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Abstract

Epidemiological studies evaluating the relation of environmental air pollution (AP) and birth defect (BD) are
relevant to public health. Some limitations on these studies may derive from multiple factors contributing to the
spatial variation of AP. This study aimed to integrate multifactorial AP indicators into an index and explore its
application in a case-control study conducted in Portugal between 2016 and 2021. Spatial multicriteria analysis
was employed to identify areas susceptible to AP. Variables included: (i) Euclidean distance to industrial units;
(ii) kernel estimation of industrial units density; (iii) land occupation; (iv) Euclidean distance to main roads; and (v)
areas conductive to radiation fog formation. Variables were classified into high, moderate, and low susceptibility.
An AP susceptibility map was generated using the weighted linear combination method, with the analytic hier-
archy process assigning weights to the variables. Georeferenced BD cases and controls were overlaid with envir-
onmental exposure variables and the AP index. Three AP susceptibility areas were identified: consolidated urban,
peri-urban area, and a residential-industrial area. In areas of high susceptibility, 47 cases (29%) and 65 controls
(31%) were observed; and in areas of low susceptibility 25 cases (15%) and 21 controls (10%) were observed. The
development of the AP susceptibility map has been demonstrated to be a valuable tool for identifying patterns,
generating hypotheses regarding the potential environmental exposure of NB to AP agents during pregnancy.
When integrated into more complex analyses, these findings may contribute to assess the potential risk factors
that play a major role in BD.

Introduction

Birth defects (BDs) include structural malformations, chromo-
somal anomalies, and other genetic diseases, and occur during
intrauterine life [1]. In developed countries, they are the main cause
of perinatal morbidity and mortality, with estimates indicating that
around 2%-3% of births have a ‘major’ BD [2]. The etiology of BD is
multifactorial, with genetic and environmental factors playing a rele-
vant and often interrelated role [3].

During pregnancy, the use and consumption of substances such
as alcohol, drugs, and some medications is known to have adverse
effects on the development of the fetus and child [4, 5].
Environmental exposure to some physical and chemical agents has
also been associated with the occurrence of BD [6]. Among envir-
onmental factors, air pollutants such as particulate matter (PM10
and PM2.5), nitrogen dioxide (NO2), sulfur dioxide (SO2), ozone
(03), and carbon monoxide (CO), are associated with an increased
risk of BD [7, 8]. In recent decades, the relationship between air
pollution (AP) and BD has been studied, often yielding inconclusive
results. This inconsistency arises from challenges in establishing ro-
bust associations, primarily due to the limited quantity and quality
of available data on exposure [6].

In Portugal, the riverside arc of the south bank of the Tagus River
in the Lisbon Metropolitan Area has historically been associated
with heavy industrial units. This region still hosts some industrial
units in the chemical, fertilizer, and steel sectors. Since the 1990s,
industries related to the automobile sector have also emerged.
Despite modernization of industrial processes and environmental
regulations in accordance with European directives, pollution hot-
spots persist, requiring ongoing monitoring [9-12].

Therefore, atmospheric emissions from industrial processes or
combustion in industrial units may continue to pose risks and can
cause impacts on human health. Given the potential health impacts,
this issue requires further study, as highlighted by the 2021 review of
the World Health Organization’s (WHO) air pollutant safety level
guidelines [13].

Spatial analysis using geographic information systems (GISs) has
become an increasingly utilized methodology in epidemiological
studies. The capabilities that GIS offer in analysis and modeling of
information, integrating various territorial dimensions, are an asset
in studying the health determinants of population, providing essen-
tial data for planning actions, implementation, and prevention, as
well as for disease control and treatment.

The National Registry of Congenital Anomalies (RENAC) in
Portugal is a nosological population-based registry that maintains
an epidemiological surveillance system of BD and contributes,
among others, to the early warning of new teratogenic exposures.
In 2015, an unusual aggregation of cases of newborns (NBs) with
anorectal anomalies was detected in the south of Tagus River. It was
observed that most of these pregnant women resided in the Settibal
region during their pregnancies, leading to the hypothesis of a geo-
graphic cluster.

The study of maternal exposure to teratogenic environmental
factors, considering the geographic location of the place of residence
during pregnancy and its relationship with the occurrence of BD in
NB, is challenging due to the significant variability in exposure as-
sessment [14]. In this context, between 2016 and 2021, in collabor-
ation with the Barreiro Montijo Hospital Center, an epidemiological
case-control study was conducted to investigate the association be-
tween BD and the environmental exposure of pregnant women
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based on their area of residence. The aim of the present study was to
generate an AP index using a spatial multicriteria analysis (SMCA)
methodology and to explore its application in the case-control
study [15].

Methods

Study design

A SMCA methodology was used to produce an AP index for the
study area. This methodology combines and transforms spatial and
non-spatial information in a judicious way, based on a scale of
values, in a given decision with spatial results [16]. Consequently,
a susceptibility map for AP was created, using the weighted linear
combination (WLC) and analytic hierarchy process (AHP) methods.

This methodology was applied in an observational, matched case-
control epidemiological study conducted between February 2016
and December 2021. The target population for this study comprised
NB at the Barreiro Montijo Hospital Center during the study period.
All NB with BD (cases) who remained with their mothers during
postpartum hospitalization were recruited for the study. For each
case, two NB without BD (controls) were selected through system-
atic sampling, based on the day of birth (Supplementary Table S1).

Data source, data treatment, and data validation

The data used in the present study are divided into two types: geo-
graphic data from various sources and data from the questionnaire
survey conducted with the mothers of NBs (Supplementary
Table S2).

The validation and consolidation of the survey database were
performed by verifying, confirming, and correcting missing values
or inconsistencies with the support of the hospital investigation
team. Geographic data were collected in GIS vector format and
underwent validation to correct associated alphanumeric informa-
tion and georeferencing errors.

Study area

A cluster analysis using the Anselin Local Moran’s I method was
performed to examine the presence of geographic case concentra-
tion and define the study area. This method, which employs spatial
autocorrelation, identifies local clusters and outliers through the
analysis of nearest neighbors [17]. Cases and controls were geore-
ferenced based on the seven-digit postal code corresponding to the
mother’s residence during pregnancy. A distance of 4km from each
case of NB with anomalies was set as the neighborhood criterion,
considering this value as the maximum distance for pollutant emis-
sion from an industrial unit [18-20].

Spatial multicriteria analysis

The SMCA methodology was developed to calculate the AP suscep-
tibility index for the study area. This calculation considered five
factors, each contributing to the emission and concentration of air
pollutants to varying degrees:

i. Distance from polluting economic activities, classified under the
Pollutant Emissions and Transfers Registry (PRTR) national
protocol as emitting pollutants into the atmosphere, water, and
soil, or transferring hazardous waste outside their facilities. In the
specialized literature, it is considered that the emission of pollu-
tants by a hazardous activity has a significant impact on the at-
mosphere within a radius of up to 2000 m [18-22]. Therefore, the
distance to PRTR activities was calculated based on the Euclidean
distance, which establishes the shortest straight-line distance
between two points [23], generating a classified raster output
with three levels of susceptibility: high (<2000m), moderate
(2000-4000 m), and low (>4000 m) (Supplementary Table S2).

ii. Density of polluting economic activities per square kilometer,
under the PRTR protocol. It was considered that higher density
corresponds to a greater likelihood of increased AP [18, 21, 22].
Consequently, the density of PRTR activities per km? was calcu-
lated using Kernel Density Estimation, an interpolation tech-
nique and spatial pattern analysis of points that generates a
continuous data surface from a set of known points. This method
reveals the intensity with which a particular phenomenon is man-
ifested in space [24]. A raster matrix was generated on a con-
tinuous scale from 1 to 3 (1 representing the lowest density with
low susceptibility and 3 representing the highest density with
high susceptibility). The values were reclassified through a linear
transformation based on minimum and maximum values
(Supplementary Table S2) [25, 26].

iii. Distance to major road traffic generating routes, including high-
ways, expressways, national roads, external ring roads, and major
urban traffic arteries. It was assumed that proximity to these
routes correlates with higher levels of pollution [21, 27-29]. To
calculate the distance to these routes, roadways were selected
based on their functional hierarchy through alphanumeric queries
in the OpenStreetMap database [30], as well as from road studies
and municipal territorial plans. After this process, the Euclidean
distance to the roadways was calculated, defining three levels of
susceptibility: high (<100m), moderate (100-300m), and low
(>300m) (Supplementary Table S2) [21, 27, 29].

iv. Land use type and its relationship with the presence of anthropo-
genic activities that have potential pollutant emissions in a specific
area [21, 22, 29]. Accordingly, land use data were classified into
three susceptibility categories based on potential pollutant emis-
sion capacity: high—industrial areas, roadways, airports, waste
treatment facilities, landfills, and dumps; moderate—residential
areas, commercial spaces, recreational, and tourism facilities;
low—natural, forested, and agricultural areas (Supplementary
Table S2) [21, 29].

v. Areas conducive to radiation fog formation, susceptible to pollutant
accumulation due to the tendency of pollutants to adhere to water
particles and the limited dispersion caused by the absence of wind.
In the south bank of the Tagus River in the Metropolitan Area of
Lisbon, radiation fog is particularly frequent in low-lying regions
due to the drainage of cold air along slopes and its concentration in
topographically depressed areas [31, 32]. To identify these areas, a
fog map published by the Lisbon Metropolitan Area Authority was
used. Two levels of susceptibility were defined: high (areas prone to
radiation fog formation) and low (areas not prone to radiation fog
formation) (Supplementary Table S2) [31].

To perform the SMCA, the emission and pollution concentration
factors mentioned above were used as inputs for the susceptibility
map. For this purpose, these factors were spatially mapped and
combined using the WLC method [15, 16, 33], employing the fol-
lowing equation:

S=2i wixxi (1)

In this equation, the variables (xi) are weighted by weights (wi),
according to their importance, and then summed, resulting in a
degree of favourability for a specific objective (S).

The AHP method, a multiple-criteria decision-making tool widely
used in various scientific fields, relies on influence scales and pair-
wise comparisons of indicators. This method was employed to
weight the variables according to their importance in the emission
and concentration of pollution [34-36]. The AHP was conducted in
three main stages: establishing the paired comparison matrix for the
factors; determining and normalizing the relative importance of
each factor; and checking the consistency ratio during the compari-
son process (Table 1). The relative importance of each factor was
determined based on literature, with greater weight assigned to
PRTR activities in the production of pollutants, as detailed in
Table 1 [18-21, 27, 29, 31].
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Table 1. AHP pair-wise comparison (intensity of importance) and weights

Distance to PRTR  Density of PRTR Land use Distance to major Areas conducive to Weight
activities (m) activities per km?  type roadways (m) radiation fog formation
Distance to PRTR activities (m) 1 1 5 5 7 0.37
Density of PRTR activities per km? 1 1 5 5 7 0.37
Land use type 1/5 1/5 1 3 5 0.09
Distance to major roadways (m) 1/5 1/5 1/5 1 5 0.13
Areas conducive to radiation fog formation 177 177 1/5 1/5 1 0.04
CR 0.09

Legend: 1 =equal importance; 3 =moderate importance; 5=strong importance; 7 =very strong importance. CR = consistence ratio. Dark
grey cells indicate a value of 1, representing comparisons where the same variable is evaluated against itself. Light grey cells highlight the
Consistency Ratio (CR) values, which assess the consistency of the pairwise comparisons.

The variables were spatially represented and converted into raster
format with 10m cell size. The data were then normalized and
reclassified on a scale from 1 to 3, with 1 indicating low suscepti-
bility, 2 indicating moderate susceptibility, and 3 indicating high
susceptibility (Supplementary Table S2). The cell values of the factor
maps were multiplied by their respective influence percentages and
summed, resulting in a map of AP susceptibility categorized into
three classes: high, moderate, and low.

Descriptive and bivariate analyses were performed, and both ab-
solute and relative frequencies were calculated to characterize the
cases and controls. Pearson’s chi-square test was used to assess stat-
istical significance between the observed values of environmental
exposure variables and the cases and controls. To analyse the asso-
ciation between cases and controls, the odds ratio was calculated
using Kriging interpolation, a method that generates a continuous
surface of values based on a set of known data points [25].

Results

Cluster analysis

The study area defined for the analysis includes the municipalities of
Barreiro, Moita, and Montijo, located in the Lisbon Metropolitan
Area. This territory was selected due to its high number of cases and
controls, with 164 cases and 209 controls (Supplementary Table S1),
which enhances the robustness of the analysis (Fig. 1).

As a result, a spatial cluster of cases (High-High Cluster) was
identified in Barreiro, Lavradio, Alto Seixalinho, Baixa da
Banheira, and Alhos Vedros (z-score >2.25 and <5.76; P>.002
and £.016) (Supplementary Fig. S1).

Emission factors and concentration of air pollutants

i. Distance to PRTR activities: higher susceptibility to AP was
observed in the consolidated urban areas of Barreiro and Baixa
da Banheira, attributed to their proximity to an industrial park.
Similar patterns are evident in the urban area of Santo André and
the peri-urban area of Palhais, influenced by their proximity to a
steel industry site. Increased susceptibility is also noted around
the automobile industry cluster and a landfill near Palmela, as
well as in the region between the southern urban area of Montijo
and Alto do Estanqueiro—Jardia, due to the Montijo industrial
core (Supplementary Fig. S2).

ii. Density of PRTR activities per km®: the highest density of PRTR
activities was found in the consolidated urban areas of Barreiro,
Baixa da Banheira, and Santo André, as well as the peri-urban
area of Palhais. These areas exhibit the greatest susceptibility to
AP (Supplementary Fig. S3).

iii. Distance to major roadways: the results revealed that the primary
road network is significantly denser in the three main urban
centers (Barreiro, Moita, and Montijo). This higher density
may impact air quality in these areas due to pollutants emitted
by road traffic (Supplementary Fig. S4).

iv. Land use type: the output from the land use analysis demon-
strated significant fragmentation of industrial activities within
the study area. Although these activities are not categorized as
PRTR activities, they have the potential to be sources of pollution
(Supplementary Fig. S5).

v. Areas conducive to radiation fog formation: radiation fog is quite
frequent in the lower Tagus Valley during the autumn and winter
months due to the accumulation of cold, humid air from mari-
time air masses at lower elevations [31]. As result, the riverside
areas in the study region were classified as highly susceptible to
AP (Supplementary Fig. S6).

Air pollution susceptibility map

In geographical terms, areas with higher susceptibility to AP were
found in the consolidated urban center of Barreiro and Baixa da
Banheira, which are densely populated and close to an industrial
park and the riverside area; in the peri-urban space of Palhais,
situated on the bank of the Tagus River to the east of the steel
industry site; and in the southern urban area of Montijo, character-
ized by numerous economic activities and high population density
(Fig. 2). These locations accounted for a significant proportion of
cases, comprising 28.6% of the total, compared to 31.1% of the
controls. Areas with moderate AP contained the majority of cases
(56.1%) and controls (58.8%). According to the results, no signifi-
cant association was observed between susceptibility to AP and cases
of BD (P=.31) (Table 2).

The analysis of pollution factors revealed a statistically significant
association between the cases and the land use type (P=.017), with
4.9% of cases and 1.0% of controls observed in areas of high sus-
ceptibility. Additionally, a statistically significant association was
found between distance to PRTR activities and controls (P =.045),
with 38.1% of cases and 46.9% of controls located in high suscepti-
bility areas. Analysing the place of residence of the mothers, al-
though statistical significance was not found, a higher proportion
of cases (34.4%) compared to controls (25.6%) was observed in the
Moita municipality. Within this municipality, a similar pattern was
observed in the parishes of Baixa da Banheira and Vale da Amoreira
(20.3% versus 18.6%) and in the parish of Alhos Vedros (10.4%
versus 6.1%). In the other municipalities studied, a higher propor-
tion of cases compared to controls was noted in the parishes of Alto
do Seixalinho, Santo André, and Verderena (16.9% versus 13.3%), as
well as in the parish of Moita (6.6% versus 5.3%) (Table 2).

The dichotomy of cases and controls was analysed using the odds
ratio calculated through the Kriging interpolation method. This ana-
lysis identified a higher proportion of cases relative to controls in the
areas of Santo André, Baixa da Banheira, Vale da Amoreira, Alhos
Vedros, and Moita (Supplementary Fig. S7).

Discussion

Our study hypothesized that a geographical cluster of BD could be
related to maternal exposure to teratogenic factors, specifically AP.
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Figure 1. Georeferencing of the mothers' residential area for the cases and controls recruited for the study between 2016 and 2021.
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Figure 2. Map of air pollution susceptibility for the residential areas of mothers of cases and controls recruited for the study between 2016
and 2021.
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Table 2. Absolute and relative frequency of cases and controls

based on environmental exposure, according to the residential
areas of mothers recruited for the study between 2016 and 2021

Environmental exposure Case Control

n % n % P

Susceptibility to air pollution 314
Low 25 15.2 21 10.5
Moderate 92 56.1 123 58.8
High 47 28.7 65 31.1

Distance to PRTR activities .045
Low 19 116 N 5.3
Moderate 82 50.0 100 478
High 63 384 98 46.9

Density of PRTR .259
activities per km?

Low 43 262 M 19.6
Moderate 95 57.9 137 65.5
High 26 15.8 31 14.8
Distance to major roadways 927
Low 31 18.9 37 17.7
Moderate 70 427 9 44.5
High 63 384 81 37.8
Land use type .017
Low 6 3.6 17 8.1
Moderate 150 91,5 190 90.9
High 8 4.8 2 1.0
Areas conducive to 922
radiation fog
formation
Low 12 7.3 17 8.1
High 152 927 192 919
Residence municipality 242
Barreiro 67 31.6 98 36.8
Moita 73 344 68 256
Montijo 29 137 47 177
Residence Parish .247
Barreiro—Barreiro e Lavradio 14 6.6 28 10.6
Barreiro—Palhais e Coina 4 1.9 4 1.5
Barreiro—Santo Anténio da Charneca 6 2.8 17 6.4
Barreiro—Alto do Seixalinho. 36 16.9 35 13.3
Santo André e Verderena

Moita—Moita 14 6.6 14 5.3

Moita—Baixa da Banheira e 43 203 49 186
Vale da Amoreira

Moita—Alhos Vedros 22 10.4 16 6.1

Moita—Gaio-Rosario e @ @ 2 @
Sarilhos Pequenos

Mocntijo—Atalaia e Alto 3 1.4 4 1.5
Estanqueiro-Jardia

Montijo—Montijo e Afonsoeiro 21 9.9 38 14.4

a a a a

Montijo—Sarilhos Grandes

a: The criterion of statistical secrecy was applied for absolute fre-
qguencies <3.

To investigate this, an AP susceptibility map was generated using a
SMCA methodology.

As main result, we demonstrated that spatial analysis method-
ologies and techniques related to the overlay and prediction of in-
formation are valuable tools for mapping susceptibility to AP. These
methods can significantly contribute to analysing its potential im-
pact on fetal and child health during pregnancy.

The results revealed no association between spaces with higher
susceptibility to AP and the place of residence of the mothers of BD
cases during pregnancy. However, when analysing the pollution
factors individually, a significant association was found with the
type of land use. It was also observed that in some parishes and
localities, there is a higher proportion of cases compared to controls
in areas with high susceptibility to AP.

Most studies on maternal exposure to AP and its relationship
with BD in NB focus on analysing the correlation between BD
and specific air pollutants or the proximity to particular sources

Mapping susceptibility to AP and its association with BDs 5 of 7

of AP [6, 14, 37]. While SMCA is widely used in various scientific
disciplines, including environmental, socioeconomic, and urban
planning studies, its application for developing susceptibility indices
for AP in epidemiological studies of BD is limited [15, 36, 38].
The SMCA applied in this study utilized the WLC and AHP meth-
ods to spatially cross pollution factors, considering their character-
istics, manifestation in the territory, and importance in pollutant
emission intensity and concentration. The classification and weighting
of each factor included in the final model required careful justification,
which was based on a bibliographic analysis of the topic under study.
In that way, and considering the studies conducted on pollution
sources in the study area, as well as on AP exposure and its associ-
ation with BD, it was determined that polluting economic activities
were the most important source of pollution [6, 9-12]. Additionally,
a critical point of this methodology was the establishment of the AP
susceptibility class for each factor. The literature suggests that emis-
sions from polluting activities can significantly impact the atmos-
phere within a radius of up to 2km from the source. Some authors
argue that the impacts may extend up to 4-6km, although it is
generally accepted that beyond this distance, the impacts become
minimal. However, it is commonly assumed that the proximity and
density of these activities constitute a significant risk factor for
human health [18-22]. Regarding PRTR activity density ranges, to
the best of our knowledge, no established thresholds in the literature
directly correlate their density with pollution levels. Therefore, pol-
lution susceptibility classes were defined based on their density with-
in the study area. It is also well established that the closer the
proximity to main routes generating road traffic, the higher the
pollution levels. Although some studies define different distances
as susceptibility criteria, we considered that the places of residence
most susceptible to AP are those located less than 100 m from these
roads. For locations more than 300 m away from the roads in ques-
tion, it was considered that the impact on human health is signifi-
cantly reduced [21, 27-29]. In the study area, radiation fog occurs
notably in autumn and winter [31]. Despite this, we considered that
areas conducive to the formation of radiation fog are a factor in
pollutant concentration and should be included in the AP index.
Assessing maternal environmental exposure to AP during preg-
nancy is a challenging process due to the complexity of measuring
and spatializing the emission and dispersion of pollutants. The in-
sufficiency of concrete environmental data regarding pollutant emis-
sions was a limitation of this study. Moreover, despite their
importance in pollutant dispersion, predominant wind direction
and speed were not considered due to insufficient meteorological
and satellite data for the study area. Anticyclonic blocking would
better indicate pollutant non-dispersion, however, given the data
limitations of this small-area study, radiation fog-prone areas were
used as a proxy variable. Another limitation of the study arises from
potential sample selection bias, as women who chose to terminate
their pregnancy due to severe BD in the fetus or who had a stillbirth
were not included in the study. Additionally, women residing in the
geographical area of the study could have had their children in other
hospitals. Finally, there may have been a bias in the classification of
cases and controls in terms of their exposure, since exposure was
measured at the territory level and not at the individual level.
Despite the challenges epidemiological studies face in establishing
causal links between BD and AP, the study of BD can benefit from
using a SMCA methodology with its spatial multivariable crossing
capacity. This study also enhances the monitoring and surveillance
capabilities of RENAC by utilizing the 7-digit postal code, enabling
highly detailed analysis down to the street level. Although statistically
significant associations between maternal residence and BD were not
found, there may be clinical relevance in recognizing that pregnant
women residing in specific neighborhoods and areas in Barreiro and
Moita have a higher proportion of births with BD. Moreover, it
demonstrates the potential of utilizing spatial analysis methodologies
in public health and epidemiology, as these methods generate infor-
mation and build knowledge that uncover important spatial patterns
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for decision-making purposes. Additionally, an advantage of this
index is its applicability to other geographical areas and its use in
studying environmental exposure related to specific anomalies.

To better understand the connection between BD and environ-
mental exposure to chemical agents, future studies should focus on
analysing the association between BD and records of pollutant emis-
sions into the atmosphere, such as PMI10, NO2, and SO2.
Additionally, it is important to consider the mothers’ places of
work and leisure in these analyses.

The creation of a map of susceptibility to AP proved valuable for
assessing potential environmental exposure of pregnant women to
chemical agents. When integrated into a more comprehensive ana-
lysis, these results can contribute to the investigation of possible
causal links between BD and environmental exposure. The ability
of spatial analysis to associate variables in a judicious way, at a very
detailed scale, and create scenarios was demonstrated.

Acknowledgements

The authors would like to thank the Paediatrics and Obstetrics
Services at Centro Hospitalar do Barreiro Montijo, EPE, in
Barreiro, Portugal.

Supplementary data
Supplementary data are available at EURPUB online.

Conflict of interest: The authors declare that they have no conflicts
of interests.

Funding

This research received no specific grant from any funding agency in
the public, commercial, or not-for-profit sectors.

Data availability

The data underlying this article will be shared on reasonable request
to the corresponding author.

Key points

o A case-control study was conducted to investigate the
association between birth defects and maternal environmental
exposure during pregnancy.

e Spatial multicriteria analysis methodology was applied using
geographic information system software.

o Five environmental factors were considered, each contributing
to the emission and concentration of air pollutants in varying
degrees: distance from polluting economic activities, density of
polluting economic activities per square kilometer, distance to
major road traffic, land use type and areas conducive to
radiation fog formation.

e A spatial index of air pollution susceptibility was generated.

e Spatial analysis methodologies can be valuable tools for public
health intervention.
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