w;; = { lifiand j are contiguous 0 i f i and j are not contiguous (@))]

The resulting matrix determines the neighbors of each territorial unit, and assigns a weighting coefficient of one
unit (Equation 1) to each identified neighbor, but in order for the spatial parameters obtained to be comparable
between the analysis units, it is necessary to standardize on a per-unit basis. This operation is performed by
weighting the w;; values to one unit according to the formula (Equation 2):

s _ _Wij

.ij Z I/U,'j (2)
J

w

For example, if the Buftea analysis unit has the following set of non-null neighbors {“Buftea™: [1.0, 1.0, 1.0, 1.0,
1.0]} identified in the spatial weighting matrix, applying the row standardization operation to a unit yields the
series {“Buftea”: [0.2, 0.2, 0.2, 0.2, 0.2]}.

With a structure of neighbors defined by nonzero values in the spatial weighting matrix (W), the spatial lag vari-
able is a weighted sum or weighted average of the observed neighbor values on the same variable. The spatial lag
variable is denoted by y and is the product of Wy (Anselin, 2018) (Equations 3 and 4):

[(Wyli = winyr + wiyz + - + Winyn 3)
or
[Wyli = Z Wijyj 4)
=i

where w;; are the elements of the rows i in the matrix W, correlated with the elements of the y vector. In other
words, the spatial lag variable is a sum of the observed values in the neighbors. If the matrix W is standardized
(Equation 5) by the row standardization operation (our case), then, the spatial lag operator is a weighted sum of
the observed values at neighbors (Equations 6 and 7).
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Figure 2. (a) Moran spatial autocorrelation chart; (b) Comparison of the p-value with the reference distribution.

At this point we can assess global spatial autocorrelation on the frequency variable per 1,000 population cumu-
lated between 2015 and 2020. Using the Moran plot (Figure 2a) we can observe each unit of analysis referenced in
two axes: the variable analyzed (X-axis) and the spatial lag variable associated to the variable analyzed (Y-axis).
In the case of the Moran chart, referencing is done by standardizing the values using the standard deviations
determined for each variable at the level of the units of analysis. For the resulting point cloud, the linear regres-
sion line is determined, and the slope coefficient of the line, called Moran's I indicator, represents the degree
of overall spatial autocorrelation at the level of the variable under analysis, and the sign of the slope coefficient
indicates the direction of correlation (in our case, positive correlation), which means that large values at the level
of the units of analysis tend to influence observations in the neighborhood.

To perform the test of significance of spatial autocorrelation the null hypothesis is established (HO): There is no
spatial correlation in the distribution of tuberculosis at the level of territorial TAU systems in Romania. The esda
package (in PySAL) gives us the possibility to compute the p-value (moran.p_sim) which expresses the proba-
bility of obtaining the same Moran's coefficient I under spatial permutation of existing values. Using the splot
package (from PySAL) we were able to make the plots in Figure 2, which help us visualize the Moran plot and the
Reference Distribution (Moran's I coefficient values for each simulation). Based on the p-value and Figure 2a we
reject the null hypothesis, that is, that the distribution of the variable is not random in the analyzed map.

Local spatial autocorrelation involves investigating the relationships at the level of each unit of analysis with its
neighbors by determining Local Indicators of Spatial Autocorrelation. Local Indicators of Spatial Autocorrela-
tion provides a calculated statistical value for each unit of analysis that is associated with a significance test. For
the present analysis, Moran's local I indicator was used to determine the similarity or dissimilarity between the
observed value and the spatial gap variable at the level of a unit of analysis. Using the esda and splot package
(from PySAL), Moran's local I value were calculated, accompanied by an assessment of the significance of
the p-values. 952 are considered significant considering the p = 0.05 threshold, that is, approximately 30% of
the territorial administrative units fall into spatial clusters. Units of analysis with p-values <0.05 are classified
into the following clusters: HH: high observed value, high spatial lag value, called hotspot; LL: low observed
value, low spatial lag value, called coldspot; HL: high observed value, low spatial lag value; LH: low observed
value, high spatial lag value (Figures 3a and 3b).

Local spatial autocorrelation analysis has been applied also to the data series of PM, ; (Figures 4a and 4b). An
average of the values was determined at the territorial administrative level for 2015-2021 interval and local
spatial autocorrelation has been applied, resulting in the following outcomes: there is a very high level of spatial
distribution of data (Moran I = 0.96) with the test of significance for spatial autocorrelation that has rejected the
null hypothesis (HO: there is no a spatial distribution of PM2.5.)

The local spatial autocorelations applied analysis technique offered us two nominal variables (clusters of tuber-
culosis and clusters of PM, ;) that describe two independent phenomena on the same territory, both of variables
referenced at the same analysis unit (territorial administrative unit) (Figure 5). In order to understand the corre-
lation between these two independent nominal variables we applied Chi-Square independence test, with HO: The
two variables are independent.
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Figure 3. Tuberculosis recorded between 2015 and 2021: (a) graphical distribution of clusters and (b) space cluster statistics.

The null hypothesis is rejected with a Chi_square value 642.35, a p-value <0.005 and 12 degree of freedom deter-
mined by scipy.stats python package. The Cramer’V indicator value is 0.259, giving us a level o association on a
scale from O to 1 (where 0 indicates no association, and 1 indicates a perfect association.)

3. Descriptive Data Analysis

Information on tuberculosis cases was obtained from the Marius Nasta Institute of Pneumophthisiology, the unit
that coordinates the National Tuberculosis Prevention, Surveillance and Control Program in Romania, represent-
ing the consolidated national database of all tuberculosis cases registered annually in Romania. The database
contains annual information from 2012 to 2021, at the anonymized patient level, and has been used in compliance
with GDPR policies. In determining the variable number of registered cases, new cases and relapses registered
annually were entered, and records were aggregated at the level of the analysis unit (territorial administrative unit
or county) on the analysis dimensions: age, gender, affected organ. For data spatialization, aggregation of records
by county (for the whole 2012-2021 data set) and by territorial administrative unit (for 2015-2021) was used. To
report the number of new cases and relapses to the population, annual data at the level of territorial administrative
unit, by age and gender were taken from the national demographic statistics published on the official website of
the National Institute of Statistics (Tempo online). The maps were produced using geospatial data sets published
by the National Agency for Cadastre and Real Estate Publicity on the official open data website (https://data.
gov.ro/), coordinated by the General Secretariat of the Romanian Government, and the official nomenclature
of administrative territorial units of Romania, called SIRUTA. The data were integrated and processed in a
PostgreSQL database where various views were created for data analysis and visualization. Office Excel 2019
software was used for the application of descriptive analysis techniques, and QuantumGIS and the geospatial
statistical analysis packages PySAL and geosnap were used for geospatial analysis (Rey & Anselin, 2007).

The methodology of the first part of the paper replaces descriptive research and aims to identify patterns in the
structuring of Mycobacterium tuberculosis disease in the Romanian population by gender and age, using time
series visualization techniques. The exploratory approach of the research aims to obtain answers to the following

s Moran Local Scatterplot Non_signiﬁcant 1357
7 . HH 862
i, S LL 966
& " e
N b.

Figure 4. Average of PM 2.5 values for 2015-2021 in AQLI database (a) graphical distribution of clusters and (b) space
cluster statistics.
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Figure 5. Contingency table matrix.
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spatial organization patterns in the tuberculosis phenomenon in Romania?

Obtaining answers to these questions can explain relationships and causal-

ities in the morphology and dynamics of tuberculosis infection. It can also
identify and explain structural characteristics of tuberculosis distribution, thus assisting national health policies,
focusing decisions on prevention actions or guiding future research directions to understand the mechanisms of
the onset and spread of tuberculosis infection.

In the analysis, the annual values of TB new cases and relapses were used, as well as the ratio of these values per
1,000 inhabitants according to the formula (Equation 5):

Number of New Cases and Relapses x 1000
Population

Year frequency = 5)
The two variables, the number of tuberculosis cases and the frequency of tuberculosis cases per 1,000 inhab-
itants, were disaggregated by age, gender and place of residence at the level of territorial administrative unit
(2015-2021) or county (2012-2014) of the patient as well as by affected organ (pulmonary vs. extrapulmonary).
Using data series visualization techniques, it was possible to identify the structuring of the tuberculosis disease
phenomenon in the Romanian population.

Line-chart, bar chart and heatmap time series visualization techniques were used to present the structural evolu-
tion of tuberculosis cases. These visualization techniques show patterns of distribution and correlation between
age, gender and affected organ. By using the heatmap technique, highly affected population cohorts and how they
evolve over time are highlighted. Understanding the dynamics of how the Mycobacterium Tuberculosis disease
phenomenon is structured along different dimensions of analysis was achieved by timeline visualizations of the
main indicators in absolute values (number of tuberculosis cases) or relative values (shares of total registered
cases) using the secondary axis (Figure 6a) and adding the trendline representation for the data series (Figure 6b).

One of the research directions of this work is to understand the evolution of tuberculosis in the context of the
COVID19 pandemic. Explaining the impact of the COVID pandemic was done by measuring the percentage
difference between the number of cases actually registered and the number of cases estimated for the years 2020
and 2021 based on the trend determined by simple linear regression from 2012 to 2019 (Equation 6):
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Figure 6. (a) Evolution of TB cases by location; (b) Specificity of the evolution of the number of TB cases during the COVID-19 crisis. Abbreviations: P, Pulmonary;

ExP, Extrapulmonary.
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Figure 7. Loss level (%) of recorded new cases and relapses of TB in 2020 compared to 2019.

. observed value — expected value
Percentage discount = 6)
expected value

Applying the simple linear regression model for the values recorded between 2012 and 2019 the regression equa-
tion was determined (Equation 7).

y = —815.62x + 17301 ©)

The equation obtained (Equation 3) explains more than 98% (R2) of the variation in the number of tuberculosis
cases between 2012 and 2019. Based on the slope coefficient (—815), the expected values for 2020 and 2021 were
determined, and using formula (Equation 2), the percentage reduction in 2022 was calculated, where the observed
value is the value recorded by official statistics and the expected value is that determined by the slope coefficient.

Understanding the spatial structuring of percentage reductions at the county level in Romania was achieved using
spatial visualization techniques with choropleth maps (Figure 7, Figure 10).

By using heatmap visualization techniques, tabular representation on two axes each representing a variable (x-axis for
the annual time series and y-axis for the analyzed variable), and coloring the cells according to the value entered in the
cell on an intensity scale, the behavior of the phenomenon recorded over time by different age and gender categories
was highlighted (Figure 6). In Figure 7, the heatmap visualization was used to understand the relationship between
the frequency of tuberculosis in men and that recorded in women (Figure 7a), and to visualize the distribution in the
population time-series structure of recorded values by affected organ (pulmonary vs. extrapulmonary, Figure 7b).

For the spatial modeling of (PM, ), the Donkelaar et al. (2021) database, version V5.GL.03 was used, public
data that can be accessed directly at: https://sites.wustl.edu/acag/datasets/surface-pm2-5/. The representation of
the data set in spatial models was done in order to highlight the geographical areas where values above 20 pg/m?3
were recorded for the period analyzed, the limit set by law no. 104 of 15 June 2011. QGis, a free and open sources
geographic information system, was used to produce the maps.

4. Results

4.1. Tuberculosis Evolution in Romania

In Romania, by 2020, the trend of TB new cases and relapses recorded in official statistics was to decrease by
—5.7% (—815 cases) annually. During the pandemic period, the number of cases decreased by an average of 30%,
practically 10,557 cases were expected to be identified, but 7,189 cases were registered, compared to the possible
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trend without the impact of the pandemic (Figure 6b). This downward trend is more pronounced in Romania
than in the rest of the European Region, as recorded in the Global Tuberculosis Report 2022. According to the
recorded statistics, extrapulmonary TB represents 18% of cases, with a slightly decrease in recent years, a trend
that continues during the pandemic period, when no significant changes are observed in the ratio of pulmonary
to extrapulmonary TB (Figure 6a).

Comparing the loss of recorded new cases and relapses in 2020 against 2019 at the county level, there is a signifi-
cant variation in the TB statistics behavior across the country. Seven counties have lost more than 40% of records,
while only one county keep a level in an expected trend (Figure 7). The data obtained require a two-way assessment
of the situation, both in terms of the number of COVID-19 cases recorded, the restrictions applied in the respective
territories, and an analysis of the health system and how resilient it has been during the pandemic period.

Analyzing the distribution of tuberculosis new cases and relapses by age and gender, although in Romania,
tuberculosis affects all ages, regardless of gender, it can be seen that certain age groups are more often affected
(Figure 8a, Table 1).

From the gender distribution of tuberculosis new cases and relapses we see a uniform distribution in the first
age segment analyzed (16-23 years), but in the older age groups males predominate as the most affected by the
disease (Figures 6b and 6c).

The gender ratio between the affected populations is measured in Figure 9a, where we see that in the +30 gener-
ations, men are the most affected by this infection, with values as high as 7:1 around the age of 50, while the
younger and adolescent generations are similarly affected. Furthermore, the adolescent generation is the segment
with extrapulmonary forms of tuberculosis, with a 1:3 ratio of extrapulmonary to pulmonary cases, shown in
Figure 9b. The same Figure 9b further nuances the characteristics of the 16-23 age segment, as follows: pulmo-
nary TB follows a generational trend, similar to trends at older ages, but extrapulmonary TB is the one that starts
in an age segment, regardless of generation.

4.2. Spatial Distribution of TB in Romania

From a spatial perspective, tuberculosis is present throughout Romania, with higher presence and continuity in
the Oltenia, South-West Muntenia, South Moldavia and Danube Delta areas. The annual distributions in time
series with fixed legend show a decreasing trend (Figures 10a—10g), without showing regional trends. The map
in Figure 10h shows the frequency per 1,000 inhabitants for the years 2015-2021 revealing the areas where tuber-
culosis records predominate, these are better identified by the spatial autocorrelation operation (Figure 10i) which
more clearly identifies the areas where tuberculosis is significant.

A manually defined legend was used to locate the extreme TB areas to highlight areas with less than 1 case
per 1,000 population and areas with more than 10 cases per 1,000 population over the 2015-2021 time-
frame (Figure 11a). Thus, qualitative research to identify the enabling/disabling causes or conditions for the
occurrence/non-occurrence of TB will be able to focus on specific communities, identified exactly on the map in
Figure 11a. Figure 11b shows the distribution of spatial clusters identified on the basis of local spatial autocorre-
lation. The 327 (Figure 3b) administrative territorial units that are part of the HH cluster are now spatially located
and considered as tuberculosis prevalence areas in Romania, and specific prevention policies can be formulated
for them. Prevention policies can be decentralized and focused on the areas identified as a problem.

4.3. Geographical Distribution of Particulate Matter in Romania

Analysis of PM, ; distribution revealed the association with an increased risk of tuberculosis infection, a link
already highlighted in the literature (EIf et al., 2018), with the results validating the hypothesis of correlation
between PM , 5 and risk of tuberculosis infection. The geographical distribution of particulate matter (PM, ;)
highlights the link between high TB values and the maintenance of air pollution with particulate matter over long
periods of time. In the south-west of Romania, Bucharest, Timigoara, Iasi and their emerging area, values above
or close to the maximum concentration allowed (20 pg/m?) are recorded (Figure 12a).

The geographical distribution of particulate matter (PM, ;) emphasize the relationship with industrialized areas
in Romania (Figure 12a) and the regional context of Balkans (Figure 12b). Local geospatial clusters of PM, g
have been determined and overlapped with local geospatial clusters of tuberculosis calculated for the same period
of time (2015-2021). Both of the phenomena are geospatially related and, based on chi-square independence

PEPTENATU ET AL.

9of 18



GeoHealth 10.1029/2023GH000972

ADVANCING EARTH
AND SPACE SCIENCES

AGE\Y 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 AGE\Y 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

0 03434 01912 02176 02282 0.123 01826 01642 0.1271 01033 0.1205 (1] 03884 01772 01564 02243 0121 01579 0.183 01257 00674 00622 0301 02045 02753 02318 0.1041 02061 01463 0.1285 01375 01751

1 0272 0301 01775 02553 01973 02525 01578 0149 01489 0.1043 1 02291 02798 01877 02633 02331 02306 01375 01051 01147 00778 03128 0321 01679 02479 01633 0273 01771 01907 0.1814 01296
2 01986 02008 02429 02139 02392 0.1767 02077 01523 00693 00705 2 02133 02018 02601 02349 01711 01412 02295 01368 00664 00869 01847 02 02268 01941 03033 02103 01873 0167 0072 0055
3 01982 02333 01697 01542 01799 02286 02004 01251 00568 00837 3 01863 02313 0156 01686 0.1657 02908 01808 01093 00486 00955 02094 02353 01827 01406 01934 01701 0219 01399 00645 00726
4 02021 0194 02119 01911 01441 01229 016 0117 00862 00665 4 01628 02131 0225 01735 01186 0107 01899 01002 01286 00877 02392 0176 02018 02077 01682 01379 01318 01329 00464 0.0463
5] 01965 0211 01899 01594 01994 01487 01697 01305 0073 0051 5 02689 01991 02044 01597 01912 01184 01843 00797 007 00383 01277 02223 01762 01591 02071 01772 01558 01784 00758 00629
6 02154 01617 0198 01807 02064 01018 01197 01082 00531 0.0931 6 02392 01346 01449 02215 01682 01001 01083 00678 00597 00806 01928 01874 02482 01422 02424 01035 01303 01464 00469 0.1049
7 01243 02199 01181 01887 01633 01762 01061 00908 0.0987 00681 7 0128 01862 01705 01626 01858 01947 01272 00492 00967 00802 01207 02517 00682 02134 0142 01587 00861 01302 0.1006 00567
8 02269 01688 01682 01876 01841 01417 01416 0.0618 0043 00706 8 02291 01464 02041 01791 02255 01326 01149 00635 00295 00774 02248 01898 01343 01957 0.1449 01503 0.1668 00602 00557 0.0641
9 01492 02093 02133 01809 01918 01489 0193 01243 00573 0.1004 9 01579 02476 02381 01595 01789 01352 02031 01059 00544 01082 01409 01731 019 02011 0204 01619 01834 01416 00601 0093
10 01742 01448 01871 01775 01678 01089 01313 00985 00642 0.0618 10 02023 01301 02019 02012 02124 00894 01531 0050 00794 00635 01477 01587 01732 01552 0.1256 01275 01106 00916 00499 0.0602
11 02107 01789 01132 01691 01729 01419 01132 01049 00599 0.0728 11 02254 01841 01395 0165 0128 01769 01072 0099 00441 00972 01968 0174 00882 0173 02153 01088 01189 01106 00749  0.05
12 01115 0173 01432 04719 0129 04774 01418 00871 00656 0.1201 12 0132 01822 01658 01672 00916 01645 0168 00804 0054 01236 00919 01642 01219 01763 01642 01895 01171 00934 00765 01167
13 02013 01931 01984 02102 01673 01556 02127 01375 00522 0127 13 02362 02291 02084 01933 01857 0174 02649 01856 00536 01802 01678 0159 0189 02263 01498 01383 01636 0092 00509 0.0766
14 03375 02916 0305 02829 0246 01674 02357 0.164 01504 0.0872 14 03827 03504 03527 033 02761 02322 02931 0.1919 0.1591 00984 02947 02353 02596 0.2383 02176 0.1058 0.1815 0.1378 0.1422 0.0766
15 03435 0391 02914 02866 02217 02314 01242 0.1939 15 03627 0419 03595 03704 0.2867 0.2947 02508 02841 0.1737 0.2746 04595 05061 03281 04105 02959 02789 0.194 0.1816 00775 0.1174
16 s01 05068 04354 03673 03439 01646 02576 16 0623 06988 06068 05527 05028 04173 03409 03159 01832 03113 05612 04861 05659 04628 03604 04524 03923 03705 0147 0207
17 05 o c 05378 04144 03943 02851 0.2851 17 06824 09619 06%01 06159 05969 05386 03827 04146 02601 03303 07453 05874 07299 06507 06315 0537 04444 03752 03088 02424
18 04484 03941 03007 02451 18 067 07088 06868 0755 05545 05634 03718 03837 024 02797 08519 08014 08179 07025 05322 05212 04039 03582 02124
19 05261 04658 02331 02653 19 07874 07209 07011 08131 05647 06184 04316 04519 02006 o 08195 08624 06526 06168 04791 02637 02713
20 05656 05422 02671 03009 20 07656 07432 06794 06845 0581 06288 05373 05013 02301 07639 09052 07318 05924 05815 03021 03461
21 0493 05633 03047 03618 21 07813 06209 0679 0599 06076 04366 04821 02457 09099 0879 05468 06398 03611 0386
22 3 0371 03429 22 07762 08191 07482 08218 06836 0383 0552 03557 07456 08921 06031 06287 03855 0369
23 0 05713 0453 03246 03832 23 09462 06001 06274 06757 06026 04425 04339 03062 07215 07673 06933 04713 03421 04434
24 05163 05831 02958 03544 24 07829 0772 06001 05808 05712 05081 05918 02729 3 07046 05982 0524 0575 03176 04351
25 04036 03349 0304 25 06423 07771 06563 05324 06107 05298 03397 03365 02637 07744 07442 06738 05497 04642 03334 03423
26 04787 03933 03263 26 06004 06481 07153 06619 04847 05097 03382 04286 0395 07968 07053 0581 07134 0612 03598 0.2615
27 05352 04929 02932 03206 27 0592 05608 05254 06364 0534 04028 04317 02271 03292 07906 07713 07041 06619 05507 03558 03124
28 05634 05277 05336 04246 02672 03424 28 06288 05502 0527 05592 04393 03881 03948 03093 03209 08964 05675 06128 06733 0453 02275 03627
29 05046 05519 0493 04381 02635 03474 29 04874 04765 04845 0408 04864 04216 04103 02201 02865 07841 05971 06145 05615 04648 03048 0.4048
30 04994 05569 05368 04608 03381 03153 30 05287 05409 05194 03171 04421 04353 03477 02306 02334 08063 06732 06666 06337 05691 04408 03933
31 0558 05167 05305 04642 03445 04114 31 04933 04028 05142 04584 03293 04527 03954 0263 02537 07987 0653 0695 06048 05296 0.4225 05619
32 05149 03997 03959 04402 0322 03608 32 05154 04246 04471 03472 02751 02988 02993 01944 02852 08844 06748 05183 0488 05743 04431 04331
33 0495 04789 03854 03316 03434 33 04685 04936 04189 03843 0354 03966 02741 02139 02331 08033 06132 06202 05572 04907 04434 0448
34 05075 04578 0409 03062 03096 34 05065 0.4363 04006 03561 04287 03199 02801 01665 07883 05827 05887 05313 04382 04165
35 05302 04607 04206 03045 03293 35 04 05015 04743 04173 03278 03465 03394 0.1885 07197 07229 05693 04975 04142 0.3987
36 05054 04487 04753 03202 0337 36 0415 04319 04699 04369 03465 02761 02394 0206 06384 06572 06127 06992 04456 04314
37 04405 04873 0248 03001 37 04637 03937 0406 04116 02918 03191 03336 01384 07485 05824 06728 06332 03518 04208
38 0 05025 0263 03186 38 05256 03722 04912 03536 03106 02919 03083 0415 08857 07956 07009 06877 04033 04176
39 05224 03223 04312 39 04879 04676 03996 03512 03595 03162 02867 02532 0689 08727 07468 03882 0.6109
40 03535 0.4087 40 04579 04341 03564 04054 03626 02858 02681 01731 07765 08471 08467 05251 06302
41 03882 04331 41 04196 03878 03984 03675 03356 0287 03071 02092 O 6 0 446 08853 0911 08675 05595 06291
42 03915 0.4203 42 04082 04374 03765 03143 03522 0336 03359 0.1643 0. 10117 10 08495 0.6092 0.6377
43 03698 0.4181 43 04934 03434 03805 02945 03269 03204 02658 01463 08975 05823 06665
44 03929 03919 44 0408 03933 03603 02829 03069 02968 03207 01845 05924 061
45 04508 0.487 45 04371 03727 04344 0246 02893 03662 02668 02032 06838 0.7665
46 04811 0.4679 46 04393 03575 02565 03188 03068 03128 02425 02366 07157 0.7432
47 05116 0.4945 47 03357 05351 03897 03156 02587 02908 03131 0.1657 08492 0.8472
48 05139 04959 48 0.3459 04373 04152 03187 02667 02388 02858 0.1917 0829

49 04816 0.5046 49 03726 02805 03204 03121 04185 02084 0285 0.2037

50 04578 0.4811 50 04429 02874 03249 03641 02958 03824 02798 02316 01377

51 0.4658 qss75 51 03664 03163 03602 02935 02157 0.1779 0.3048 02941 02231

52 0.4984 52 05085 03676 03249 0458 02453 0258 0.1953 04013 0.1316

53 0 05735 53 0379 04424 0376 03033 03226 03118 01835 0.1192 02186

54 54 0317 02973 03758 03136 02816 01942 02057 02259 0.1366

55 0.4183 55 04477 02686 04349 03982 02505 02981 02356 0256 0.1762

56 05046 0. 56 0374 0377 03138 03654 02345 02085 03223 02201 0.1243

57 05107 57 03357 03585 0269 02968 02427 02426 02745 02081 0.1473

58 049 04779 58 04346 04629 02838 03815 02731 02969 02648 03266 01317 0815
59 04717 04939 59 03657 03232 03904 03156 03095 02428 0219 03081 01752 07942 08503
60 04562 0.4934 60 02987 03416 03392 04061 02638 02868 02315 0207 01691 07752 08018
61 04439 04329 61 03479 03353 03107 03078 02621 01693 03014 02074 01479 07807 07849
62 04597 0.4402 62 03143 03782 03796 02657 03519 03418 03108 02279 01176 0857 07527
63 04108 0.4429 63 04402 03307 02796 02717 0275 03413 02734 02212 01341 07348 06933
64 055822 3 05835 04354 03656 64 0445 04124 03006 01861 02463 02153 02111 02235 0.1675 0755 05862
65 0.4925 05521 03645 03619 65  0263¢ 04053 03844 03715 02718 01992 02036 02347 01861 0. 07599 09419 09351 05813 0657
66 04926 0.4827 05172 03411 04103 66 03792 03736 03193 03229 02736 02541 02233 02699 01511 07647 0764 07642 08216 05742 07018
67 05236 04603 05167 05448 03201 03372 67 0458 04177 03518 02867 03274 02633 03004 02921 0.1655 07702 07092 07873 0862 05137 05675
68 04389 0435 03491 03452 68 04512 03004 04129 02563 03285 0307 02249 0145 01555 07142 0805 0598 05815
69 04572 0577 05835 04985 03165 02823 69  043% 05465 04042 04655 02699 02958 039 02501 01989 08357 0824 0469 0454
70 05367 0.4639 05589 03203 03394 70 05227 02988 0434 04116 03123 02463 03982 02646 01527 08375 07519 05444 05615
71 05417 03469 02538 71 04023 05132 03598 04431 03794 04249 02995 02971 02158 08241 0: 0525 03978
72 02733 03972 72 06047 04514 05456 04573 04648 02728 03745 0247 01315 07292 10289 0465 05655
73 02718 03506 73 05778 05289 05441 04411 04464 04052 04519 03837 0091 08472 08355 05259 05054
74 0572 0309 0.2959 74 0597 06718 0659 05911 04428 03531 02818 03098 01653 072 08905 07352 07082 05204 05125
75 0509 05848 0232 04037 75 06089 0726 04884 05329 03211 04227 03768 04681 01483 07931 0.8304 03563 05153
76 05394 0.4987 03724 02157 76 07158 0744 04682 06482 04711 03883 0319 0453 02619 06472 06696 09745 0673 05418 03467
77 03117 0327 77 08227 0669 05035 0563 03271 06181 04393 05414 0288 07907 07431 06419 06281 03488 0.4547
78 02793 0289 78 0629 06054 06908 05394 0357 06072 04683 04588 02185 08305 06914 07947 10782 05324 03791 04220
79 0381 03502 79 07195 05088 05769 05649 04418 04702 05468 04576 03676 08861 0.7403 07428 0.4034 0.4609
80 03322 02567 80 05485 06016 03747 06282 04145 0506 03618 03949 03351 01347 i 07682 08384 0785 03271 04692
81 03649 03615 81 05061 04997 05898 03422 05315 0444 03831 04134 02894 03467, 09126 07939 07978 08025 0502 03883
82 osi71 ossas 01573 0.3539 82 04463 05174 04426 04756 03873 04498 03403 0456 0.1149 02849 07019 05847 08471 0855 04952 06256 02341 04842
83 05503 05653 0.5487 0526 02725 02772 83 06135 0.4342 05292 03757 03915 04227 03735 04215 02166 o,zsum 07511 06297 0855 0.8005 08033 06792 03773 03257
84 05344 04736 04853 05043 02058 02152 84 07045 05369 0564 0546 04359 04676 04662 0.4304 0.1857 02397 @ 07033 04319 09245 0542 0517 02434 0.1672

85+ 04122 04643 03423 03545 03534 04144 03091 03549 01268 01593 85+ 03232 02873 02895 03297 03282 03441 02474 03378 00862 00992 05888 0812 04454 04031 04028 05523 043 03883 02067 02796

a b c

Figure 8. Evolution of TB frequency per 1,000 inhabitants by age; (a) total; (b) female; (c) male.
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Table 1

Structural Characteristics of Affected Cohorts

Age Cohort characteristics

16-23 It is characterized by a strong onset around the age of 15-16, regardless of generation. The behavior over time

of this segment of the population affected by tuberculosis shows that the triggers of tuberculosis are linked
to the dynamics of social life, the socio-economic context of the population in this age group and there are
no other aspects linked to the characteristics of the generation in question

45-55 The population included in the age segment of 45 years, as well as those aged 48-55 years in the year 2021,
respectively people born in 1976 and between 1973 and 1966 have a different behavior, new cases and
relapses occur predominantly within the generation and do not trigger at a certain age, which leads us to
focus our research in investigating this population segment in its historical evolution, in specific aspects
related to that generation (specific medical vaccination policies applied, specific socio-economic conditions
of the generation, etc.), highlighting possible intrinsic causes and less on current living conditions

test, both of them are corelated with a level of association of 0.26 (Cramer's V indicator) on a scale from O to 1
(Figures 12c and 12d).

5. Conclusions and Discussion

The results show the same trends in the management of TB diagnosis in Romania as those observed globally in
various countries in 2020, with the TB frequency rate falling in the first year of the pandemic globally by 9%,
while the global rate of decline in frequency was 2%, according to the Global TB Report. Differences in Romania
are significantly different from the global report, with an average decrease of 30% in the loss level in Romania,
which requires a careful analysis of both the health system and the way in which local authorities have managed
the need for medical care for patients with tuberculosis (Chakaya et al., 2020; Jain et al., 2020). In the North
region of Brazil, for example, the tuberculosis detection rate in 2020 fell by 4.5%—16% (Costa et al., 2023).

Another research direction of our study aims to analyze age-gender paternity in the frequency of tuberculosis
cases. Most studies point out that the main factors that induce an increase in tuberculosis cases are malnutrition,
poverty, diabetes, smoking and air pollution, with no correlation identified with gender or age (Lee et al., 2020;
Noubiap et al., 2019; Reid et al., 2019; Stoichita et al., 2021). The statistically analyzed data show a distribution
of pulmonary tuberculosis cases in favor of men, similar to other studies in the literature, probably as a result
of the social characteristics that the male sex has: involvement in heavy work, choice of jobs involving longer
commutes, excluding a genetic determinism component in the increased prevalence (Shaweno et al., 2021). In
our study, three such clusters of increased frequency are noted for the period analyzed, in the population born in
specific periods such as 1950-1952, 1967-1969, and 1989-1991. These periods can be associated with important
social and economic changes in Romania. The population of the first cluster 1950-1952, is the one impacted by
political changes, with the establishment of the communist regime and increasing urbanization. The second clus-
ter, 1967-1969, coincides with the period immediately following the national decree banning abortions in 1966,
leading to an increase in the birth rate while the socio-economic difficulties specific to the communist period
in 1980s Romania increased. In the case of the third cluster, 1989-1991, the generation born during the 1989
revolution was influenced by the years of transition to capitalism and the inherent challenges of the period, which
impacted the socio-medical system. The data obtained, however, require further analysis of socio-economic
and educational conditions. The third line of assessment of the frequency data identified geographical areas of
concentration of tuberculosis. Spatial patterns identified TB concentration in poor regions of Romania, where
access to health services is limited by lack of health care, low income and poor education, a situation scientifically
confirmed by previous studies. The spatial correlation between high values of TB and particulate matter (PM, ,)
opens an important direction for interdisciplinary research, as the determination relationship is evident. Future
research needs to establish the weighting level of the pollution degree in the TB determinant matrix.

The comparative evaluation of the two spatial distribution maps of tuberculosis and PM, ; particles reveals three
distinct areas on the territory of Romania. On the one hand, we are talking about clear areas where the risk of
tuberculosis is not correlated with the level of pollutants, or areas where, although PM 2.5 pollution is increased,
the number of tuberculosis cases is below the national medicine. However, our study highlights two areas with
increased risk of TB infection that overlap with two geographical territories where pollution is increased, as is the
incidence of tuberculosis. The evaluation of the risk of tuberculosis infection from the perspective of air quality
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Figure 9. Structural elements of TB frequency: (a) The ratio of the frequency of cases in the male and female population (M/F) per 1,000 inhabitants and (b) Evolution

of TB cases by body location.

and not only of predisposing factors related to socio-economic conditions creates a different perspective on the
needs that health policies must adopt. Similar research demonstrates an increased risk of tuberculosis infection
after exposure to fine PM2.5 particles (Lai et al., 2016). The study by Lu and co-workers, claims that a 10 pg/
m3 increase in PM 2.5 concentration increases the cumulative relative risks of tuberculosis by up to 1.10 over a
period of 10 months, without bringing into question other risk factors (Lu et al., 2023).

Our study highlights that tuberculosis infection respects the known risk patterns, namely social conditions, low
living standards, the degree of control through health policies, but through the analysis it brings into question
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Figure 10. Frequency of TB new cases and relapses at territorial administrative unit (TAU) level: (a) 2015, (b) 2016, (c) 2017, (d) 2018, (e) 2019, (f) 2020, (g) 2021,
(h) 2015-2021, (i) Spatial Lag for 2015-2021.
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Figure 11. Spatial clustering. (a) spatial autocorrelation of cumulative tuberculosis frequency (2015-2021); (b) spatial clustering.
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Figure 12. (a) Geographical distribution of annual average values of particulate matter (PM, ;) in Romania between 2015 and 2021. Local spatial autocorrelation of
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clusters.

in the most obvious way the relationship that air polluted with PM2.5 it has to do with TB infection, an aspect
highlighted by Ma Z's study which establishes the role of PM 2.5 as essential, but alongside other social and
environmental factors (Ma & Fan, 2023).

The main contribution of this study is to highlight the importance of research on the spatial dimension of TB case
frequency for the development of control policies based on complex data sets that address both the disease and
the geographical context of its occurrence and spread. Research on the environmental conditions in a geograph-
ical area is an important avenue for analyzing the factors that determine the development of TB, with high
concentrations of pollution being an important factor in the onset of respiratory diseases (Ibironke et al., 2019;
Lai et al., 2016; Mahler et al., 2023; Popovic et al., 2019).

Moreover, the methodology used in this research could contribute to the development of methodologies for
analyzing processes that are strongly influenced by spatial factors, such as fractal analysis, the relevance of which
is highlighted in numerous studies (Andronache et al., 2017, 2019; Diaconu et al., 2019; Petrisor et al., 2016;
Simion et al., 2021), and the development of interdisciplinary approaches to understanding highly complex
processes (Branisteanu et al., 2022; Busnatu et al., 2022; Halip et al., 2022; Ion et al., 2022; Ionescu et al., 2021;
Paduraru et al., 2018).

The analysis of the distribution of tuberculosis at the level of administrative territorial units is the main advantage
of this research because it allows the stratification of tuberculosis risk not only at the county level, but at the level
of the administrative territorial units, which would allow a much more efficient management of the medical and
social assistance that these cases require. Overlapping the risk maps produced in scientific research provides
two distinct patterns visible in Romania. Our study provides, through the spatial patterns used and the period
analyzed, the delineation of areas of increased risk of tuberculosis frequency, a situation that can be the basis
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for the future recommendation of active tuberculosis screening programmes, reforming the health system so that
tuberculosis management focuses on these areas with specific particularities, in accordance with the allocation
of funds for communication and education campaigns to the local community according to the specificity of the
region.

The downward trend in the frequency of tuberculosis cases over the last 20 years creates the need to adapt the
analysis model in order to make the best use of socio-medical resources in a country where both social inequal-
ities and access to the health network are uneven. The distribution of TB shows a high degree of heterogeneity
determined by a complex of factors: individual factors associated with risk of disease, environmental conditions,
social marginalization, limited access to health services, which increase the need for psychological support in
these patients.

The distribution of TB is very heterogeneous due to several factors: individual factors associated with the risk of
the disease, environmental conditions, social marginalization, limited access to health services. The analysis of
the risk of illness from the perspective of the effect of PM, 5 and the impact of air quality on the degree of illness
brings important information not only to restore tuberculosis control measures but also to draw up the main
necessary health policies.

The spatial design of tuberculosis case frequency, correlated with risk levels at the level of the Autonomous
Community, complements the classical methods of analysis of this disease by including the spatial dimension in
understanding the geographical and socioeconomic context of the people affected. The results obtained here pave
the way for future research in geographical areas with different TB concentrations. In addition, it is expected that
this approach will provide valuable information in identifying the extent to which socio-economic and environ-
mental factors contribute to the maintenance of high TB values in certain geographical areas.

The study also has some important limitations related to information related to the degree of coverage with
medical services unevenly distributed in all territories, although the health policies provide for this condition,
on the other hand the geographical structure of some areas such as the Danube Delta does not allow for medical
assistance permanent, which increases the risk of disease, even if the pollution level is reduced. The western area
of Romania is practically on the edge of an extended European area with a high level of pollution, which would
probably require a more careful monitoring of the level of pollutants at the border of Romania, but also of the
movement of air in the mentioned territories.

In conclusion, knowledge of the spatial and geographical distribution of tuberculosis, and the level of PM2,5 in
different geographic area from Romania is an essential tool to develop more effective public health policies and
to implement active screening projects with maximum impact, but also to create effective diagnostic networks
in areas of potential risk induced by the proximity of high-frequency TAUs. This data-driven approach can help
reduce illness, increase early diagnosis rates and improve the health status of the population, and is an important
step in the fight against tuberculosis in Romania. Spatial analysis allows the identification of spatial clusters or
hotspots of cases. This information can help identify specific areas or populations that may be at higher risk of
transmission. By focusing efforts on these clusters, interventions such as active case detection, contact tracing
and targeted education campaigns can be implemented to reduce transmission and prevent further spread of the
disease. Spatial analysis also allows exploring the relationship between tuberculosis frequency and environmental
conditions and socio-economic context. Understanding these associations can provide insights into the under-
lying determinants of TB and help inform policies and interventions to address the social and environmental
factors that contribute to the burden of disease. In addition, spatial dispersion analysis can help monitor changes
in frequency over time. By analyzing temporal trends, patterns and changes in the spatial distribution of TB cases,
public health authorities can assess the effectiveness of control measures and identify areas where interventions
may need to be intensified or modified.
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