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Abstract

On March 12th, 2020, the WHO declared COVID-19 aamdemic. The collective impact of
environmental and ecosystem factors, as well adiv®osity, on the spread of COVID-19
and its mortality evolution remain empirically urdun, particularly in regions with a wide
ecosystem range. The aim of our study is to assmsghose factors impact on the COVID-
19 spread and mortality by countfihis study compiled a global database merging WHO
daily case reports (of 218 countries) with otheblfmly available measures from January 21st
to May 18th, 2020. We applied spatio-temporal mede identify the influence of
biodiversity, temperature, and precipitation antedi generalized linear mixed models to
identify the effects of environmental variables.ditnally, we used count time series to
characterize the association between COVID-19 sipaga air quality factors. All analyses
are adjusted by social demographic, country-incoleeel, and government policy
intervention confounders, among 160 countries, @lgbOur results reveal a statistically
meaningful association between COVID-19 infectiomd aseveral factors of interest at
country and city levels such as the national biediity index, air quality, and pollutants
elements (Pkb, PM,s and Q). Particularly, there is a significant relationstof loss of
biodiversity, high level of air pollutants, and dmshed air quality with COVID-19 infection
spread and mortalityOur findings provide an empirical foundation fotute studies on the
relationship between air quality variables, a cogst biodiversity, and COVID-19
transmission and mortality. The significant relaships measured in this study can be
valuable when governments plan environmental amadttheolicies, as alternative strategy to

respond to new COVID-19 outbreaks and prevent éutuises.

Main findings
Our results reveal a relationship between COVIDra@smission and mortality and loss of

biodiversity, high level of air pollutants, and dmshed air quality at country and city levels.

Key words: COVID-19; Global; Mortality; Transmissio n; Biodiversity; Air quality
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Introduction

Outbreaks of emerging infectious diseases, sutheag918 influenza pandemjcthe 2014
Ebold virus disease, the white-nose-syndrome in°péite ash diebaékungal disease in ash
trees, and the pandemic chytridiomycosis, whicHedil amphibians worldwidé, are
occurring with an increasing frequency and terrdasequences. One of the main causes of
pandemic events and epidemic diseases is the icitesaction between human populations
and both domesticated and wildlife animals thatycpathogens Most pathogens pass from
their wildlife reservoirs onto human populationsotigh hunting, the consumption of wild
species, wild animal trade, and other contacts wiehwildlife. Additionally, changes in the
Earth’s climate and weather continue to impactglanet's ecosystems, which include the
environmental communities with infectious diseagents and hosts that acts as veétors
Therefore, the intensified emergence of infectipathogens can also be attributed to climate
change, biodiversity loss, habitat degradation, @ndate increase of human-wildlife
interactions (HWI.

A reduction of biodiversity richness and evennemsses the disappearance of a key
part of the ecosystem that serves as a bufferetgphead of infectious diseases onto humans,
animals, and plamt$™2 In that sense, several studies have suggestethéhaansmission of
diseases increases with the loss of biodiversty*>® Additionally, the fifth edition of UN’s
Global Biodiversity Outlook report (GBO-5) publishdy the Convention of Biological
Diversity (CBD), remarks the importance of biodsiey when addressing climate change
and long-term food security. GBO-5 concludes tltéiba to protect biodiversity is essential
to prevent future pandemics. Moreover, the repotesithat biodiversity loss might also lead
to a faster rate of emergence and re-emergencdeatious diseases.

There have been six large-scale epidemics in tlse @&itury (i.e., SARS, swine flu,
MERS, Ebola, Zika, and Avian). Here, we briefly ggat their characteristics:

- The Severe Acute Respiratory Syndrome (SARS) oedum 2003, which led to



103 more than 8,000 infections with a mortality rateapproximately 10% and an impact

104 limited only to local and regional econonfiesThis epidemic ended abruptly in July
105 2003 and no human cases of the SARS coronaviruslieen detected since then.
106 - The 2009 H1IN1 influenza virus, which causes swiogwas a pandemic that first
107 appeared in Mexico in March 2009 and then in Aprithe United States. The 2009
108 swine flu became a pandemic as a result of glokmddility and airline travel and led
109 to an estimated 0.4% case fatdfity

110 - The Middle East respiratory syndrome (MERS) wast fidentified in humans in
111 Saudi Arabia and Jordan in 2d12MERS is considered a zoonotic pathogen that
112 jumps from infected dromedary camels to huriafls By contrast to SARS, which
113 was contained within a year after emerging, MER®&tiooes to have a limited
114 circulation in the Middle East region and causésrmittent sporadic human infection
115 cases, infected community clusters, and nosocooutdreaks, all of which hold a
116 high risk of spreading globafl§;

117 - The Ebola virus was first detected in 1976 in Zajpeesently known as the
118 Democratic Republic of Congo). Since the virus \iiest detected, over 20 known
119 outbreaks of Ebola have been identified in sub-&aha&frica, mostly in Sudan,
120 Uganda, Democratic Republic of Congo, and GaboAt present, no vaccine or
121 efficient antiviral management strategy exists Eolg#”. Although the Ebola virus
122 has a substantial epidemic and pandemic potentialtd the ease of international
123 travel, as demonstrated by the 2013-2016 West-#iriebola virus epidemic with
124 approximately 28,000 confirmed cases and 11,00thsfi8a

125 - The Zika fever (2015-2016) was first isolated imdZ9rom a febrile rhesus macaque
126 monkey in the Zika Forest of Uganda. Since 1954erwthe first cases in humans
127 were reported, the Zika virus caused only limitpdradic infections in Africa and
128 Asia. However, a large outbreak with approximaté40,000 to 1,300,000 cases
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spread from Brazil to 29 countries in the Amerigas2015°. In November 20186,

WHO announced the end of the Zika outbreak.

- Avian flu (or bird flu) was first reported in 199ih Hong Kong with only 18
infections and 6 human deaths. However, more tl@dhcases of the avian flu have
been reported from over 60 countfieswhich include the 2016 outbreaks that
occurred in Chinf&,

Some of those epidemics have been studied to paticitheir societal and
environmental impact$®*** The current novel coronavirus disease (COVID-ti®arfs
those six large-scale epidemics of the 21st centurierms of spatial extent and societal
consequencés and COVID-19 is the only pandemic with widespreadd complex
environmental impact®*

On March 12, 2020, the World Health OrganizatiorH®J declared the COVID-19
as a pandemic By May 18", 2020, more than 210 countries reported confircases of
COVID-19%. Extended virus transmission outside China wasrted among various
European Union (EU) countries, the United StatesAoferica (USA), Latin American
countries (e.g. Brazil and Peru) and African caest(e.g. South Africd).

Several social distancing measures were implemetotedtervene and contain the
alarming propagation of COVID-$8 Various clinical trials to develop a vaccine or a
pharmaceutical treatment are being directed td faglinst the virus. Some initial data on the
effect of environmental factors (i.e. temperatund Aumidity) on virus spread and mortality
have been present&d™ However, none of these studies included as confers factors
such as the mutual impact of both social distaneind government movement restriction
policies on virus spread. Additionally, while varg researchers pointed out the role of
biodiversity on COVID-19 spre&t™’, until now, there is no information on that roletlae
local or international level. Although still a deébain ecological forums, theoretically, a

higher biodiversity acts as an increased protedi@tor that enhances the human immune
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system against unknown viru&&$®

Although some recent studies have published how dhality of the air and
atmospheric pollutants may be related to COVID+a8gmission and fatality rdfethere was
a considerable lack of adjusted confounders that h@ve influenced the conclusions of
those studies. The collective impact of environrak@ind ecosystem factors, as well as
biodiversity, on COVID-19 spread remain empiricaliyknown, particularly in regions with
a wide ecosystem range. To the best of our knowledlgere is no information on the
relationship of biodiversity with COVID-19 at a wdwide level. Estimates, over time, of
COVID-19 spread and mortality that consider ecasysand biodiversity determinants could
help identify which level of these factors can lendficial to slow down propagation and
mortality, and with how much impact. In our view, estimate of the effect of environmental
and biodiversity parameters, jointly along with ettstudied factors, can give insights that
may help guide authorities when establishing amyedecision for the containment of the
future outbreaks. Thus, the aim of this study wasassess the relationship between
biodiversity, environmental, and other ecosystertdis with COVID-19 spread and

mortality at regional and global levels.

Methods

Study Design

We conducted a retrospective, observational, lodgial study. We obtained data on
COVID-19 propagation and mortality, and relateck riactors from 218 countries. We
compiled a dataset of COVID-19 daily cases andhdespanning January 210 May 18",
2020, based on the most recent publicly availabfufation-level information (per country),
as reported by WHO (https://www.who.int/emergendisgases/novel-coronavirus-
2019/situation-reports/). The current study wasreypgd by Parc Sanitari’'s Sant Joan de

Déu, Ethics Committee (PIC-67-20, Barcelona, Span§l complies with the ethical
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guidelines of the 1975 Declaration of Helsinki.
COVID-19 international data and other baseline measres

The WHO daily situation reports were used to compita between January™2t
May 18", 2020, on daily confirmed cases, total confirmades, daily confirmed deaths, the
total amount of confirmed deaths, and time sineel#ist reported case for each of the 218
countries/regions. Case classifications were base@/HO case definitions for COVID-19.
Transmission classification was grouped in thresirtit groups to capture changes in the
classification that WHO has applied during theser foonths: community transmission,
transmission under investigation, and sporadicteftgs transmission (includes sporadic
transmission, clusters, and local transmission el Cases identified in cruise ships were
excluded from the analysis. Cases among all Chipedsinces were grouped all together.
COVID-19 cases were classified separately, in @aldr, administrative regions of China
such as Hong Kong, Macao, and Taiwan since theliemppdifferent government
interventions and policy measures than mainlansh&HBased on the WHO database, Puerto
Rico, Northern Mariana Islands, Guam, and UnitedteSt Virgin Islands were classified
separately from the US.

The effective date of each social distancing irgation, per country, was initially
extracted from online policy databa¥e® create a 4-level government policy intervention
score that varied from levels 0 to 3, which repnéseé “low”, “intermediate”, “high”, and
“very high” intervention levels. Level 0 (“low”) idefined as those countries with no
restrictions at entry points or temperature checadulitional medical screening (at entry) or
completion of travel health questionnaires at emints or quarantine in suspected cases
imported from affected areas in each time; Levelidtermediate”) is defined as those
countries that announced the “low” measures plaa suspension or suspension of entry to
specific passengers or flow suspension to and f@@VID-19 affected areas; Level 2

(“high”) is defined as those countries that appladldthe aforementioned and proceeded to
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annulations and suspensions of large gatheringmtewr educational activities (schools
and/or universities closures) or isolation of specareas; and Level 3 (“very high”) is
defined as those countries that applied all theeafientioned and proceeded to quarantine the
entire country (defines as full or mandatory lockdd or announced a stay-at-home-order or
applied nationwide curfew (defined as the spegieernment order referred to the period of
time when the population was required stay at homeas allowed to move outside their
homes - night or day curfews were considered). Mdetail on the abovementioned
methodology could be find elsewhéfe.

Information regarding threat detection and riskeasment was obtained from the
Index for Risk Management Epidemic Risk Intfexas developed by the EU Joint Research
Centre in collaboration with WHO. The World Banlassification system was also used to
classify each of the 218 countries in a distinairdoy income level: High (HICs), Upper
(UMICs), Lower Middle (LMICs), and Low (LICs) incoen Also, to define different
geographical regions, the WHO classification wagduss follows: European Region,
Western Pacific Region; Region of the Americas;idn Region, Eastern Mediterranean
Region, and South-East Asia Regid?opulation density per square kilometer was also
assessed by country from the World Bank fata

Finally, we used two more variables: “days sinoe first case” and “days since the
last case”. The former variable measures the numbdays since the first COVID-19 case
was reported in each country. This variable allowso compare all countries even if they
have different starting times of the disease. Thuigscribes the disease arrival into a region.
Additionally, “days since the last case” is a vakacreated by WHO and measures the count
of days in which a country has not reported a néW{D-19 case. Therefore, it describes
the acceleration or deceleration of the diseassaspin a region.
Biodiversity, environmental, and ecosystem assessnig by country

The National Biodiversity Index (NBI) reported blget Convention on Biological
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Diversity (https://www.cbd.int/gbol/annex.shtml) asmeasure of the variation of genetic,

species, and ecosystem levels for each countryisarmhsed on estimates of a country's
richness and endemism of four terrestrial vertebckdisses and vascular plants; vertebrates
and plants are ranked equally. The NBI includesdjnstment for country size and values
range 0 to 1. Countries with a land area less $800 sq km, overseas territories, and
dependencies were excluded.

Temperature and precipitation measures were dowatbdrom NASA's Goddard
Earth Sciences Data and Information Services Cé@ies DISC). Specifically, we obtained
data from the algorithm called Integrated Multiedite Retrievals for Global Precipitation

Measurement (https://disc.gsfc.nasa.gov/dataseid/ SMERGDE_06/summary)

(IMERG)>®. The precipitation measurements bfQprecipitation provide high-quality

precipitation measurements from all available passmicrowave sources and the
measurement gbrecipitationCa measures the precipitation of the combined mick@al&

spectrum. Both measurements provide a worldwidmatk estimate. Additionally, the
maximum, minimum, and average, daily temperatures f2 m above the ground, for each
country, were obtained from the MERRA-2 (a Modema-ERetrospective analysis for
Research and Applications version 602)

(https://disc.gsfc.nasa.gov/datasets/M2SDNXSLV_B/ERAmmary).

The factors associated with the ecosystem vitaitg environmental health, per
country, are listed iTable 1 and were obtained from the 2020 EnvironmentaldPerénce

Index (EPI) report* (https://epi.yale.edu/downloads). A data-drivemmary of the state of

sustainability around the world is provided by ERhich uses 32 performance factors across
11 issue categories. The data comes from trusiedtghrty sources, such as international
governing bodies, nongovernmental organizationd, asademic research centers. Credible
datasets rely on established collection methodshénae been peer-reviewed by the scientific

community or endorsed by international authorities.
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Table 1. The list below shows the environmental andcesystem vitality factors from the 2020 Environmenth
Performance Index Framework. The framework organize 32 factors into 11 issue categories and two pglic
objectives. The code designates each factor variab®ource*

Policy objective Issue category Factor Cods
Ambient particulate matter pollution PMO
Air Quality Household air pollution from solid fuels HAD
Environmental 8§(s)21‘ee drinking water OSI\?VD
Health Sanitation & Drinking Water Unsafe sanitation )
Heavy Metals Lead Exposure PBD
Waste Management Solid Waste MSW
Terrestrial Biome Protection — National weights TBN
Terrestrial Biome Protection — Global weights TBG
Marine protection MPA
Biodiversity & Habitat Protected Areas Representativeness Index PAR
Species Habitat Index SHI
Species Protection Index SPI
Biodiversity habitat Index — Vascular Plants BHyV
Tree cover loss, % TLC
Ecosystem Services Grassland Loss GRL
Wetland Loss WTL
Fish Stock Status FSS
Ecosystem Fisheries R_egional Marine Trophic Index RMS
Vitality Fish caught by Trawling FGT
CG, intensity trend CDA
Methane intensity trend CHA
F-gases intensity trend FGA
. N,O intensity trend NDA
Climate Change Black Carbon intensity trend BCA
GHG emission intensity growth rate GIB
GHG emission per capita GHH
CO, from Land Cover, trend LCB
. R SO, intensity trend SDA
Pollution Emissions NOy intensity trend NXA
Agriculture Sustainable Nitrogen Management Index NMS
Water Resources Wastewater treatment level WWT

This study emphasizes air deficiency 2020 EPIscliare broken down into five

factors. Household solid fuels (HAD) measures tttea outcomes from exposure to indoor

air pollution from household use of solid fuels. Bient particulate matter pollution (PMD)

measures the average annual concentration ofsRM which the typical citizen of each

country is exposed. Ozone (OZD) measures the ityenisground-level ozone to which the

typical citizen of each country is exposed. Thetsuoif the former three measures are the

number of age-standardized disability-adjustedydars lost per 100,000 persons. And, SO

Emissions (SDA) and NOEmissions (NXA) measure the intensity of S@d NQ

emissions respectively, from the entire economya d¢end of current-year intensity and a

10
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10-year trend. Technical details of how these nregsiiave been calculated can be found in
the EPI technical appendix

(https://epi.yale.edu/downloads/epi2020technicatapix20200604.pdf). For all variables

from the EPI report, we have used the 2020 EPleghand also the 10-year change rate to
include increments or decrements of the measures.ZD20 EPI report calculates the air
guality and pollutant measures from the previows ye
Atmospheric measurements by cities

We obtained information on the daily average of gemature, level of humidity,
ground-level ozone, atmospheric particulate matfelO micrometers or less in diameter
(PM0), and 2.5 micrometers or less in diameter §gMrom the World Air Quality Index

project (https://agicn.org/data-platform/COVID-19hese measures are city-based, and we

used three cities with different levels of COVID-pgopagation: Denver (with a medium
case rate), and Barcelona and Milan (with high cates). We used data that spanned from
March 16" until May 18", 2020.
Statistical Analysis
Bayesian Space-Time Analysis

We aimed to identify the influence of biodiversitgmperature, and precipitation
factors related to the number of positive COVID-d#ses and deaths. As we utilize data
collected across different countries in time, wepkay a Bayesian spatio-temporal approach
to capture those effects between the outcomeshaendavariates. In particular, this approach
accounts for temporal correlations as well as egatinporal interactions, which have proven
to be important due to the nature of the spread modtality cases of COVID-1§
Additionally, we assumed a Zero-Inflated Negativindsnial (ZINB) distribution in the
outcomes of interest that exhibited overdispersiod excess zeros to lead to statistically-

sound inferences.

11
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The spatio-temporal models for assessing the dwaluif COVID-19 spread and
mortality were applied with the adjustment of thaldwing confounders: government
intervention level (intermediate, high, and vergh)i the number of days since the last
COVID-19 new cased@ys since last case), country income level, count of days since the
first COVID-19 case is reported in each countdayé since first case), and population
density (per kif). We selected the best-fitting model based on HwtDeviance Information
Criterion (DICf® and the Watanabe-Akaike Information Criterion (VZX. All model
details are presented in the Supplementary Appefdix The Bayesian spatio-temporal
models were used as a first step in the curredysisdo capture spatial and in-time effects.
All computations were carried out using the R paelINLA® in R Version 4.0.2.
Generalized Linear Mixed Models

To identify the effects of ecosystem vitality andvieonmental health variables
related to COVID-19 spread and mortality, we algied generalized linear mixed models
with Template Model BuildergimmTMB) and assumed a ZINB (ZINB) distribution in the
outcomes of interest. The analysis period was flamuary 2% to May 18".

The factors used in this analysis were those listedable 1 As a preliminary
analysis, given that all variable types are numeme checked correlations among them to
avoid multicollinearity issues (see Supplementagufe S1 for the correlation matrix with
the final set of variables used). TggnmTMB models were applied with the adjustment of
the following confounders: government interventievel (intermediate, high, and very high),
country income level, NBI, count of days since tingt COVID-19 case in each country, the
World Bank geographical region categorization, dmel interaction between the last two
confounders. We selected the best-fitting modeetham the Akaike Information Criterion
(AIC)®. Additionally, because our data comes from a lomfial study with measurements
over time per country, we included random effeats the country grouping variable.

However, we also assumed that the correlationsinvéhcountry over time are not constant.

12
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Therefore, we included random intercepts and randtpes model which implies that
correlations between the observations within a tgurare functions of time. The
confounders stated above were incorporated as feféztts of the model. The natural
logarithm of the total population was added to lthear predictor function (as an offset) to
account for the infection and mortality rate peumtny, as is more relevant to model spread
or mortality rates (scaled based on populationh tbaunts of casell model details are
presented in the Supplementary Appendix S2.

We fitted the same models without the assumptioranflom slopes with the aim of
fitting parsimonious models. We calculated theliik@od ratio test to compare the fit of the
two models (with and without random slopes). Thsults show evidence that a model
including random slopes is significantly betterrththe simple models (p-value < 0.001).
Finally, we also fitted similar regression moddiasfied by country-income level to control
the virus’ spread and mortality variability of seiance infrastructures and monitoring
systems among regions. Thus, we created two grdabpstow and Lower-middle income
countries (94 countries — 58.7%) and the High ammbdd-middle income countries (66
countries — 41.3%), in which each income level graeflects healthcare quality in a
homogenous way. All modelling was carried out usihg R packagglmmTMB®’ in R

Version 4.0.2.

Analysis of Count Time Series Following Generalized Linear Models

We fitted a count time series and followed NegaBugomial models with an autoregressive
term to characterize the association between COMDspread and air quality factors.
Particularly, we were interested in finding if tf@lowing air quality factors: atmospheric
particulate matter 10 micrometers or less in di@méPM,,), 2.5 micrometers or less in
diameter (PM5s), and ground-level ozone {) have a significant effect related to the number

of COVID-19 cases. We assessed all count time senedels adjusted by humidity and

13
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temperature confounders and the analysis was dastieusing the R packagsount®® in R

Version 3.6.3. Besides, we calculated Spearmareledions between the COVID-19 spread
and all air quality factors. We note that the daiftehe air quality factors was that of two
weeks before respective COVID-19 case dates touatdor 14 days between transmission

and case confirmation.

Results

We obtained data on the social demographic, countgme level, and government policy
intervention factor from all 208 countries. The g@ece of missing values reduced our
sample of countries to 192 (90.8%). Out of the82 tountries, 174 (90.6%) and 180
(93.8%) had the National Biodiversity Index and Efel report informed, respectively. Due
to differential patterns of missing data, our firt#ta pertained to 160 countries with all
variables relevant to the analyses reported héfke distribution of country-income level is
quite similar among all groups with exception oWéy income countries (HICs: 29.4%;
UMICs: 28.8%, LMICs: 25.6%; LICs: 16.3%). The regidlistribution is in descending

order. Europe & Central Asia (29.5%), Sub-Sahardnca (27.5%), Latin America &

Caribbean (16.4%), East Asia & Pacific (11.9%), MelEast & North Africa (9.4%), South

Asia (4.4%), and North America (1.3%).

Association of COVID-19 spread and mortality with rational biodiversity index; a
global and spatio-temporal analysis.

The raw data for COVID-19 spread (case rates by0DD) and NBI are displayed in the
world maps inFigure 1. The color scale was set to range between 0 andath maps for
the COVID-19 case rates and NBI to allow comparisdVe see that color distribution

between the maps are reversed, i.e. large valuesamap (more reddish tones) correspond
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376 to smaller values in the other map (more bluistesprand vice versa. These maps are visual
377 indication of a negative correlation between NBdl &0OVID-19 case rate.
National Biodiversity Index Cases Rate

Source: Convention of Biological Diversity January 21 to May 18, 2020

360
381
382
383
384
385
386
387

388
389

NBI group Average COVID19 Case Rate

1-1.75 1.56
1.75-2.5 0.74
2.5-3.25 0.18

3.25-4 0.13

Figure 1. World map of the NBI values (map on thedft) and the COVID-19 spread (map on the right) fran January
21st to May 18".

The summary table given Figure 1 confirms this association. The table shows theame
of COVID-19 case rates for different groups of N@htegorized using quartiles). For
instance, the COVID-19 case rate correspondingnéoldwer values of NBI is 1.56, which
drastically increased from a case rate of 0.134iigh values of NBI.

The spatio-temporal regression analysis, whichurerearized inTable 2, assesses
the COVID-19 spread along with government interiad, level of income, biodiversity,

environmental, and other factors, among 174 coemtri

Table 2. Bayesian spatio-temporal regression analygsio evaluate the COVID-19 spread.

ltems Estimated coefficient 95% HPDI
NBI -0.606 -0.946, -0.268
precipitationCal -0.001 -0.003, 0.001
Temperature (max.) -0.010 -0.01:0.002
Population Density (sq/k 0.0003 -0.0002, 0.0006
Days since last case -0.015 -0.041, 0.010
Days since first case -0.009 -0.016, -0.002
HICs Reference Category

LICs -0.334 -0.801, 0.132
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LMICs -0.275 -0.636, 0.086
UMICs -0.305 -0.612, 0.000
NBI: Temperature (max.) -0.011 -0.023, 0.002

Significant effects where the 95% HPDI does noluide the zero-value are shown in boldface. HPDghidit
Posterior Density Interval, is the equivalent ChiBayesian framework. LMICs: Lower Middle-income ctrigs;
UMICs: Upper Middle-income countries; LICs: Low-incernountries. NBI: National Biodiversity Index as
reported by the Convention on Biological Diversity.

Spatio-temporal models were also adjusted for gouent policy intervention.

The biodiversity degree of a country was reversedgociated with to COVID-19 spread
globally [NBI: -0.61, 95%CI (-0.95, -0.27)]. NBI ipact was statistically strongest in this
model: the lower the country’s variations in geoespecies, and ecosystem levels, the higher
was the impact on the levels of COVID-19 spreadhdugh with a lower significance, there
was also an inverse effect of the maximum 2-meataemperature (se€able 2), suggesting
the spread of the virus is lower in countries witigher temperatures. There were no
significant interaction effects between biodiversitnd temperature related to COVID-19
spread. The same observation was made with pragpitmeasures. However, as expected,
number of days since the first reported COVID-18ecwas inversely related to the number
of COVID-19 cases [days since first case: -0.0268%(-0.02, -0.002)].

We also utilized the Bayesian spatio-temporal, gdized linear mixed, and count
time series models to analyze the evolution of alityt(see Table S1 of the Supplementary
Appendix S3 for the detailed results). The ressitswed that biodiversity and environmental

factors do not have a direct influence on mortality

Association of COVID-19 spread and mortality with eosystem vitality and
environmental health variables

Figure 2 shows the set of factors having a statisticallynificant effect on the
transmission or spread of COVID-19, which are esated using a generalized mixed ZINB

model for ecosystem measures as presentédhbie 3.
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419
420 Figure 2. The plots show the effect on the spread &fOVID-19 when associated to (a) Air quality defi@ncy, (b)
421 country income group, days since the first COVID1%ase by (c) region and by (d) country-income group.
422 After we adjusted for the same confounders statetie previous section, we found

423 only a single, but relevant, 2020 EPI variable: lénel of air deficiency. This variable is
424  constructed using weighted average of exposureotsdhold air pollution (55%), fine air
425 particulate matter smaller than 2.5 micrometers {RMI0%), and ground-level ozone

426  pollution (5%).
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Table 3. Generalized mixed ZINB model regression atgsis to evaluate the COVID-19 spread.

Items Estimated coef 95% ClI
HICs Reference Category

LICs -2.080 -3.842, -0.311
LMICs -1.880 -3.425, -0.332
UMICs -1.310 -2.515, -0.114
Air Deficiency 0.028 0.004, 0.053
Air Deficiency 10-year change -0.020 -0.142, 0.101
Sanitation & Drinking Water 10-year 0.001 -0.140,48
Heavy Metals 10-year change 0.030 -0.116, 0.177
Biodiversity & Habitat -0.001 -0.019, 0.017
Biodiversity & Habitat 10-year change 0.005 -0.028, 0.038
Ecosystem Services 0.006 -0.009, 0.020
Climate Change 10-year change 0.0002 -0.021, 0.021
Pollution Emissions -0.014 -0.033, 0.006
Pollution Emissions 10-year change 0.009 -0.004, 0.023
Agriculture -0.010 -0.031, 0.011
Agriculture 10-year change -0.004 -0.036, 0.029
Days since first case:East Asia & Pacific Referebategory

Days since first case:Europe & Central 0.050 0.029,075
Days since first case:Latin America & 0.052 0.023.080
Days since first case:Middle East & 0.053 0.023,084
Days since first case:North America 0.111 0.050, 0.172
Days since first case:South Asia 0.077 0.036, 0.117
Days since first case:Sulsaharan Africa 0.061 0.032, 0.090
Days since first case:HICs Reference Category

Days since first case:LICs 0.024 -0.006, 0.054
Days since first case:LMICs 0.032 0.009, 649
Days since first case:UMICs 0.027 0.007, 0680

Significant effects are shown in boldface. LMICsweary Middle-income countries; UMICs: Upper Middle-
income countries; LICs: Low-income countries

Generalized mixed ZINB models were also adjustedifys since the first case, World Bank region and
government policy intervention.

Figure 2a depicts the increasing effect on the spread of DGM when associated
with air quality deficiency. Out of the four factyrthe one that impacts health the worst was
the quality of the air, the greater the value of deficiency, the larger was the effect on
increasing COVID-19 spread [air deficiency: 0.028%CI (0.004, 0.053), p-value=0.021].
There were additional covariates significantly assted with the spread of COVID-19. In
terms of the propagation of the virus, HICs had west effect, as depicted irigure 2.
Moreover, the plot shows a consistent gradient @VID-19 spread from highest in HIC to
lowest in LIC [LICs: -2.080, 95%CI (-3.842, -0.311-value= 0.021], when compared to
HICs. However, it should be noted that this relainip might be driven by some other
underlying variables such as the nature of glotaade, which possibly skewed towards HIC

in the period studi€éd’® Number of days since the first reported case OV(D-19 was
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positively associated with the increase of COVIDE®es across all World Bank regions,
except for the East Asian & Pacific region (§&égure 20).
We also observed some interesting interactionshdncase of the number of days since the
first COVID-19 case was reported across countrgnme levels Figure 2d), LMICs and the
UMICs had a significant impact on virus’ propagaticompared to HICs [Days since first
case: LMICs 0.032, 95%CI (0.009, 0.054), p-valueB0B; Days since first case: UMICs:
0.027, 95%CI (0.007, 0.046), p-value= 0.006]. Thios,wealthier a country is, the lesser will
the factor affect virus transmission as the nunadbelays from the first case increases.
Analysis of mortality with the same set of covasmtunder the same modeling
strategy (results shown in Table S2 and FigurenS3upplementary Appendix) shows that
the lack of air quality had a small impact on miigtaevolution. Air quality was less
significant in the rate of mortality than in therspd of the disease analysis. Further, number
of days since the first reported case across thdd\Bank regions is the only significant
predictor in the COVID-19 mortality analysis withmslar conclusions as in the analysis of
spread of COVID-19.
The analysis of the random intercepts for both nedbows country-to-country variability
even after accounting for all the differences ie tinderlying covariates reported in our
analyses [spread model: 3.205, 95% CI (2.444, 3;20wrtality model: 4.052, 95% ClI
(2.939, 5.586)]. This indicates that random vatigbiwhen all covariates are set to zero is

significant.

Association of COVID-19 spread and mortality with ar quality measures

Given the observed impact of air deficiency on CDI® spread and mortality, we
fitted similar mixed-effects models as describedhi@ previous section to further investigate
this impact. Air deficiency variable is broken dowanthree specific air quality measures: Air

pollution (HAD), PM s exposure (PMD) and Ground-level ozone exposureD)ODur
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471 analysis also used the other ecosystem vitalityeandronmental health variable®scribed
472 in Table 1and adjusts them by the same aforementioned seinddunders (model estimates
473 for COVID-19 spread and mortality are given in TeblS3 and S4 in Supplementary
474  Appendix S4). Figure 3 presents the effects of the significant factonsdoth outcomes:

475 spread (seBigure 3a) and mortality (se€igure 3b).

476
(a) Air pollution. Spread (b) Air pollution. Mortality
6 -
150 -
o z
3 I
- 5
?_) 100 - 057
5 2
>
S o)
O 2-
50 -
0 0
(') 2I5 5I0 7‘5 1 (‘)O é 2‘5 5‘0 7‘5 1 (I)O
Air pollution Air pollution

478 Figure 3. Air pollution (HAD) effects for COVID-19 spread in (a) and mortality in (b). In () the blueline represents
479 the effect of air pollution on COVID-19 spread andthe upper and lower bands represent the 95%CI. Equialently in

480 (b) for COVID-19 mortality evolution, the effect and bands appear in color orange. Units are the numbeof age-
481 standardized disability-adjusted life-years lost pe100,000 persons.

482

483 Figures 3aandb show a similar tendency in exposure to air pautiwhere the

484 effect is more significant on mortality than on CIDV19 spread [Air pollution (spread):
485 0.021, 95%CI (0.001, 0.043), p=0.049; Air pollutigmortality): 0.029, 95%CI (0.005,
486 0.054), p=0.019]. The larger is the level of aitlgion, the greater is the influence of that
487 factor on COVID-19 spread and mortality. No othealgzed air quality factor seems to have
488 an effect on spread or mortality.

489
490 Association of COVID-19 spread and mortality with te level of air deficiency.

491  Stratification by country-income level

492
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Some countries possibly do not capture at an elgwal, like other countries, the
spread of COVID-19 and mortality, because there hinige a certain variability of
surveillance infrastructures and monitoring systeamsong the regions. Based on that
assumption, we stratified the analysis of the mixeadels presented in the previous two
sections by country-income level.

The analyses of results are given in Table S5 tiroiable S8 in the Supplementary
Appendix S4 and show that the lack of air qualiypsistently made an impact on the spread
of the disease and its mortality across the Higth @pper-middle income countries [Air
deficiency (spread): 0.037, 95%CI (0.009, 0.064yalue=0.008; Air deficiency (mortality):
0.032, 95%CI (0.003, 0.062), p-value=0.031]. Thet,pin Figure S3, in Supplementary
Appendix S3 illustrates the effects of air defidgron the spread of the disease and its
mortality. However, the impact of air deficiency svaot observed when the factor of Low,
and Lower-middle, income countries were considered.

COVID-19 spread association with specific air polltants; analysis of three cities

Our time series modeling, for each city, shows aidtcally significant effect for
ground-level ozone in Barcelona §00.04, 95%CI = (0.02, 0.08), p-value<0.001] and in
Milan [O3: 0.02, 95% CI = (0.01,0.03), p-value=0.003], whiatplies that high values of
ground-level ozone in the previous 14 days incre&@VID-19 spread. Similar patterns in
terms of atmospheric particulate matter of 10 mieeters or less (P were observed in
the case of Denver. Thus, RMvas positively correlated to COVID-19 daily cagesthe
period analyzed [PM: 0.02, 95%CI = (0.06, 0.26), p-value=0.002] evéarahe underlying
models controlled for the set of covariates memibbefore. Details of the model estimates
are shown in Table S9 of the Supplementary Appe8dix

Figure 4 shows the COVID-19 time series overlapped withlthalay lag daily P\
or O; levels for the three cities. The grey shaded adeasct the period when each city was

in the highest level of intervention (“very highthe level of intervention was “high” out of
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519 that period. This point only concerns the timdeseof COVID-19 daily cases as the time
520 series of PMy or O; are 14-day lagged. Thus, the time series of tipodeitant measures

521 were in the period when a “high” level of interviemt was implemented and, therefore, when
522 there still was a remarkable business and indlistciavity that may generate air pollutants.
523 Only the factor with a significant effect on COVI® daily cases is shown in each graph.
524 We observe similar trend patterns within each aitg some peaks occur concurrently. For
525 instance, in plot (c) for Denver, there are simdtaus peaks of P and COVID-19 daily

526 cases, in the period between the ends of MarchAgd. We then calculated Spearman
527 correlations between the COVID-19 cases and thepallutant measures. The results
528 supported what we had observed with the time s@Bascelona COVID-19 spread ang:.O

529 p=0.38, p-value=0.001; Milan COVID-19 spread ang ©=0.55, p-value<0.001; Denver

530 COVID-19 spread and PM p=0.48, p-value<0.001].

(a) Barcelona (b) Milan (c) Denver
= COVID19 daily Jases = COVID19 dgily cases = |COVID19 daily cases
600 4 = Ground-level oz¢ne = Ground-level ozone 2004 = |Particulate Matter 10

7501
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o
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500 4

COVID19 Daily Cases
8

Mar15  AprO1 Apri5 May01 May 15 Mar15  AprO1 Apri15 May01 May 15 Mar 15 Aprol  Apris5 May 01

531

532 Figure 4. Time series of COVID-19 daily cases withrgund-level ozone (Q) and atmospheric particulate matter
533 PM 1, and PM, sfor Barcelona (a), Milan (b), and Denver (c). The gey shaded area depicts the period when the city
534  was in the highest level of intervention (“very higy").

535 Discussion

536 Like other major known epidemics, such as Ebol&8ARS, the emergence of the
537 COVID-19 is not unrelated to the climate and biedsity crises we are experiencing. There
538 is evidence that human health is intimately coreektd the intervention humans have in the

539 natural world""2 Our research focused on the association of emviemtal, biodiversity,
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and ecosystem factors with COVID-19 spread and atityrtbetween January 2land May
18" 2020, over 160 countries, where we adjustedabtfs by several social demographic,
government policy intervention, and country-incoleeel, determinants. We note that most
of the countries were in lockdown during this pdridhere are several aspects of the results
worthy of more discussion than presented in our usaript. First, a country’s level of
biodiversity was of moderate impact on the propagabf the disease. Secondly, the
COVID-19 spread appeared to be smaller in countugls higher temperatures. Thirdly,
there was a direct impact between the level ofaficiency and the spread of COVID-19
and mortality evolution. Particularly, the high@etexposure is to indoor air pollution from
household use of solid fuels (see the HAD variabl@able 1), the higher is the impact in
both the COVID-19 spread and mortality. Fourthhg tack of air quality consistently made
an impact on the spread of the disease and mgrialiliCs and UMICs, rather than LICs
and LMICs. Fifthly, as presented in the case stdie cities, COVID-19 transmission has a
large association with the 14-day lag ground-lezne and atmospheric particulate matter
of 10 micrometers, or less, levels.

The appearance of COVID-19 has highlighted theeexér importance of the combat
against the loss of biodiversify Mounting evidence of the relationship betweers théw
disease and the reduction in biodiversity requirggent attentioff. In an ecosystem with
more biodiversity, a quick spread of the pathogeharder. Loss of biodiversity can affect
the transmission of infectious disedéeand provides an opportunity for viruses to pass
between animals and peopleResearchers have reported that the disturbandeatofal
ecosystems increases wildlife-to-human disease gumgich has been suggested as the
principal cause of neglected, forgotten, and theeme occurrence of unknown human
diseaseS. For example, three studies detected a strongciasism between low bird
diversity and an increased human risk or incidesfc@/est Nile encephalitis in the United

State$®"® The results of our study based on the NBI argnati with these assessments.
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566 Thus, preservation and sustainable management aafiviersity might be necessary to
567 mitigate climate disruption and prevent pandemicerder to protect health and wellbeing
568 for the generations to coffe Our findings suggest there is a relationshipwken
569 biodiversity factors and the spread of COVID-19.r GQtudy aims to highlight this possible
570 relationship with the underlying data collectiomddions and over the period from January
571 21 to May 18. However, we are aware that this i@tahip could be driven by some other
572 underlying variables, such as socio-economic deveént and, therefore, further analysis is
573 required.

574 A new study showed that wild animals that are kndwrbe host to pathogens and
575 parasites, which can jump to humans, become agyrehtire of the local animals on those
576 sites where humans have turned natural habitats setondary, agricultural, or urban
577 ecosystentS. The study found that the latter effect was stemtdor zoonotic diseases with
578 host species such as rodents, bats, and passedae3nme of those species are the ones that
579 survive after humans diminish biodiversity, andaasonsequence, there is a higher risk of
580 dangerous pathogens that can make the leap to lsfintdowever, the latter connection
581 between the loss of biodiversity due to human dgrakent and disease outbreaks does not
582 predict the next pandemic or the current COVID-J®ead, which prompts to keep
583 investigating to establish a mechanism with theesurpandemic.

584 The WHO estimates that around 7 million peopleediery year from exposure to fine
585 particles in polluted air that lead to diseaseshsas stroke, heart disease, lung cancer,
586 chronic obstructive pulmonary diseases, and rdgpyrainfections, which include
587 pneumoni&. Air pollution is also known to weaken the immusgstem because and to
588 compromise a person's ability to fight off infectiaccording to the European Public Health
589 Alliance®®. In particular, household air pollution has cdmited to 3.8M deatfis A 2003
590 study found that patients with SARS, a respiratdrys disease closely related to COVID-

591 19, were 84% more likely to die if they lived ineas with high levels of pollutidh Our
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study showed that there is also an association dsgtwair pollution and COVID-19.
However, the impact is not the same among countbesause in HICs and UMICs the
impact of air pollution was higher. One possibles@n for this discrepancy between
countries with different income levels is that HI&sd UMICs have higher industrialization
levels, which in turn causes higher levels of afiicency”.

Industrialized countries have driven 5.3 milliontbé confirmed cases of COVID-19
worldwide and 350,000 global deaths to &at&hose countries tend to have higher levels of
atmospheric particulate matters (RMind PM5s) and ground-level ozone ¢Ppollutants,
which originate from man-made sources, such asche=hand industrial emissions. P\nd
PM, s are fine particles, which tend to stay longerha &ir, and ground-level ozone3jGs
an irritant gas. All those pollutants trigger orraen respiratory chronic disea¥edhis is a
serious health issue with scientific evidence. ipstance, one recent study found that an
increase of just 1 microgram per cubic meter of;Rkbrresponded to a 15% increase in
COVID-19 death¥. Researchers have also observed that the consmnoéran increased
level of Qs is worse than the impact of RMevel on COVID-19 spredd®?° We studied
the levels of PMy, PMy 5, and Q in three industrialized cities and observed awmeason of
those pollutants with COVID-19 transmission. Thentwer of COVID-19 cases correlated
well with levels of Qin the two European cities (Barcelona and Miland an association
was observed with the levels of RMor Denver.

Apart from the mentioned findings related to enmireental and biodiversity factors,
there were other significant effects. When our gtuds stratified by World Bank regions,
then as the number of days became larger, sincérsh€COVID-19 case was reported in a
particular World Bank region, the effect on COVID-propagation was greater. The only
exception was the East Asian & Pacific region. Qlaeisible explanation is that we know the
disease struck first in Asia, then Europe, Northetica, and so on. Therefore, the region of

Asia has had a longer period to reduce the COVIDraAsmission than the other regions
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where the disease arrived later. Moreover, theadiséias made an impact in regions where
more HICs countries exist. Our analysis also detezththat the wealthier a country is, the
lesser the effect is on disease transmission, asntimber of days from the first case
increases. A possible argument is that HICs hattergrepared national health systems and
organizations, on the other hand, Governments @fsUack the resources to implement
mitigation measures.
Finally, we conducted a sensitivity analysis toeassour inferences for large countries in
terms of area extension. For the sensitivity ans|yse fitted the models again for data on
COVID-19 propagation and mortality removing theefitop countries with the largest area
(i.e., Russia, Canada, China, USA, and Brazil).if@laway those large countries, we were
able to check if they influenced the inferentiahlyses. In both cases, mortality and spread
measures were not only in line with the definitmedel estimates, but also the significant
environmental covariates were estimated with sin@féects to those when the five countries
were included. We only observed changes in thenmgcoovariate, which is possibly due to
the exclusion of three UMIC countries (BraRlyssian, and China) with high level of cases.
The results of the spatio-temporal analysis arevehia Tables S10 and S11 in Appendix S4
for spread and mortality, respectively.
Limitations

To the best of our knowledge, this is the firsdgtthat uses publicly available COVID-
19 data to analyze the spread of the disease andlityorelated to environmental factors and
biodiversity levels, adjusted by social demograpb@muntry-income level, and government
policy intervention confounders, among 160 cousirgdobally. However, there are several
limitations which must be remarked:
* Our inferences are drawn using observational dbbathe extent data available, our

inferences adjust for the differential covariatesoas observational units. Ideally, we

should have fitted the models in a randomized deddgt such design is impossible to
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pursue in the current settings. However, an exbensif this work could use post-
randomization techniques based on matching or wiemibased random sampling
methods that specifically target potentially vagyinbackground characteristics.
Unfortunately, there is a lack of readily-availabhethods to address the intricate nature
of correlations and the nature of spatio-tempoethdiesigns. Based on our analytical
findings of the correlation structure, one shoultdcpate that the role of the study design
would be significant in such considerations.

A conclusive capture of temporal COVID-19 spread amortality trends may not exist
due to several factors such as completeness of \WBWID-19 datasets and government
interventions that may be announced one particdégr and applied effectively after
several days.

Some of the countries have a reliable reportingesyswhile others do not. Thus, there is
variability in the monitor and surveillance of thember of COVID-19 cases and deaths
per country and region. Nonetheless, the counstilsmust report spread and mortality
figures at the national level to the WHO with theewof a certain criteria. In that sense,
the association of COVID-19 spread and mortalitythwecosystem vitality and
environmental health factors was also analyzedifstich by country-income level with
the aim to capture diversities among surveillancé healthcare systeffis The results
showed a consistency with the global analysis.

Daily screening COVID-19 tests per courifryvas not used, becausely a limited
number of countries had reported that informatids.we also had a reduced number of
countries with environmental and NBI variables, pveferred not to use the COVID-19
test data as it could alter the parameter estimattue to the use of a small sample of
countries.

We used covariates in the spatio-temporal modatedlto precipitation and temperature.

Those covariates only summarize the precipitatimhtamperature levels for the centroid
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of each country (e.g., we only have the values iwA&Vaciamadrid (near Madrid) in
Spain), which is not representative of the entoentry. This is only used as a proxy and
any error associated is incorporated in the zeftated negative binomial probability
distribution. However, an extension of this worlkultbuse a more precise geographical
proxy focused on subnational data of a set of cast

Our analysis is based on the National Biodiverditgdex (NBI) by country. We
understand that the country’s measure of biodityelsis a great variation between areas
of a country (urban or not), but probably the traission of COVID-19 occurred mainly
on urban areas. A correlation analysis of our cond®ed models with city-level data
would be interesting. To the best of our knowledbere are no public city-level data sets
available with biodiversity indexes.

The 2020 Environmental Performance Index is thetmpdated data set at the country-
level. However, the air quality and pollutant measuwere calculated from the EPI
report of the previous year. Therefore, they wevemeasured at the same period as the
time series of COVID-19 daily cases. Therefore, study tries to assess an association
between environmental trends and COVID-19 transomnsand mortality, during a four-
month period.

A limitation of our mortality models is that theyddnot consider a measure of the age-
density of the population or an indirect measurbfefexpectancy per country.

A limitation of our analysis is we used a higheati resolution in each country to
perform an analysis at a local scale. To have #mesdata set but for the local scale is
almost impossible. Even if such data were availabsggnificant parameter
correspondence and reliability issues would leadufostandard quality in the statistical
inference. In addition, these issues would regsiagistical interventions to compensate

them and, unfortunately though, they are beyondtiope of this study.
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» Our investigation and analysis focused on dataatiaris in the spread and mortality of
COVID-19 from January 21st to May 18th, 2020. Fourmtry subsets LIC, LMIC,
UMIC, and HIC, we ran a sensitivity analysis withetuse of a Granger test that
compared trends until May 18th and until June 3fjtithe median of number of cases.
The results showed that the trends for HIC and ¢dGntries until June 30th were similar
to the trends until May 18th. However, the trendfoke and after May 18th for LMIC
and UMIC were significantly different. Therefordyet results of this article should be
interpreted with caution as they only relate to timelerlying data collection conditions
and period. As COVID-19 is an infection with a dgma transmission and all the
covariates we used might change, we do not thinkauld be appropriate to make
conclusions beyond May 18th as further data antysisavould be required.

Conclusions

The COVID-19 pandemic is probably a consequencgeaelto the global crises of
biodiversity loss and environmental health. Theeektand significance in the association
between air quality variables, a country’s measofe biodiversity, and COVID-19
transmission and mortality were measured in thidystwhich also prompts to continue with
further investigations to reveal the mechanismhid telationship. Air pollution reduction
and biodiversity preservation are complex probleénat depend on government actions and
financial resources. Our findings give insights timay help governments plan environmental
and health policies, as alternative strategy t@aed to new COVID-19 outbreaks and

prevent future crises.
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Highlights

e Meaningful association between COVID-19 infection and national biodiversity index,
air quality, and pollutant elements.

e Analysis of factors of interest at country and city levels.

e Adjusted confounders are social demographics, country-income level, and
government policy intervention effects.

* Significant relationship of loss of biodiversity, high level of air pollutants, and
diminished air quality with COVID-19 infection spread and mortality.
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