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Abstract: Background & Objectives: Today, to support public policies aiming to tackle environmental
and health inequality, identification and monitoring of the spatial pattern of adverse birth outcomes
are crucial. Spatial identification of the more vulnerable population to air pollution may orient health
interventions. In this context, the objective of this study is to investigate the geographical distribution
of the risk of preterm birth (PTB, gestational age ≤36 weeks) at the census block level in in city of Paris,
France. We also aimed to assess the implication of neighborhood characteristics including air pollution
and socio-economic deprivation. Material & Methods: Newborn health data are available from the
first birth certificate registered by the Maternal and Child Care department of Paris. All PTB from
January 2008 to December 2011 were geocoded at the mother residential census block. Each census
block was assigned a socioeconomic deprivation level and annual average ambient concentrations
of NO2 . A spatial clustering approach was used to investigate the spatial distribution of PTB.
Results: Our results highlight that PTB is non-randomly spatially distributed, with a cluster of high risk
in the northeastern area of Paris (RR = 1.15; p = 0.06). After adjustment for socio-economic deprivation
and NO2 concentrations, this cluster becomes not statistically significant or shifts suggesting that
these characteristics explain the spatial distribution of PTB; further, their combination shows an
interaction in comparison with SES or NO2 levels alone. Conclusions: Our results may inform the
decision makers about the areas where public health efforts should be strengthened to tackle the risk
of PTB and to choose the most appropriate and specific community-oriented health interventions.
Keywords: air pollution; neighborhood deprivation index; preterm birth; spatial approach

1. Introduction
Adverse birth outcomes are important public health issues including preterm birth (PTB) and
low birthweight (LBW). Over the past 20 years, the literature confirmed that, in developed countries,
PTB remains a risk factor of adverse health outcomes including neonatal mortality and short- and
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long-term morbidity [1–8]. PTB is also recognized as a risk factor for LBW, delayed motor and social
skills, as well as learning disabilities [9].
Various contextual determinants, characterizing place where people live, have been reported
to be associated with births outcomes, including socio-economic, demographic characteristics and
environmental factors such as exposure to environmental contaminants. Several studies concluded
that prenatal development is a window of high susceptibility to the adverse impact of environmental
nuisances, in particular ambient air pollution [10–17] More specifically, studies revealed that maternal
air pollution exposure such as particulate matter ≤10 and ≤2.5 µm in diameter (PM10 and PM2.5 )
and nitrogen dioxide (NO2 ) reduced birth weight and increased the odds of low birth weight and
preterm birth, [11,12,18]. While findings for PTB remains inconsistent in the literature (depending,
in particular, on the study design, exposure assessment, pregnancy periods and adjustment for
confounders [12,18–21]), experimental studies support plausible biological mechanisms explaining, for
instance, how air pollution exposure could reduce gestational age via placental inflammation linked to
oxidative stress [22].
In addition, some studies suggested that the adverse health effect of maternal environmental
exposure may be influenced by other contextual or individual characteristics (such as sex,
socioeconomic position and psychological factors [12,23–25]). Many authors concluded that health
risk related to environmental exposure may be different according to the socioeconomic level
of populations [26–30]. For instance, Yi et al. in 2010 found a three-fold increase in the PTB
risk for an increase in PM10 concentrations among babies born in low-income groups [27] and
Carbajal-Arroyo et al. in 2011 revealed a significant increase in the risk of all-cause mortality only
among infants with low and medium SES [31]. These social inequalities in air pollution exposure of
pregnant women and newborns are a public health issues. Additional studies are needed in Europe to
improve our level of understanding concerning the underlying mechanisms explaining the existence
of environmental inequality and to tackle this public health issues [32].
In epidemiological studies, quantifying the strength of the association between risk factors and
health outcomes constitute pivotal information to document causality. However, these measures
provide limited guidance for effective policies aimed at improving population health and reducing
health inequalities. Spatial approaches may bring, in complement, useful information to help
policymakers to elaborate on the choice of intervention.
To our knowledge, few epidemiological studies investigated the spatial distribution of PTB.
For instance, in Philadelphia, using a descriptive geographic-spatial approach conducted at census
tract level, Boch et al. investigated the geographical patterns of the prevalence of PTB and examined its
relationships with race, poverty, crime, and natality [33]. Today, the use of geographical information
system for mapping adverse birth outcomes and maternal addresses, while more and more popular,
is not sufficient to highlight areas that exhibit a higher risk. Additional spatial analyses are required
to explore the spatial pattern of adverse birth outcomes and the spatial implication of neighborhood
characteristics that may explain it. In Worcester, Ogneva-Himmelberger et al. in 2015 studied the
spatial distribution of preterm births by racial groups to identify spatial clusters using mother’s
residence address such as point location. Using two different spatial clustering methods, they analyzed
associations between PTB and neighborhood characteristics including distance to major roads, exposure
to hazardous air pollutants from stationary sources, access to vendors of healthy food, and access to
green space and parks [34].
To our knowledge, no study has investigated the geographical distribution of PTB and its spatial
association with the level of deprivation and the concentrations of air pollution measured at a small
spatial scale. Indeed, to assess spatial patterns of health outcomes and its risk factors, fine spatial
scale has been recommended in order to increase the homogeneity of specified variables within each
area (such socioeconomic characteristics in this present study) and maximized differences between
areas [35,36]; it is particularly important, when the study area, as in Paris city, presents a high
population density per km2 with contrasted socioeconomic profiles. In addition, investigations of the
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spatial distribution of health events and risk factors conducted at the state or county level may not
provide useful results for development of local policies or local decisions aiming to tackle social and
environmental inequalities [37]. Small- spatial scale analyses appear to be an appropriated statistical
unit to identify areas of high risk of PTB for targeted interventions and for reduction of inequalities
in PTB.
In our study, spatial approaches appear to be the most appropriated to examine the spatial
distribution of health risk and neighborhood characteristics. Using Kulldorf methods, we sought to
perform clustering analysis to map the spatial distribution of the relative risks and to investigate the
spatial implication of neighborhood characteristics. Unlike more traditional epidemiological studies
which implement logistic regression to estimate impact of air pollution on the risk of preterm birth,
with our approach we aim to answer to the same objective with an additional constraint related to
spatial distribution of the health event. For example, Sabel et al. revealed that the relative risk (RR) of
the pneumonia and influenza cluster adjusted for age, sex and deprivation is 1.92 whereas, the relative
risk for the age, sex, deprivation and air pollution adjusted cluster is 1.99, respectively. However, these
two clusters were not located in the same part of the territory and include different numbers of Census
Area Unit (CAUs) while the risks estimated were similar [38]. More recently, Kihal et al. in France,
found that the RR of end-stage renal disease (ESRD) incidence adjusted for sex, age and rural typology
was 1.5, whereas the RR adjusted for age, sex and socioeconomic deprivation was 1.44. However, even
estimated RR were similar; the two clusters were located at different part of the region: the first in the
South-western part and the second in the extremely western Bretagne) and contained also different
numbers of census blocks [39].
In this context, the localization of small geographical areas that exhibit a high PTB risk and their
fine description may facilitate actions closely targeted towards areas most at risk: it is precisely the
objective of this study. This work is not intended to reveal any causal pathway between neighborhood
characteristics and PTB risk, an objective that requires other study designs [40,41].
2. Materials
2.1. Study Area
The study area is the city of Paris which counts about 2,250,000 inhabitants. We used the smallest
census unit area whose aggregate data can be used on a routine basis: the Ilots Regroupés pour
l’Information Statistique (IRIS: the French acronym for ‘blocks for incorporating statistical information’).
The IRIs is a sub-municipal French census block defined by the National Institute of Statistics and
Economic Studies (INSEE). This statistical unit averages 2000 inhabitants and is constructed to be as
homogenous as possible in terms of socioeconomic and demographic characteristics and land use.
Paris is subdivided into 992 census blocks with a mean population of about 2199 inhabitants and a
mean area of 0.11 km2 .
2.2. Health Data: Preterm Birth
The preterm birth case has be defined according to the definition of World Health Organization
(WHO) [42,43]: it corresponds to a neonate born before 37 weeks of pregnancy (gestational
age ≤36 weeks). The preterm birth cases were identified from the first birth certificate information
registered over the period 2008–2011 by the Maternal and Child Care department of Paris (named PMI,
for Protection Maternelle et Infantile). This certificate is completed by parents and health professional
before exit of the maternity and then sent to the PMI unit of the department of residence.
All the postal addresses of mothers’ residency were geocoded at the census block level.
For confidential concerns, to be in agreement with the ethical authorization provided for this study,
it was not possible to keep individual localization of the newborn. The number of cases was aggregated
at census blocks level for the statistical analysis.
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2.3. Air pollution: Nitrogen Dioxide (NO2 )
Annual NO2 concentrations were modelled from a grid of 25 × 25 m resolution throughout the
study period (2008–2011) by the local air quality monitoring networks corresponding to the Ile de
France region (AirParif: http://www.airparif.asso.fr/). The ESMERALDA inter-regional platform for
air quality mapping and forecasting (www.esmeralda-web.fr) provided background pollution data,
while the STREET dispersion model [44] was used for traffic-related pollution.
AirParif used a deterministic model which integrates various input parameters including
linear (main roads), surface (diffuse road sources, residential and tertiary emissions) or industrial
point sources and meteorological data (temperature, wind speed and direction, relative humidity,
barometric pressure). More than 200 points sources were selected from the regional emission inventory.
Emissions for traffic roads were estimated using the regional traffic network and the COPERT III
European database for the 2002–2006 period, and COPERT IV for the 2007–2012 period. Concerning
meteorological data, the Mesoscale Meteorological model (MM5: www.mmm.ucar.edu/mm5)
developed by the Division of the NCAR Earth System Laboratory (NESL) was used. The NO2
background concentrations were determined by combining monitored NO2 concentrations from
monitoring stations and those modeled at a regional scale from the ESMERALDA. The NO2
road traffic concentrations estimated from the STREET software model were added to NO2
background concentrations. Air pollutant concentrations were then aggregated at census block
scale in order to obtain annual mean NO2 concentration for each census block (for more detail see
Kihal-Talantikite et al. [45]; Deguen et al. [46]) over the study period.
NO2 pollutant was chosen for several reasons: while data of PM10 , PM2.5 and NO2 were available
at the time of the study, we privileged the NO2 because this pollutant is recognized to be a good tracer
of traffic and other combustion sources (major problems in Paris) [47]. It is also well known that the
spatial variability of NO2 concentrations is higher than that of particulate matter [48]; a crucial point
especially for spatial analysis; previous studies already revealed that exposure to NO2 may be related
to adverse birth outcomes [11,12,49–51]. NO2 has been shown to be the best available indicators of
local traffic emissions [48]. Finally, the correlation coefficients between NO2 and, PM10 and PM2.5 are
very high: r = 0.95 and 0.93, respectively (see Figure S1 and Table S1 in Supplementary Materials).
2.4. Socioeconomic Deprivation Index
To characterize the level of socioeconomic deprivation at the census block scale, an index was
created (details in another study [52]). The socioeconomic and demographic variables were provided
by the 2010 national census at census block level. Briefly, a principal component analysis was used
to select 15 variables out of 41 initial socioeconomic and demographic variables. Previous ecological
studies have demonstrated this index’s ability to capture environment-related socio-spatial inequalities
in France [53–55].
3. Methods
3.1. Spatial Methodology
To investigate the spatial distribution of PTB risk at census block level in Paris, we used a spatial
scan statistic approach implemented in the SaTScan software [56].
The null hypothesis (H0) tests whether the risk of PTB is equi-distributed throughout the study
area. The alternative hypothesis (H1) tests if there is an elevated PTB risk within the cluster in
comparison with census blocks outside the cluster.
In our study, the Poisson probability model implemented in the SaTScan software [56] was chosen
as cluster analysis method. The number of PTB cases (a rare event) in each census block is assumed
to follow a Poisson distribution. The input data for the Poisson model are the cases (PTB) and the
population at risk (all birth) to determine if there is significant spatial clustering of the cases.
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We therefore compute a relative risk (RR) in each census block weighted by the population at risk
count in each census block. The RR is estimated as the observed divided by the expected cases within
the cluster divided by the observed divided by the expected cases outside the cluster (Equation (1)):
RR =

c/E[c]

(C − c)/( E[C ] − E[c]

=

c/E[c]
(C − c)/(C − E[c])

(1)

where c is the number of observed PTB cases within the cluster and C is the total number of PTB cases
in the data set. Note that since the analysis is conditioned on the total number of cases observed,
E[C] = C.
The procedure to identify the most likely cluster is structured as follow. First, a circle of radius,
varying from zero up to 50% of the population size [57], is placed at the centroid of every census blocks.
Second, the circle moves across the study area to compare the PTB rate within the circle with what
would be expected under a random distribution. Therefore, an infinite number of circles were created
around each centroid, with the radius anywhere from zero up to a maximum so that at most 50 percent
of the population is included.
The scan statistic approach is likelihood based. The most likely cluster can be selected and tested
for statistical significance. The likelihood function for the Poisson model is detailed in Equation (2):
c 
C −c

C−c
c
I ()
(2)
E(c)
C − E(c)
where C is the total number of PTB cases, c is the observed number of PTB cases within the window
and E[c] is the covariate adjusted expected number of PTB cases within the window under the null
hypothesis. Note that since the analysis is conditioned on the total number of cases observed, C-E[c] is
the expected number of cases outside the window. I () is an indicator function.
The identification of the most-likely clusters is based on a likelihood ratio test [58] with
an associated p-value obtained using Monte Carlo replications [59]. The number of Monte Carlo
replications was set to 999 to ensure adequate power for defining clusters and considered a 0.05 level
of significance (p value derived from 999 replications).
3.2. Analytical Strategy and Results Interpretation

•

•
•
•

When a significant most-likely cluster (with p < 0.05) was detected, the next step consist in taking
into account the neighborhood characteristics to see whether or not the significant cluster can be
explained by them. Spatial analyses were structured in four successive steps: A crude (unadjusted)
analysis, to identify and localize the most-likely cluster of high risk of PTB.
An adjusted analysis for NO2 concentrations
An adjusted analysis for socioeconomic deprivation index
One final adjusted analysis for air pollution and socioeconomic deprivation index including
interaction between the two variables.

To incorporate covariates in the model, we categorized NO2 concentrations and socioeconomic
deprivation index into five groups according to the quintile of their distribution. Because the SaTScan
software does not allow for an interaction term to be accommodated in the model, we created several
dummy variables combining the socioeconomic deprivation and the air pollution categories.
At the first step, a statistically significant test means that the risk of PTB is not randomly distributed
in the city of Paris: a cluster of census blocks presents a significant increase in PTB risk in comparison
with census blocks located outside the cluster [59].
For the three others steps, when the models are adjusted on one or more co-variables, according
to the Kulldorff studies [57], several statistical criteria were used to test the H0 hypothesis: the cluster’s
localization (the shift or the disappearance of the cluster, or no changes), the level of statistical
significance of the cluster and the likelihood ratio value of each model.
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According to these criteria, there are three possible results: If, after adjustment, the most likely
cluster remains
in the same location, (whether or not this cluster is significant) and its likelihood
ratio
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Figure 1. (A): Spatial distribution of crude preterm birth rate in census block areas within Paris; (B):
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(C): Spatial distribution of NO2 average concentrations from 2008 to 2011 in census block areas
within Paris.
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All the census blocks have an annual average concentration of NO2 over the study period
2008–2011 higher than the European limit fixed to 40 µg/m3 . The spatial distribution of the
NO2 concentrations reveals a clear gradient from the north-western part of the city (the highest
concentrations level >55.8 µg/m3 ) to the south-east part (the lowest concentrations level <50.6 µg/m3 )
(Figure 1C).
4.2. Neighborhood Socio-Economic Deprivation, NO2 Ambient Air Concentrations and Spatial Distribution of
PTB in Paris
Figure 2 highlights the census blocks including in the most likely clusters of high risk of PTB,
their location and spatial shift of centroids from unadjusted clusters to covariate-adjusted clusters.
Table 1 summarizes the results of the spatial analyses: the most likely clusters, the number of census
blocks, radius and relative risks (RR, the ratio of the observed- to-expected number in each census
blocks estimated by SaTScan) for each cluster.
Table 1. Summary statistics of the most likely clusters of preterm birth risk and spatial relocation
resulting from the adjustment analysis.

Analysis

Control
Variables

Cluster
Radius

No of Census
Blocks/No. of Birth
in the Cluster

No of
Expected
Cases

No. of
Observed
Cases

RR

LLr

Shift

p-Value

No adjustment

2816.01

169/25,503

1179.94

1310

1.15

9.23

-

0.06

1 Annual
concentration
of NO2

1125.2

17/2814

130.84

181

1.40

8.84

Same
zone

0.08

SESc index

673.67

19/2396

104.95

140

1.34

5.42

Yes

0.81

NO2 and SES
level

673.67

19/2396

106.95

140

1.32

4.76

Yes

0.97

Unadjusted a

Adjusted

b

RR: relative risk; LLr: log likelihood ratio; a Unadjusted analysis, to identify and localize the most likely cluster(s)
of high risk of PTB; b Adjusted analysis for (1) NO2 concentration, (2) socio-economic deprivation index, (3) NO2
concentration and socio-economic deprivation index; c Socio-economic deprivation index.

Unadjusted analysis (Figure 2A) reveals that the most likely cluster is located in the northeast
part of Paris. Within the cluster, the risk of PTB is 1.15 times greater than in the rest of the study area
(p-value < 0.06; Table 1). A total of 169 census blocks composes this most likely cluster, corresponding to
about 25,503 inhabitants. The secondary cluster detected is not statistically significant (p-value = 0.89).
After adjustment for NO2 concentrations (Figure 2B), the most likely significant cluster is reduced
(the radius decreases) and hosts 17 census blocks and 2,814 inhabitants. The risk of PTB increases in
comparison with the crude estimate (RR = 1.40, p-value = 0.08). The centroid of the cluster shifts and
the likelihood ratio slightly decreases from 9.23 (crude model) to 8.84 (adjusted model on air pollution)
(Table 1), which suggests that the spatial distribution of NO2 concentrations partially explain the excess
risk of PTB observed in the unadjusted analysis.
After adjustment for socio-economic deprivation (Figure 2C), the most likely significant cluster
shifts in South-Eastern Paris and the radius substantially decreases in size as well as the likelihood
ratio (from 9.23 in the unadjusted model to 5.42) (Table 1). The remaining excess risk becomes not
significant (RR = 1.34, p-value = 0.8). This indicates that socioeconomic deprivation explains a great
part of the excess risk of PTB observed in the unadjusted analysis.
After joint adjustment for socioeconomic deprivation index and NO2 concentrations: the most
likely cluster totally disappears. The likelihood ratio falls from 9.23 to 4.76; we also observed a
likelihood ratio decrease when comparing with the model adjusted for socioeconomic deprivation
index only (Table 1). The most likely cluster is not significant and located in the same zone in
South-Eastern Paris (RR = 1.32; p-value = 0.97). This result indicates that the excess risk of PTB detected
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from the unadjusted analysis is entirely explained, by the spatial distribution of NO2 concentrations
and socioeconomic deprivation.
In our study, the major finding is that while adjustment for socioeconomic deprivation level was
the essential variable explaining the most likely cluster (as shown in Table 1), further adjustment
for NO2 concentrations reduces the LLR to a larger degree than that obtained in the model with
socioeconomic
deprivation
level
Int.
J. Environ. Res. Public
Health 2018,
15, xalone or with the NO2 concentrations alone.
9 of 19

Figure 2. Spatial relocation of the most likely cluster of unadjusted PTB risk (A); after adjustment for
Figure 2. Spatial relocation of the most likely cluster of unadjusted PTB risk (A); after adjustment for
NO2 exposure (B); after adjustment for NO2 exposure and socio‐economic level (C). Legend: the dark
NO2 exposure (B); after adjustment for NO2 exposure and socio-economic level (C). Legend: the dark
area represents the census blocks included in the most likely cluster of high risk of PTB.
area represents the census blocks included in the most likely cluster of high risk of PTB.

5. Discussion
5. Discussion
To our knowledge, such a work, exploring the spatial association of neighborhood
To our knowledge, such a work, exploring the spatial association of neighborhood characteristics
characteristics on geographical variations of PTB at such a small‐scale level had never been
on geographical variations of PTB at such a small-scale level had never been performed. For this reason
performed. For this reason it is difficult to compare our findings with others. Our study shows that
it is difficult to compare our findings with others. Our study shows that neighborhood socioeconomic
neighborhood socioeconomic deprivation and average NO2 concentrations over years need to be
deprivation and average NO2 concentrations over years need to be considered in the interpretation of
considered in the interpretation
of the spatial disparities in PTB in the city of Paris.
the spatial disparities in PTB in the city of Paris.
First, not surprisingly, NO2 concentrations only explained a very small part of the spatial
First, not surprisingly, NO concentrations only explained a very small part of the spatial
variations of PTB across different2 census blocks. While several studies [12,18] have suggested that
variations of PTB across different census blocks. While several studies [12,18] have suggested that
maternal exposure to ambient air pollutants (PM10, PM2.5, NO2) are associated with various birth
maternal exposure to ambient air pollutants (PM10 , PM2.5 , NO2 ) are associated with various birth
outcome, the evidence regarding preterm birth is mixed
and not conclusive. Some studies reported
outcome, the evidence regarding preterm birth is mixed and not conclusive. Some studies reported
significant associations between exposure during pregnancy to NO2 and PTB [14,60–63], while others
significant associations between exposure during pregnancy to NO and PTB [14,60–63], while others
did not [20,64–68]. Recently, Estarlich et al. reported a suggestive2 association between residential
exposure to NO2 during pregnancy and PTB among pregnant women who spent more time at home
[69]. They found that exposure during the second trimester and during the whole pregnancy was
associated with a higher risk of PTB. Johnson et al. in 2016, did not confirm the association between
NO2 exposure and PTB in New York City. Using the proximity to traffic as a proxy for air pollution
exposure, several studies show that the risk of preterm birth infants is significantly higher among
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did not [20,64–68]. Recently, Estarlich et al. reported a suggestive association between residential
exposure to NO2 during pregnancy and PTB among pregnant women who spent more time at
home [69]. They found that exposure during the second trimester and during the whole pregnancy
was associated with a higher risk of PTB. Johnson et al. in 2016, did not confirm the association
between NO2 exposure and PTB in New York City. Using the proximity to traffic as a proxy for air
pollution exposure, several studies show that the risk of preterm birth infants is significantly higher
among mothers who live near freeways or roadways or to major roads [70–75].
Several biological pathways emerge from the literature to explain the potential impact of exposure
to NO2 on PTB. Potential etiologic factors for PTB include inflammation, oxidative stress and
cardiovascular alterations [76,77]. Some studies suggest that maternal exposures to NO2 can increase
the risk of preterm delivery, via oxidative stress [78]. More recently, a second pathway through which
NO2 could alter pregnancy outcomes was proposed. Some studies [61,73] suggest that traffic-related air
pollution can related to some cause of PTB such as Preterm premature rupture of membranes (PROM).
Secondly, our findings revealed that the spatial distribution of neighborhood socioeconomic
deprivation index explained a great part of spatial repartition of the excess risk of PTB observed in
the crude analysis. This finding is coherent with previous works documenting the existence of a
social gradient of adverse pregnancy outcome including PTB. Majority revealed an inverse association
between PTB and various socioeconomic measures such as income [79–83], unemployment [84],
composite socio-economic score including Towsend, carstairs or other socioeconomic deprivation
index [85–89].
Recent literature review and meta-analysis concluded that living in a deprived neighborhood
is associated with risk of preterm birth [40,41]. Vo et al. in 2014 found that odds ratios for preterm
delivery significantly increased in the most deprived neighborhood quintile compared with the least
deprived quintile (odds ratio 1.23, (95% CI:1.18–1.28)) [41]. Ncube et al. in 2016 estimated an excess
risk of PTB equal to 27% (95%CI: 16%, 39%) among the most disadvantaged neighborhoods compared
with least disadvantaged [40].
Many hypotheses have been formulated explaining the pathways through which socioeconomic
status could be a potential risk factor of adverse pregnancy outcome including PTB:
(i)

Psychological factors such as stressful life events or lack of social support, cohesive social
networks and reciprocal exchanges between residents [90–92].
(ii) Unhealthy lifestyle featuring factors such as smoking or poor maternal nutrition and excess
alcohol consumption especially around the time of conception [91,93–97].
(iii) Barriers and facilitating factors in access to healthcare such as availability of care, the ability to
get to and pay for available care, or to seek and utilize available care [30,98].
The accumulation of these risk factors which is more common in deprived neighborhood [99], can
contribute to maternal stress in turn can lead to higher levels of corticotropin-releasing hormone and
cortisol which could trigger contractions and/or the premature rupture of the membrane resulting in
PTB [100].
Finally, interestingly, our findings showed that the combination of socioeconomic deprivation
level and NO2 concentrations, tacking account the interaction, explain a larger part of the excess
risk of PTB estimated in the north-eastern Paris in comparison with analysis considering only
socioeconomic deprivation level or NO2 concentrations (even if the contribution of air pollution
is marginal compared to the one of socioeconomic deprivation index). These findings are coherent with
previous epidemiological studies. For instance, in the U.S. State of Georgia, Hao et al. in 2015 [101]
found that the strength of association between NO2 and PTB is higher for low education pregnant
women. In California, Padula et al. 2014 confirmed a stronger association among pregnant women
living in low socioeconomic status neighborhoods [60].
Two main hypotheses are more likely to explain the spatial implication of both NO2 exposure and
socio-economic deprivation in geographical distribution of PTB.
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The first mechanisms—vulnerability differential—could explain the greater susceptibility to NO2
exposure of women living in the most deprived neighborhoods. Several studies demonstrated
that people with a lower socio-economic status may be more vulnerable to the health effects of
proximity to road, air pollution and noise exposure because they experience poorer health due to
their economic and psychosocial conditions [15]. Living in communities with lower household
income and education levels would also tend to increase vulnerability level to air pollution [102].
The second mechanism—combined vulnerability differential with exposure differential—may explain
the greater susceptibility to NO2 exposure of women living in the deprived neighborhood.
Although a majority of studies have found that people living in the most deprived neighborhoods
may be more vulnerable to environmental nuisances, some authors have hypothesized that those
living in middle deprived neighborhoods may have also a particular vulnerability. In this context,
high NO2 exposure may act on this particular sensitive subpopulation, as an exacerbating factor,
which, in combination with unfavorable living conditions, could generate greater health effects
than in the rest of the population. The assumption of a synergy of differential exposure and
vulnerability to explain our findings therefore seems highly probable.

Some research suggest that socioeconomic deprivation is spatially correlated with air
pollution [103,104], and thus may have synergistic health effects through common biological
pathways (e.g., chronic stress-induced inflammation, or dysregulation of immune and endocrine
systems [105]). Clougherty et al. observed that a heightened susceptibility to pollution, associated with
violence exposures or with fear thereof, may lead to synergistic health effects of social and physical
environmental conditions. Bandoli et al. provide evidence of synergistic effects of air pollution and
psychosocial stressors [106].
Strengths and Limitations
One strength of this work is the use of small area-level analyses allowing a correct understanding
of the geographic patterns of PTB. Moreover, this type of analysis is crucial for revealing local-level
health inequalities that are often masked when analysis is produced at large spatial scales.
Unlike geographical information system approach used to map and to visualize the spatial
trends of PTB risk, in our study, we use a spatial clustering approach allowing us to identify areas of
significantly elevated risk of PTB and to investigate spatial implications of adjustment for neighborhood
characteristics. Another strength of our study is the databases used in our analysis to investigate PTB
in France:
-

-

Health data: the advantage of the data used in our study is the rate of completeness of the data
which reach 93% on average and the large population size, resulting in a small variability of our
estimates [107]. To our knowledge, this is the first French study investigate at fine spatial scale
the birth certificates which list all birth in Paris during our study period.
Modeled air pollution data: the air pollutant modeling procedure used provides unbiased estimates
of exposure to ambient air pollution at census block level. This type of model was validated by
Jerrett et al. who demonstrated its effectiveness and reliability [108].

However, the interpretation of our findings must also consider some weaknesses. Our approach,
which uses ecological data, has several limitations. One is the absence of individual data such as
maternal age, marital status and number of previous births. In addition, race/ethnic differences
were not recorded in the first birth certificate because the French legislation prohibits the collection of
any data based on race and ethnicity. Therefore, all statistical unit are considered equal. Data about
the race/ethnicity were not available and were thus not included in our analysis. However, our
study rests on a fine geographical resolution scale—census block—which has been designed by the
Census bureau to be as homogeneous as possible in terms of population size and socio-economic and
demographic characteristics. The level of homogeneity of the census blocks ensures the minimization of
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ecological bias, and the findings from this spatial analysis tend to be close to what could be observed at
individual level [109,110]. Nonetheless, some degree of misclassification inevitably exists in individual
characteristics and environmental exposures, and these could results in associations being biased
towards the null. Another limitation is the absence of certain parental characteristics like lifestyle
behaviors [92,95,111] including maternal nutritional deficits or status toxicants such as nicotine, cocaine
or alcohol and access to healthcare [91,93–97,112]. Also, while socio-economic characteristics do not
change rapidly over time, exposure to air pollution is highly variable and the present study considerer
average NO2 concentrations over several years, the same value being assigned to all births that
occurred in the same census block, irrespective of seasonality. From our data, the crude estimate of
the PTB rate by season in Paris over the study period increase during the winter (rate of preterm
equal 5.12%) while in summer the rate is 4.36%. A recent meta-analysis study [113] revealed that
the pooled relative risks of preterm births increase during the winter months (maximum observed in
January) and the beginning of summer (maximum observed in June). The air pollution concentrations
follow similar temporal trend with the highest and lowest level in winter and in summer respectively.
Indeed, the main emission sources of nitrogen oxides are road traffic (56%) and residential sector
(18%) [114]. During summer, NO2 concentrations are lower, due to the slowdown of activities in the city
and in particular the decrease of road traffic associated with the holiday period, and also in link with
the chemistry of ozone formation. Due to the lack of data (we have not the daily concentrations of NO2
per census block), it was not possible to explore the air pollution PTB effect by season. This limitation
is a common feature of ecological studies as the one we conducted. Epidemiological approaches that
allow estimation of personal exposure information provide a complementary viewpoint, with their
own limitations.
Finally others characteristic such as green space could be associated with pregnancy outcome.
In previous work we describe conceptual framework with 3 hypothetical pathways by which green
spaces may have a beneficial effect on adverse pregnancy outcomes [55]. In addition, in recent study
conducted in the same study area—city of Paris, we assessed the spatial variability of heat-wave-related
mortality risk among elderly at the census block level and the most likely cluster for increased mortality
risk is located in the same zone of cluster of high risk of PTB, in the East of Paris. In this study, we found
that green space density had a protective effect [115]. In the future, It would be therefore interesting to
collect all environmental exposures data from various sources, with negative health impacts (air, water
and soil contamination, noise, etc.) or with positive effects (e.g., green space) and assess the effect of
cumulative exposure on PTB risk using composite exposure index which performed in French [116].
6. Conclusions
In a public health perspective, regarding maternal and child practice, individual-level
interventions predominate. However, adverse birth outcomes result from a complex combination of
individual determinants and behavior of the parents (more particularly the mother during pregnancy)
and the characteristics of the place where people live requiring appropriate ecological approaches.
Today, spatial approach constitutes a powerful tool to use in the context of the life course
perspective of health, and more specifically in reproductive health [117]. A healthy pregnant woman
is more likely to have a healthy newborn. In addition, neonates born in healthier place of residence
in term of environmental exposure and, living and social conditions will tend to have better health
trajectories throughout their life. The theoretical model suggests that adverse exposures (including
characteristics of the place where people live) accumulate over time since the birth and will increase
adverse outcomes during the adulthood period. In this context, this study is an attempt to fill the gap
regarding a need for spatial approaches to support priority setting and guide policy makers in their
choice of health interventions in general and on birth outcomes in particular. Our findings underscore
the area with increased risk for preterm birth where local authorities should focus their resources
and efforts to reduce health inequalities regarding birth outcomes. They highlight significant spatial
implication of neighborhood characteristics including socioeconomic deprivation level and maternal
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exposure to ambient air NO2 , and their combination, which could guide policymakers in choosing
and developing the most appropriate and specific community-oriented interventions. We hope that
in the future this kind of approach will be more often used in public health studies especially in life
courses perspectives.
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