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a b s t r a c t

Purpose: Studies indicate an apparent sharp increasing trend in autism spectrum disorder (ASD) inci-
dence and prevalence worldwide. This nationwide study aims at depicting ASD prevalence distribution in
Israel in both space and time.
Methods: Based on data from Israel National Insurance Institute, the study population included all
children born in Israel 2000e2011 (n ¼ 1,786,194), of whom 11,699 (0.655%) were subsequently diag-
nosed with ASD (until December 31, 2016). Prevalence was calculated and mapped by dividing the
number of ASD cases within each year of birth by the number of births during that year, for each spatial
unit, and similarly for several spatiotemporal levels of aggregation.
Results: ASD prevalence varies substantially across different geographic areas in Israel, with considerably
higher prevalence concentrated in central Israel. Strong associations were found between locality-level
socioeconomic index, ethnicity, and peripherality and ASD prevalence, and even after adjustment for
them, excess prevalence for ASD still persisted in certain localities. No spatial dependence of prevalence,
with and without adjustment for the locality-level variables, was found (Moran's
I ¼ �0.000546, �0.00335, respectively).
Conclusions: Our findings provide important insights regarding health disparities affecting ASD diag-
nosis, directing further health policy intervention and further research.

© 2020 Elsevier Inc. All rights reserved.
Introduction

Over the last 2 decades, there has been a trend of sharp in-
creases in the reported incidence and prevalence of autism spec-
trum disorder (ASD) worldwide [1]. In the United States, for
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example, estimates of ASD prevalence per 1000 children at age 8
increased from 6.7 in 2000 to 18.5 in 2016 [2]. Existing evidence
cannot rule out the possibility that some of the increase may
represent a real increase in incidence [3,4].

Research on spatial distribution of ASD has been sparse, espe-
cially at the state or country level, for which the current literature
mainly includes total population studies examining time trends of
ASD prevalence [5e10]. Studies exploring spatial patterns of ASD
detected clusters of heightened risk in certain areas in California
[11e13], North Carolina [14,15], and Utah [16]. Those studies
implemented advanced spatial analyses, but the generalizability of
their results may be limited to the areas surveyed only. In a recent
study that examined ASD spatial distribution across the United
States, high spatial variability was found with children born in New
England being 1.5 times more likely to be diagnosed with ASD
compared with children born elsewhere in the United States [17].
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Higher prevalence of ASD in the Northeast of the United States (in
comparison with other parts across the United States: Midwest,
South, and West) was also shown in another recent study [18].
Limitations of these two recent studies include being based on a
small number of cases (n¼ 486, n¼ 711, respectively) and on active
consent and participation. Outside the United States, a recent study
of children residing in Catalonia, Spain (n ¼ 1,326,666 children, of
whom 15,466 cases were found) detected considerable temporal
variability and some geographic variability across health care areas
in the region of Catalonia [19]. In Israel, no study has examined ASD
spatial distribution so far, but some publications described and
analyzed time trends of ASD in the country [20e25].

We examined spatial and spatiotemporal distribution of ASD,
addressing the two key questions: ‘where’ and ‘when’, which are of
high importance in descriptive epidemiology, as a preliminary step
in exploring diseases. Our study aimed to describe spatial and
spatiotemporal variations in ASD prevalence across Israel within 12
consecutive birth cohorts of the entire Israeli population. The study
also aimed to examine possible associations between certain
locality-level characteristics related to ASD prevalence and evaluate
the spatial dependence (spatial autocorrelation) of prevalence rates
with and without adjustment for those locality characteristics.

Methods

Case ascertainment

Israel has national health coverage that permits access to child
development diagnostic services. The Israeli National Insurance
Institute (NII) is a social security governmental institution that pro-
vides any Israeli family whose child has a confirmed ASD diagnosis, a
child disability benefit for ASD. This NII benefit is independent of
eligibility for or actual use of services and is provided regardless of
income or other socioeconomic characteristics. Data on ASD diagnoses
were extracted from computerized deidentified individual-level re-
cords of theNII, referring to all Israeli children (ofwhom themother or
father is an Israeli resident) born during 2000e2011 in Israel, with a
follow-up from birth until December 31, 2016. ASD prevalence case
status is based on NII claim confirmations of child disability benefit for
ASD. To receive NII benefits, strict criteriamust bemet to verify an ASD
diagnosis, which are based on Diagnostic and Statistical Manual of
Mental Disorders criteria (DSM)dthe fourth edition revised (DSM-IV-
TR) for diagnoses conducted during most of the follow-up period
(2000e2013, during which 85% of all diagnoses were made), and the
fifth edition gradually accepted into the practice with diagnoses made
toward the end of that period (2014e2016). ASD case status in the NII
database has been described and validated in previous publications
[24,26]. In brief, assessment and diagnosis of ASD typically start by the
primary pediatrician referring a child to a certified child development
center, where the diagnosis is made by a multidisciplinary team
(based on the DSM criteria). Once a child is diagnosed with ASD, the
parents may submit a claim to NII, which will then be inspected by an
NII professional committee. The inspection is based on the medical
information from the diagnosing health professionals.

Spatial and sociodemographic data

Census affiliation of each locality to its subdistrict and socioeco-
nomic status (SES), ethnicity, and peripherality variables on the lo-
cality level were extracted from the Israel Central Bureau of Statistics
(CBS). SES was defined as the CBS socioeconomic index (z-scores)
attributed to the locality's population [27], categorized into ascending
quartiles (the first quartile being the lowest SES). Ethnicitywas defined
as the locality's ethnic composition, as categorized in the census data:
Jews, Arabs, or mixed. Peripherality was defined as the distance, by
shortest roads (in kilometers, categorized into ascending quartiles),
between the locality and the boundary of the Tel Aviv subdistrict,
which is the country's economic (and geographic) center. The CBS data
also contain geographic information system (GIS) continuous polygon
data layers of localities and subdistricts, which were used as the
geographic units for which prevalence rates were mapped. For more
details, see Online Supplement 1.

Prevalence mapping

The year of birth and maternal address at birth for each child
were obtained from NII, based on official data transferred from the
Ministry of Interior. ASD prevalence was calculated for the study
population by dividing the number of children diagnosed with ASD
(“cases”) within each year of birth by the population (the number of
live births) of that year, for each spatial unit. Prevalence was
calculated similarly for different levels of aggregation in terms of
space (locality and subdistrict) and time (combined for four sepa-
rate annual 3-year birth cohorts). To generate reliable choropleth
maps (i.e. mapping stable estimates) aimed at visually representing
the spatial or spatiotemporal distribution of ASD prevalence, we set
inclusion criteria for mapping, so that only spatiotemporal units
with stable prevalence rates were mapped, as follows:

First, the statistical error of the prevalence rate for each unit was
calculated by the standard confidence interval (CI)/margin of error
formula for a population proportion, as

e¼ z*
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðpð1� pÞ=NÞ

p

where e ¼ error for prevalence; p ¼ actual prevalence (proportion)
in the population within the unit; N ¼ number of births within the
unit; and z ¼ 1.96 (representing 95% confidence interval).

Second, the relative error for each unit was calculated as

relative error ¼ e/p

where e ¼ the error and p ¼ actual ASD prevalence rate in the
population.

Finally, the inclusion criterion for a reliable mapping of a unit's
prevalence was defined as having a relative error <40%. All
spatiotemporal units that did not meet this inclusion criterionwere
aggregated to larger units until reaching a relative error <40%.

In addition to the choropleth mapping, we calculated the local
Moran's I, a local indicator of spatial association [28,29], to detect
clusters (hotspots or coldspots) of ASD prevalence. Units for which
indices of local Moran's I were statistically significant (P-value<.05)
were mapped.

Mapping was conducted using QGIS version, 2.18.21, [30] and R
statistical software, version 3.5.0/3.6.1 [31], which was also used for
all other data processing and analyses.

Locality characteristics and deviations from predicted prevalence

To evaluate possible associations between locality-level char-
acteristics and ASD prevalence, a binomial generalized linear
regressionmodel was fitted, predicting prevalence for each locality.
Themodel used prevalence in the locality as the dependent variable
and SES, ethnicity, and peripherality as independent variables.
Associations between each independent variable and the predicted
prevalence (coefficients) were estimated in the model and
expressed in PRR: prevalence rate ratio (PRR ¼ exp(model's co-
efficients)). Taking into account a potential spatial autocorrelation
(i.e., a tendency of nearby localities to have similar ASD prevalence)
that may produce inaccurate estimates in the aspatial model [29],
we estimated a spatial regression model in addition to the aspatial
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one, fitted as a binomial generalized linear mixed model, using
penalized quasi-likelihood.

To examine deviations of the observed (crude) ASD prevalence
from that predicted by the locality's characteristics (observed
minus predicted), additional mapping was conducted based on the
regression model residuals for all localities. For reliable mapping,
only those localities with >3400 births were mapped.

Spatial autocorrelation

To evaluate the spatial autocorrelation of ASD prevalence and its
relation to locality-level explanatory variables, the global Moran's I
index of spatial autocorrelation [32] was calculated for prevalence
with andwithout adjustment for locality characteristics (i.e., for the
aspatial model's prevalence residuals and for the crude prevalence,
respectively).

Analyses were conducted in R statistical software, version 3.5.0/
3.6.1 [31].

Results

The study population included all children born in Israel in
2000e2011: 1,786,194 children, of whom 11,699 (6.55 per 1000; 1
Fig. 1. Spatial distribution (choropleth map) of ASD prevalence among the total population
with relative error <0.4 (see article text for additional explanations) are mapped individually
Right: The distribution across the whole country; Left: Enlargement of the framed area mar
localities' names, for example, Haifa, Tel-AviveJaffa, and Jerusalem.
in 153) were diagnosed with ASD through 2016. The average age at
diagnosis was 3.5 years, with 83.5% of diagnosed children as boys
and 16.5% as girls. Changes in the age of diagnosis over time are
presented in Online Supplement 2, which shows the distribution of
age at diagnosis by year of birth, from the first year of life (marked
as age 0) through the age of 16. As expected, the distribution of age
of diagnosis of ASD among the cases varies by year of birth because
earlier birth cohorts had longer follow-up over time that captured
children diagnosed in later ages as well.

Spatiotemporal distribution of ASD prevalence

Our mapping suggests that ASD prevalence varied substantially
across different geographic areas in Israel, with considerably higher
prevalence concentrated in central areas (around Tel-Aviv metro-
politan area), in comparison with peripheral areas. The spatial
distribution of ASD prevalence is presented in Figure 1.

Prevalence changes with time across subdistricts are illustrated
in Figure 2, as a choropleth mapping for four separate 3-year birth
cohorts (2000e2002, 2003e2005, 2006e2008, and 2009e2011).
For the same spatiotemporal resolution as in Figure 2 (subdistrict
level for four separate 3-year birth cohorts), Figure 3 maps local
Moran's I clusters (highlighting only statistically significant
of children born in Israel during 2000e2011, by locality/subdistrict. Caption: Localities
, and localities with relative error > 0.4 are aggregated into their respective subdistrict.
ked in the right map. The text appearing on both maps (right and left) refers to certain
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clusters). In Figure 2, a trend of overall increase in prevalence over
time is evident across most subdistricts, with some differences in
the particular temporal pattern. Elevated prevalence is clearly seen
in central Israel subdistricts (around Tel-Aviv metropolitan area)
and low prevalence is consistently demonstrated in Jerusalem
subdistrict. These subdistricts are detected and highlighted in
Figure 3 as statistically significant clusters (P-value<.05) of rela-
tively low or high prevalence.
Multivariable model and spatial autocorrelation

Table 1 and Online Supplement 3 present the results of the
aspatial and spatial regression models, respectively. The tables
show independent effect associations between locality-level char-
acteristics (socioeconomic index, ethnicity, and peripherality) and
ASD prevalence.

Higher locality SES was associated with higher ASD prevalence,
independently of ethnicity and peripherality (for localities in the
fourth SES Quartile, PRR ¼ 2.01, 95% CI: 1.89e2.13 in the aspatial
model; PRR ¼ 2.01, 95% CI: 1.83e2.19 in the spatial model). Arab
localities had much lower prevalence than Jewish localities
(PRR ¼ 0.38, 95% CI: 0.35e0.42 in the aspatial model; PRR ¼ 0.38,
95% CI: 0.33e0.44 in the spatial model), and being a mixed locality
was associated with intermediate prevalence. Peripherality (dis-
tance from Tel-Aviv) showed an independent inverse association
with ASD prevalence.
Fig. 2. Spatiotemporal distribution of ASD (choropleth map) prevalence among the total pop
per four separate 3-year birth cohorts (four separate maps, for children born during 2000e
Deviations from the prevalence predicted by the locality's
characteristics (i.e., model residuals) for the overall study period are
mapped in Figure 4. Three localities (colored in red) have stan-
dardized residuals (z-scores) statistically significant, with preva-
lence higher than predicted (z-score >1.96, i.e. 95% CI). No localities
with prevalence significantly lower than predicted (z-
score < �1.96) were detected. Using the same inclusion criteria for
mapping as in Figure 4, deviations are also mapped for three birth
cohorts (2000e2003, 2004e2007, and 2008e2011), as presented
on Online Supplement 4. The mapping, both for the overall study
period and for the three separate periods, suggests that the model
residuals are spatially distributed at random. This impression is
supported by the global Moran's I index of spatial autocorrelation
that is close to zero, indicating no spatial dependency, for both ASD
prevalence (Moran's I ¼ �0.000546, P ¼ .77) and model residuals
after adjustment for locality characteristics (Moran's I ¼ �0.00335,
P ¼ .42). Standardized residuals of the spatial regression model are
mapped on Online Supplements 5 (for the overall study period) and
Online Supplements 6 (for three separate 4-year birth cohorts).
Discussion

Our findings suggest that ASD prevalence varies substantially
across Israel, with much higher prevalence in central areas around
Tel-Aviv metropolitan area, in comparison with peripheral areas. A
few high SES localities within peripheral subdistricts demonstrate
ulation of children born in Israel during 2000e2011. Caption: Mapping is by subdistrict
2002, 2003e2005, 2006e2008, and 2009e2011).



Fig. 3. Local Moran's I cluster map for ASD prevalence among the total population of children born in Israel during 2000e2011, by subdistrict per four separate 3-year birth cohorts
(four separate maps, for children born during 2000e2002, 2003e2005, 2006e2008, and 2009e2011). Caption: Local Moran's I clusters of elevated prevalence (hotspots) and of low
prevalence (coldspots) appear in red and blue/purple, respectively. Only subdistricts detected as statistically significant clusters (P-value of local Moran's I < .05) are highlighted on
the map (the rest appear as shaded). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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higher prevalence than those of the rest of their subdistrict local-
ities, for example, Pardes Hanna-Karkurda Jewish locality within a
relatively peripheral subdistrict (presented in the northern part of
the left-hand map in Fig. 1). This pattern of higher prevalence
concentrated in central Israel (and in certain high SES localities
within peripheral areas) seems to be steady over the years, as
demonstrated in Figure 2, and in Figure 3 in relation to the statis-
tically significant clusters (P-value<.05) detected in central Israel
subdistricts.

The small area variation in prevalence may be explained by the
localities' characteristics that were found to be associated with
prevalence in our analyses (Table 1). Ethnicity is probably a
Table 1
Associations between locality-level variables and ASD prevalence rate

Variable Category/No. of localities/births*

SES Quartile 1 (257; 926,252)
Quartile 2 (257; 313,893)
Quartile 3 (258; 267,369)
Quartile 4 (255; 257,054)

Ethnicity Jews (900; 946,689)
Arabs (118; 321,350)
Mixed (9, 496; 529)

Peripherality Quartile 1 (257; 733,851)
Quartile 2 (257; 511,396)
Quartile 3 (256; 366,273)
Quartile 4 (257; 153,048)

PRRs were taken from an aspatial binomial generalized linear regression model, predictin
Central Bureau of Statistics) to the locality's population, categorized into ascending qua
scores) are (�3.06,�0.09), (�0.09,0.58), (0.58, 1.12), and (1.12, 3.06), for quartiles 1, 2, 3,
census data: Jews, Arabs, or mixed; Peripherality: distance (by shortest roads) between t
quartiles (the first quartile being the reference: the shortest distance). Quartile cut p
(109.12e321.40), for quartiles 1, 2, 3, and 4, respectively.

* Variable category and the population underlying each category (indicated in parenth
children across 1027 localities (not including extremely small localities for which there ar
found.
prominent explanatory characteristic. Arab localities were inde-
pendently associated with approximately 3-fold lower prevalence,
and mixed localities with intermediate prevalence, in comparison
with Jewish localities. Ascertainment of ASD in the Arabs (and ul-
traorthodox Jews) may be reduced because of ASD's categorization
as a mental disorder (given the stigmatization of mental disorders)
and possibly lower awareness of NII disability benefit for ASD [24].
A previous study comparing the clinical characteristics of Arab and
Jewish children with ASD found more severe autistic manifesta-
tions among the Arab children [33]. This may indicate lower
awareness or acceptance of mild cases of ASD in the Arab popula-
tion in comparison with that in the general Jewish sector. A similar
PRR 95% CI

Reference
1.50 1.41e1.59
1.87 1.76e1.98
2.01 1.89e2.13
Reference
0.38 0.35e0.42
0.61 0.57e0.64
Reference
0.96 0.91e1.02
0.91 0.86e0.96
0.86 0.79e0.93

g ASD prevalence in the locality. Socioeconomic index (z-scores) attributed (by Israel
rtiles (the first quartile being the reference: the lowest SES). Quartile cut points (z-
and 4, respectively; Ethnicity: the locality's ethnic composition, in accordance with
he locality and the boundary of the Tel Aviv subdistrict, categorized into ascending
oints (distance in kilometers) are (0e31.55), (31.55e75.00), (75.00e109.12), and

eses and read from left to right as number of localities; number of births). 1,764,568
e no census data) were included in the regressionmodel, of whom 11,699 cases were



Fig. 4. Spatial distribution of deviations of ASD prevalence from values predicted by
localities' characteristics (standardized residuals of aspatial regression model), for the
total population of children born in Israel during 2000e2011, for the overall study
period. Caption: Only localities with >3400 births are mapped (the rest of localities
appear as not colored). Localities with standardized residuals (z-scores) > 1.96, that is
with prevalence statistically significantly higher than predicted (95% confidence in-
terval) are colored in red (1.96e2.4 z-score category). No localities with prevalence
significantly lower than predicted (z-score < �1.96) were detected. (For interpretation
of the references to color in this figure legend, the reader is referred to the Web version
of this article.)
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phenomenon of more severe clinical phenotype inminority groups,
and lack of diagnosed childrenwithmoderate-mild ASD, was found
in the United States [34] and to some extent also in Europe [35,36].

A locality's peripherality (distance from Tel Aviv subdistrict)
showed an inverse association with ASD prevalence (independent
of SES and ethnicity). Peripherality has been found to be correlated
with restricted access to health services in Israel [37]. Although the
national health care applies to every Israeli resident across the
country, diagnostic services for ASD, de facto, may be more at hand
in central Israel than in the periphery [37,38]. Health care services,
personnel, and hospitals are mainly concentrated in central Israel,
with the highest population density and highest locality-level SES
(mostly urban Jewish localities). In addition, private health insur-
ance plans (as alternatives for the public ones) for diagnostic ser-
vices for ASD are probably more affordable in the center than in the
periphery, given the higher SES. Indeed, higher locality SES was
associated with higher prevalence.

The spatial variability in prevalence may be due to differences in
awareness and acceptance of ASD. Supporting such an explanation
are prevalence differences between localities homogenously
inhabited by specific population subgroups: Arabs, ultraorthodox
Jews, and the general Jewish population. Comparison between such
localities consistently shows highest prevalence in the general
Jewish localities and considerably lower rates in ultraorthodox
Jewish and in Arab localities. For example, our findings indicate that
the Jewish locality Modi'in-Makkabbim-Re'ut, the ultraorthodox
locality Bne-Braq (appears on Fig. 1 as ‘BB’), and the Arab locality
Tayibe have prevalence of 22.55, 3.05, and 4.83 cases per 1,000,
respectively. Interestingly, the prevalence in the Arab locality
Tayibe (which is located around the center of Israel, whereas most
Arab localities are concentrated in the periphery) is higher than in
more peripheral Arab localities such as Umm Al-Fahm (presented
on the northern part of the left-hand map in Fig. 1, with 2.3 cases
per 1000). The differences detected in spatiotemporal trends
(Fig. 2) may be related to different timings across regions of
increasing awareness or acceptance of ASD. Although our above-
mentioned suggested explanations for the spatial and spatiotem-
poral variability in prevalence seem most likely, we obviously
cannot rule out other possible explanations, such as lifestyle and
environmental or genetic differences.

Comparability with previous studies is limited because of
different approaches in spatial evaluations and aggregation levels
(individual vs. locality data) [11e14,16,17]. It is nonetheless worth-
while tomake some comparison and look at our findingswith regard
to excess prevalence after adjusting for locality characteristics
associated with ASD. Similarly, in some of the aforesaid previous
studies, areas of excess risk persisted after adjustment for (individ-
ual-level) SES-related factors [11,12,15]. In terms of analyzing
explanatory variables for ASD, our regression results are consistent
with previous studies examining the association with census tract
SES [39e41]. Similar explanations for the aforementioned locality-
level characteristics associations are given in the literature about
ASD prevalence in the United States, for example, greater ability of
higher SES families to deal with the medical system and seek a
diagnosis for their children, cultural perceptions of atypical behavior,
and better access to services for families with higher SES and closer
residential proximity to clinical specialists [40].

This study has several limitations. First, our data analyses were
performed on the locality level. Therefore, the results should be
evaluated accordingly and no individual-level inference should be
made. In addition, the lack of designated GIS layers and data per-
taining to health care [29] restricted us to analyses on a locality (or
larger) scale and did not allow formore advanced and robust spatial
analyses of higher informative value (analyses on smaller spatial
scales than locality resolution, had this been feasible, may have
been more informative). In addition, the affiliation of the study
population to their respective spatial units was made in accordance
with maternal address at birth. Birth addresses may not necessarily
reflect locality of actual residence in the years after birth (during
which the diagnosis was made). Birth addresses may also be inac-
curate, but there is no reason to assume that patterns of errors in
birth addresses are different in children subsequently diagnosed
with ASD. Thus, we do not expect locality misclassification in this
respect to be differential, but rather to introduce random error (but
not systematic error) into prevalence rates. Nonetheless, migration
may contribute to locality misclassification, if, for example, cases
systematically migrate to other localities more than controls do
(possibly to improve accessibility to services). In the absence of
available data, we could not assess this. Another limitation was the
follow-up period for ASD diagnosis until December 31, 2016, which
may have led to underestimation of prevalence among later birth
cohorts. To limit this problem, birth cohorts after 2011 were not
included in the study population, allowing for follow-up of 5 years
for the youngest birth cohort of 2011. In addition, the change in
definition of ASD and the shift from DSM-IV-TR to DSM-5, although
the former was consistently implemented during most of the
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follow-up period, for 85% of the total 11,699 diagnoses (‘cases’) in
this study, may have had a certain impact on the prevalence among
later birth cohorts. Nonetheless, that impact, for example, lower
diagnostic prevalence under DSM-5 than under DSM-IV-TR [42], if
any, is likely to be nondifferential (not biased) across the localities,
and in any event, it does not refer to each birth cohort separately.

This study has several advantages. Overall, the complete coun-
trywide data available in NII in relation to the total population of
children born in 2000e2011 in Israel who have been diagnosed
with ASD allowed a unique opportunity to gain insights into the
spatial and spatiotemporal variation of ASD across the entire
country and how it is associated with certain locality-level char-
acteristics. Cases were detected individually, based on NII benefits
for ASD after diagnosis ascertainment, independent of SES, income,
services eligibility, or their usage. This yields a particularly high
validity to case ascertainment in this study, even though it may not
capture children with ASD who have not been diagnosed with ASD
because of lack of awareness or for other reasons.

Our results provide insight into health disparities between lo-
calities affecting the diagnosis of ASD. These findings have utility
for planning and addressing the needs for child development
diagnostic and intervention services, in particular in the geographic
periphery and underprivileged population groups. This, for
example, by improving accessibility of services through shortening
wait time and addressing language and cultural barriers in under-
privileged communities at the national and local levels [43].

Adding to the current body of knowledge on spatial and
spatiotemporal ASD prevalence variability, our findings may be
generalizable beyond Israel and may reflect similar patterns else-
where. Similar findings may direct to a need for additional policy
intervention for diagnosis of ASD, targeting children in more pe-
ripheral regions who are at higher risk of going undiagnosed, as
well as further research on possible factors that may account for
significant excess or decreased prevalence, if detected in certain
regions. This also calls for more sophisticated spatial analysis to be
implemented in future research.
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