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Abstract
Introduction Although Switzerland has one of the highest life expectancy in the world, this global
indicator may mask signi�cant disparities at a local level. The present study used a spatial cluster
detection approach on individual mortality data to investigate the geographic footprint of life expectancy
inequalities in the state of Geneva, Switzerland.

Methods Individual-level mortality data (n=30,592) were obtained from the Geneva’s mortuary
announcements (2003-2017). We measured life expectancy inequalities through Life Expectancy
Difference (LED), de�ned as the difference between the individual’s age at death and their Life
Expectancy at Birth. We assessed the spatial dependence of LED across the state of Geneva using spatial
autocorrelation statistics (Local Moran’s I). To ensure the robustness of the discovered patterns, we ran
the analysis for ten random subsets of 10,000 individuals drawn from the 30,592 deceased. We also
repeated the spatial analysis for LED before and after controlling for nationality and neighborhood
income.

Results LED was not randomly distributed across the state of Geneva. The ten random subsets revealed
no signi�cant difference in the geographic footprint of LED and the population characteristics within
Local Moran cluster types, suggesting the robustness of the spatial structure obtained. The proportion of
women, the proportion of Swiss, and the median neighborhood income were signi�cantly lower for
populations within low LED clusters than for populations within high LED clusters. After controlling for
nationality and neighborhood income, we observed a slight reduction in the low LED cluster footprints,
but we found similar differences in population characteristics between cluster types.

Conclusion To the best of our knowledge, this is the �rst study in Switzerland using spatial cluster
detection methods to investigate small area inequalities in life expectancy. We identi�ed a clear
geographic footprint of LED, which may support further investigations and guide future public health
interventions at the local level. 

Introduction
Health inequalities, de�ned as differences in the population’s health status [1], remain a major challenge
in public health [2,3]. Individuals more socioeconomically deprived usually face poorer health conditions
and are at higher risk of presenting a premature death [4–7]. Premature death, evaluated through Years of
Potential Life Lost (YPLL), which estimates the years a person did not live compared to an arbitrary age,
is one of the most widely used mortality-based indicators to measure the population’s health [8–10].
However, this indicator relies on a general cut-off age that may misrepresent the elderly and individuals
with chronic conditions [11,12]. Life Expectancy Difference (LED), de�ned as the difference between the
age at death and the Life Expectancy at Birth (LEB), may constitute a better approach to consider such
populations when evaluating life expectancy inequalities.
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Compared to other countries, Switzerland’s health inequalities for all-cause mortality are below average
[9,13]. Nevertheless, these statistics constitute a global estimation of the health situation at the country
level, and substantial regional differences of mortality and socioeconomic status have been reported in
Switzerland at the neighborhood level [14,15].

Evidence shows that neighborhood conditions (i.e., social, economic, and physical) have an in�uence on
health, independently of individual characteristics [16–18]. Thus, spatial analysis constitutes a valuable
approach to reveal geographic patterns of health inequalities and guide local public health policies
[19,20]. However, most of the studies assessing mortality variations in a geographic setting are limited to
large spatial scales [21–24], and only a few studies -none in Switzerland- use spatial analysis methods to
evaluate small areas inequalities in health. These studies highlighted the association between the
geographic disparities of premature death and deprivation status [25–27].

We therefore sought to investigate life expectancy inequalities at small areas level in the state of Geneva,
using 30,592 individual mortality data from 2003 to 2017 and georeferenced at the residential address.
We assessed the spatial structure of LED across the state using spatial autocorrelation statistics. We also
investigated the in�uence of nationality and neighborhood income on the geographic footprint of LED.

Methods And Materials
Death notice data

Raw data consisted of the 49,628 deaths that occurred in the state of Geneva between 1908 and 2017,
with information on the deceased including name, birthday, civil status, nationality (Swiss/non-Swiss),
date of death, and address. Data were collected every month through web scraping of the mortuary
announcements, which were publicly available through the o�cial gazette (FAO) until 2017 (Republic and
Canton of Geneva, https://fao.ge.ch). We only retained for analysis the deaths that have occurred since
2003 (49,077; 98.9%), the year from which we have information consistent with the number of deaths
reported by Statistique Genève (www.ge.ch/statistique). Inaccurate data (e.g., duplicate observations,
unknown death dates, unidenti�ed addresses, or locations from other cantons or countries) and
individuals with missing nationality were removed from the analysis (16,759; 33.7% and 39; 0.07%,
respectively), as well as 1,681 addresses (3.39%) that could not be georeferenced.

Due to the lack of speci�c gender information in the database, we used the genderize.io API for name-to-
gender inference as it shows a correct performance rate compared to other web services [28]. This
approach is commonly used in gender inequality research, such as investigating women’s representation
in academic literature [29,30]. The API returns the gender that is most commonly associated with a given
�rst name, along with con�dence parameters. With this process, we were able to recover the gender for
93.6% of our dataset.

Finally, 30,592 observations (61.6% of the individuals in the original dataset) were retained for further
analysis.
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Mortality Indicators

 Life Expectancy at Birth (LEB) was de�ned as the average life length of a group of individuals born in a
given year, considering the evolution in mortality conditions through their lifetime [31]. The statistic was
extracted from the Swiss Federal Statistical O�ce longitudinal life tables (FSO,
https://www.bfs.admin.ch/) for the 1900-2013 period [32] and was attributed to the deceased based on
the year of birth and gender.

Life Expectancy Difference (LED) was de�ned as the difference in years between the age at death and the
individual LEB.

Neighborhood’s income level

To assess the in�uence of the socioeconomic status on LED, we used the median annual neighborhood
household income at the statistical subsectors level (n=475), elaborated every year from 2005 to 2016 by
Statistique Genève (https://www.ge.ch/statistique/). The calculation of the annual neighborhood income
excluded unmarried individuals (i.e., single, divorced, widowed) as their taxable income may not re�ect
their quality of life. We assigned a neighborhood income value to each individual based on the registered
residential address at the time of the death. Since no tax data were available for the years 2003, 2004,
and 2017, we assigned the median income of the nearest year.

Statistical Analysis

We investigated the spatial structure of LED across the state of Geneva using the Local Moran statistic
[33]. The statistic relies on a measure of spatial dependence (or spatial autocorrelation), i.e., how similar
observations tend to be within a speci�c neighborhood (spatial lag) and identi�es local clusters of low
and high LED values.

We decided to analyze the LED variable within a 1,200 meter-buffer (spatial lag) around each individual’s
residential address. This methodological choice was supported by similar epidemiological studies
conducted in the state of Geneva [34,35].

For each residential address, the correlation between the observed variable and the mean of this variable
in a given neighborhood (spatial lag) was calculated. The standardized scatterplot of this relationship
allows to identify four distinct types of spatial association: (1) High-High clusters (dark green dots in the
maps) represent individuals with high LED values (i.e., that live longer than expected) surrounded by
individuals with high LED values; (2) Low-Low clusters (dark purple dots in the maps) represent
individuals with low LED values (i.e., that live shorter than expected) surrounded by individuals with low
LED values, (3) Low-High spatial outliers (light purple dots in the maps) represent individuals with high
LEDs surrounded by individuals with low LEDs, and (4) High-Low spatial outliers (light green dots in the
maps) represent individuals with low LEDs surrounded by individuals with high LEDs.

https://www.bfs.admin.ch/
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To assess whether or not the null hypothesis of no spatial association can be rejected, we performed a
signi�cance test using 99,999 Monte-Carlo permutations where for each step, the value yi at a speci�c
location i is held �xed and the location of its neighboring values are randomly permuted [33]. Pseudo p-
values were then calculated as the probability of obtaining a local Moran’s I larger than observed [36]. To
consider the effects of simultaneous multiple comparisons [37], we applied a Bonferroni correction for an
overall alpha level of 0.1, resulting in an individual signi�cance level of 1e-5. Non-signi�cant locations
(i.e., that have a pseudo p-value > 1e-5) are shown in white on the maps.

To control for nationality and neighborhood income, we performed the same analysis on the adjusted
LED values obtained with a median regression. Gender was not used as a dependent variable because
this factor was already considered in the de�nition of Life Expectancy at Birth.

Methodological and computational issues may arise from conducting spatial statistics on such large
datasets. Therefore, we replicated the analysis (both for the raw and adjusted LED models) on ten
random subsets, each containing 10,000 observations drawn from the 30,592 deceased. With this
method, we could perform enough permutations to apply a Bonferroni correction while ensuring the
robustness of the discovered spatial structure. Description of samples, characteristics of the spatial
weights, and regression results for the ten subsets can be found in the Supplementary Tables S1, S2, and
S3. Since the spatial structure of LED was similar across subsets, only the maps of subset 5 are shown in
the paper for descriptive purposes. However, the results for the other subsets can be found in the
Supplementary Figures S1 and S2.

For both the raw and adjusted LED models, we summarized the results of the ten random subsets by
calculating range, mean, and standard deviation of population characteristics within each cluster type
(i.e., Not signi�cant, High-High, Low-Low, High-Low, Low-High). These population characteristics include
number of individuals within each cluster type, gender, nationality, median neighborhood income, LED
value, and individual YPLL. The YPLL was calculated using a 75 year cut-off [38,39]. We used the Tukey’s
HSD test to compare all the possible pairs of means between each of the Local Moran cluster types to
identify signi�cant differences in population characteristics.

Spatial analyses were carried out in R using the rgeoda package [40].

Results
Pro�le of the deceased

Of the 30,592 deceased included in our analysis, 16,313 (53.2%) were women, and 24,496 (80.1%) were
Swiss. Individuals had a mean neighborhood income (CHF) of 126,102±40,406.77 with a mean LED
value of 5.46±20.71.

The median LED was lower for men (8.2) than for women (10.6, p<0.001), and lower for non-Swiss (2.79)
than for Swiss (11.1, p<0.001). Statistically signi�cant variations of the neighborhood income were also
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found within gender and nationality (men: 111,840 vs women: 114,161, p<0.02; non-Swiss: 109,260 vs
Swiss: 114,161, p<0.001).

Characteristics of individuals within clusters

To assess whether differences existed between individuals within and outside the clusters discovered by
the Local Moran analysis, we compared summary statistics for individuals’ gender, nationality, median
neighborhood income, LED, and YPLL taken from the ten random replications.

For the raw LED model (Table 1), the Local Moran analysis detected a mean of 3,323 (33%) individuals
showing spatial dependence (i.e., that have a pseudo p-value < 1e-5) for the ten random subsets,
including 1,262 individuals belonging to high LED clusters, 807 to low LED clusters, 456 to High-Low
spatial outliers, and 800 to Low-High spatial outliers. On average, individuals within high LED clusters
lived 20.04 years longer than expected (i.e., according to their Life Expectancy at Birth), individuals within
low LED clusters lived 14.83 years less than expected, and individuals showing no spatial dependence
lived 4.91 years longer than expected. We observed similar trends when comparing the mean YPLL value
between High-High (mean YPLL: 0) and Low-Low clusters (mean YPLL: 11.97). Other population
characteristics signi�cantly differed from individuals within clusters of low or high LED values and
locations showing no spatial dependence. In particular, the median annual neighborhood household
income was signi�cantly higher for individuals within high LED clusters (127,663 CHF) than those within
low LED clusters (107,639 CHF, p<0.001), as well as the prevalence of women (High-High: 61.6%, Low-
Low: 47.5%, p<0.001), and the prevalence of Swiss (High-High: 86.6%, Low-Low: 70.1%, p<0.001). We
observed no signi�cant differences in population characteristics between the ten random subsets.

Table 1. Characteristics of individuals within each Local Moran cluster type for the raw LED

model. For each variable, the table shows range, mean, and standard deviation between the

ten subsets. The total per category is not necessarily equal to 10,000 because of neighborless

individuals.
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  Not
significant

High-High Low-Low Low-High High-Low

N 6411–6922 1034–1451 711–900 378–524 716–881
6673.8
(66.7%)

1260.9
(12.6%)

806.5 (8.1%) 456.0 (4.6%) 800.4 (8.0%)

±166.07 ±121.46 ±63.96 ±47.07 ±61.62
Mean LED 4.3–5.56 19.3–20.70 -15.7– -14.30 -11.6– -8.91 16.8–18.50

4.91 20.04 -14.83 -10.24 17.80
±0.42 ±0.38 ±0.46 ±0.94 ±0.46

Gender Women 3340–3662 615–903 320–406 210–306 359–490
3476.8
(52.1%)

777.8
(61.6%)

368.3
(45.7%)

262.1
(57.4%)

413.3
(51.5%)

±116.30 ±83.18 ±26.37 ±29.98 ±47.04
Men 3071–3281 419–548 388–513 168–218 349–425

3197.0
(47.9%)

483.1
(38.4%)

438.2
(54.3%)

193.9
(42.6%)

387.1
(48.5%)

±65.42 ±39.72 ±42.70 ±18.28 ±22.07
Nationality Non

Swiss
1211–1422 135–203 207–282 84–129 116–156
1334.8
(20.0%)

168.9
(13.4%)

241.9
(29.9%)

109.2
(23.9%)

137.9
(17.2%)

±56.19 ±21.85 ±26.68 ±15.85 ±12.74
Swiss 5171–5589 895–1255 502–618 289–401 593–733

5339.0
(80.0%)

1092.0
(86.6%)

564.6
(70.1%)

346.8
(76.1%)

662.5
(82.8%)

±134.62 ±104.81 ±38.44 ±35.53 ±54.32
Mean YPLL 4.33–4.89 0.00–0.00 11.50–12.50 7.37–9.40 0.00–0.00

4.65 0.00 11.97 8.36 0.00
±0.15 ±0.00 ±0.35 ±0.70 ±0.00

Mean Income 127672–
130647

122744–
132906

103792–
110763

131933–
141063

106882–
116124

129363 127663 107639 134609 112095
±931.48 ±3469.85 ±2422.72 ±2830.48 ±3123.64

 

Table 2 shows the summary results for the adjusted LED model, in which we explicitly accounted for the
effect of nationality and neighborhood income with a median regression model. We observed fewer
signi�cant locations (3,012, 30%) compared to the raw LED model, but we found similar trends in
population characteristics within each cluster type. For the ten random subsets, the analysis detected, on
average, 1,311 individuals belonging to high LED clusters, 598 to low LED clusters, 500 to Low-High
spatial outliers, and 603 to High-Low spatial outliers. Individuals within high LED clusters lived, on
average, 10.26 years longer than expected, individuals within low LED clusters lived 23.58 years less than
expected, and individuals showing no spatial dependence lived 4.70 years less than expected. Median
annual neighborhood household income was signi�cantly lower for individuals within low LED clusters
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(109,552 CHF) than within high LED clusters (123,454 CHF, p<0.001). Signi�cant differences between low
and high clusters were also observed for gender (60.6% of women in High-High clusters, and 47.0% of
women in Low-Low clusters, p<0.001), and nationality (83.5% of Swiss in High-High clusters, and 76.0%
of Swiss in Low-Low clusters, p<0.001).

Table 2. Characteristics of individuals within each Local Moran cluster type for the adjusted

LED model. For each variable, the table shows range, mean, and standard deviation between

the ten subsets. The total per category is not necessarily equal to 10,000 because of

neighborless individuals.

  Not
significant

High-High Low-Low Low-High High-Low

N 6784–7255 1023–1454 460–702 411–585 504–694
6985.4
(70.0%)

1310.7
(13.1%)

598.2 (6.0%) 500.1 (5.0%) 603.2 (6.0%)

±178.50 ±132.55 ±78.34 ±54.02 ±65.18
Mean adjusted LED -5.11– -4.13 9.42–10.80 -24.60–

-22.80
-21.10–
-18.40

7.69–9.37

-4.70 10.26 -23.58 -19.83 8.36
±0.27 ±0.42 ±0.73 ±0.88 ±0.47

Gender Women 3470–3825 597–897 216–321 237–337 235–363
3632.5
(52.0%)

795.0
(60.6%)

281.2
(47.0%)

289.5
(57.9%)

300.1
(52.0%)

±130.14 ±90.53 ±39.04 ±31.49 ±43.23
Men

 
3249–3457 426–568 242–389 174–248 267–347
3352.9
(48.0%)

515.7
(39.4%)

317.0
(53.0%)

210.6
(42.1%)

303.1
(50.4%)

±67.16 ±44.05 ±44.34 ±22.67 ±27.65
Nationality Non

Swiss
1319–1498 168–255 114–170 61–109 119–165
1408.3
(20.2%)

216.1
(16.5%)

143.5
(24.0%)

83.6 (16.6%) 141.2
(23.4%)

±56.21 ±26.24 ±19.19 ±14.96 ±15.13
Swiss 5429–5819 855–1249 346–532 348–476 375–529

5577.1
(79.8%)

1094.6
(83.5%)

454.7
(76.0%)

416.5
(83.4%)

462.0
(76.6%)

±141.62 ±112.96 ±59.80 ±41.05 ±52.07
Mean YPLL 4.36–4.90 0.00–0.02 11.40–13.00 7.65–9.39 0.01–0.06

4.73 0.01 12.00 8.48 0.03
±0.16 ±0.00 ±0.47 ±0.61 ±0.01

Mean Income 127460–
130322

118800–
128126

106236–
112750

128586–
135373

111154–
120712

128853 123454 109552 131552 114443
±938.14 ±3072.71 ±2548.33 ±2447.24 ±3260.28
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Spatial footprint of LED

To assess the geographic footprint of LED across the state of Geneva, we ran a Local Moran analysis on
ten random subsets of 10,000 individuals drawn from 30,592 deceased occurred between 2003 and
2017. The method identi�ed the type of spatial association undergoing at each location by comparing
the LED value of an individual with the mean LED value of its neighbors, illustrated on the Local Moran
cluster maps for the raw and the adjusted LED models (Figures 1A and 2A). On the maps, white dots
represent locations showing no spatial dependence, dark green dots (High-High) and dark purple dots
(Low-Low) represent individuals having high LED, respectively low LED, surrounded by individuals with
similar values. Light purple dots (Low-High) and light green dots (High-Low) represent spatial outliers,
where an individual LED value differs considerably from the mean LED value of its neighbors.

Because similar geographic footprints were obtained for the ten subsets, we only comment, in this
section, the Local Moran cluster map from subset 5. However, results from other subsets are available in
Supplementary Materials (Figures S2 and S3).

Analysis revealed a clear spatial structure for the raw LED model in the state of Geneva (Figure 1A). Low-
Low clusters were mostly concentrated downtown and in the west areas (landmarks 1-3, 5, 8), while High-
High clusters were located in the south and north areas (landmarks 4,6,7). The distribution of individual
LED values within each cluster type (Figure 1B) showed signi�cant differences between clusters of low
and high LED values (mean difference of 34.92 years, p<0.001).

Discussion
Our analysis, using spatial cluster detection methods on individual georeferenced mortality data, revealed
a clear spatial structure of LED across the state of Geneva. We found that individuals living shorter than
expected (i.e., with low LED values) were clustered in downtown and western areas (landmarks 1-3,5,8 in
Figures 1A and 2A), while individuals living longer than expected (i.e., with high LED values) were
clustered in the southern and in the northern areas of the state (landmarks 4,6,7 in Figures 1A and 2A).

The characteristics of the population within respectively high LED clusters (High-High) and low LED
clusters (Low-Low) signi�cantly differed, and the population in the latter exhibited a higher prevalence of
men and foreigners and a lower neighborhood income. Similar results were observed after explicitly
accounting for nationality and neighborhood income with a median regression model (adjusted LED
model), even though we noticed a slight reduction of the spatial footprint of low LED clusters (23% fewer
signi�cant locations). These results suggest that nationality and neighborhood income could play a role
in individual life expectancy, especially for more deprived populations. It is consistent with other studies
focusing on the spatial patterns of health inequalities, which observed a relationship between mortality
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and the socioeconomic position in small geographic areas [25–27,41]. The higher proportion of
foreigners found in low LED clusters could partially be explained by the fact we assigned to individuals
the Life Expectancy at Birth from Swiss life tables, which is among the highest in the world [13]. Hence, it
could overestimate the LEB of non-Swiss people and, thus, the absolute value of LED. It may also indicate
unequal situations between Swiss nationals and migrants as foreigners face worse living conditions and
quality of life in Switzerland [42]. This is consistent with other studies that highlighted associations
between deprived life conditions and higher mortality rate [3,43–45]. Further epidemiological studies are
necessary to disentangle the underlying factors leading to the geographic footprints of life expectancy
inequalities discovered in this study.

Interestingly, we identi�ed similarities between the spatial patterns of health inequalities revealed by LED
and those detected in another study assessing the spatial dependence of body mass index (BMI) in
Geneva [35]. Indeed, some clusters of elevated BMI overlap clusters of low LED and conversely (data not
shown). We may presume that both outcomes are spatially interlinked and that some of these premature
deaths may be related to conditions associated with a high BMI, such as cardiovascular disease and
diabetes.

When comparing LED and YPLL values among cluster types, we observed similar trends between both
indicators, showing that they measure comparable mortality inequalities. For instance, High-High clusters
present a YPLL value of 0, while Low-Low clusters have a positive YPLL mean value of 12 in both raw
and adjusted models. However, due to the nature of YPLL that only identi�es subjects that faced a
premature death, LED may constitute a more appropriate indicator to measure health inequalities.

Strengths

As far as we know, this is the �rst study that analyzes spatial dependence of a life expectancy indicator
using a large sample size of individual-level mortality data (n=30,592), making it possible to identify
small areas inequalities in health. The fact that no signi�cant differences were detected in the geographic
footprint of LED between the ten random subsets demonstrates that our results are not speci�c to our
dataset, and that pattern of life expectancy inequalities are deeply embedded in the territory of the
Geneva state.

Limitations

Several variables that could have been valuable for our study were missing from our dataset. These
variables included gender of the deceased, socioeconomic status, cause of death, and prevalence of
comorbidities.  We resolved missing gender information using name-to-gender inference. However, it may
fail to identify non-European names [30]. Furthermore, we were able to include only the last place of
residence of individuals, which may not represent where they spent most of their lives. Our results may
also fail in representing the 2005-2008 period since we had fewer observations for these years in
comparison to the cantonal mortality statistics (O�ce Cantonal de la Statistique, www.ge.ch/statistique)
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(Figure S3 in Supplementary Materials). Additionally, we may suffer from selection bias as we could not
analyze 37% of the initial sample population due to inaccurate data.

Policy implications

Switzerland, and in particular the state of Geneva, has one of the highest LEB and quality of life
worldwide. However, this does not prevent the state from presenting considerable health inequalities.
Contrasts in socioeconomic conditions like nationality and neighborhood income result in profound
geographic disparities and reveal deprived living environment areas. The same areas were by the way
recently shown to be exposed to SARS-CoV-2 clusters that persisted signi�cantly longer than elsewhere in
the state [46]. However, one can also consider the existence of such spatial structures as opportunities for
intervention. The present �ndings should encourage authorities to acknowledge geographic areas facing
health inequalities and to favor, in these zones, the development of adequate public health policies to
create conditions of more equitable living environments. Such policies should consider the social
component rather than focusing exclusively on treating risk factors [6,47]. For instance, decision-makers
could: i) favor the development of urban districts socioeconomically mixed; ii) improve living conditions
of neighborhoods with a high rate of foreigners; iii) favor access to health in local areas where exist
higher prevalence of chronic diseases or; iv) allocating economic assistance in elderly.

Conclusion
Individual-based spatial patterns of life expectancy translate health inequalities footprints on a territory.
Our study revealed speci�c spatial patterns of LED in the state of Geneva using spatial cluster detection
methods on individual georeferenced mortality data. The proportion of women, the proportion of Swiss,
and the median neighborhood income were signi�cantly lower for populations within low LED clusters
than for populations within high LED clusters. Adjustment for nationality and neighborhood income
slightly reduced the footprint of low LED clusters but did not modify the population characteristics within
clusters. Results highlight the worth of precision public health relying on spatial methods to assess
health inequalities at a local level and target vulnerable populations.
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Figure 1

Spatial footprint of LED for the raw model. (A) Local Moran cluster map was calculated for a random
subset of 10,000 individuals drawn from the 30,592 deceased in the Canton of Geneva for the 2003-2017
period (Subset 5). White dots represent individuals without spatial dependence (i.e., whose Local Moran’s
I p-values adjusted with Bonferroni are not signi�cant). Dark green dots (High-High cluster) represent
individuals with high LED values (i.e., that live longer than expected) surrounded by individuals with
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similar LED values within a distance of 1,200m. Dark purple dots (Low-Low cluster) represent individuals
with low LED values (i.e., that live shorter than expected) surrounded by individuals with similar LED
values. Light purple dots (Low-High spatial outlier) represent individuals with high LED values surrounded
by individuals with low LED values, and light green dots (High-Low spatial outlier) represent individuals
with low LED values surrounded by individuals with high LED values. Indicative landmarks are shown on
the map to facilitate interpreting the results (1-8). (B) Distribution of LED values for each Local Moran
cluster type (LL: Low-Low, LH: Low-High, NS: Not signi�cant, HL: High-Low, HH: High-High).



Page 17/17

Figure 2

Spatial footprint of LED for the adjusted model (A) Local Moran cluster map was calculated for a random
subset of 10,000 individuals drawn from the 30,592 deceased in the Canton of Geneva for the 2003-2017
period (Subset 5). White dots represent individuals without spatial dependence (i.e., whose Local Moran’s
I p-values adjusted with Bonferroni are not signi�cant). Dark green dots (High-High cluster) represent
individuals with high adjusted LED values (i.e., that live longer than expected) surrounded by individuals
with similar values within a distance of 1,200m. Dark purple dots (Low-Low cluster) represent individuals
with low adjusted LED values (i.e., that live shorter than expected) surrounded by individuals with similar
values. Light purple dots (Low-High spatial outlier) represent individuals with high adjusted LED values
surrounded by individuals with low adjusted LED values, and light green dots (High-Low spatial outlier)
represent individuals with low adjusted LED values surrounded by individuals with high adjusted LED
values. Indicative landmarks are shown on the map to facilitate interpreting the results (1-8). (B)
Distribution of adjusted LED values for each Local Moran cluster type (LL: Low-Low, LH: Low-High, NS:
Not signi�cant, HL: High-Low, HH: High-High).
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