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What this study adds
This study showed that greenness is associated with a lower 
risk of incident-predicted COVID-19–like illness, after adjust-
ment for potential confounders. This study is based on individ-
ual-level data from ~2.8 million U.K. and U.S. participants from 
the COVID Symptom Study smartphone application study. We 
used a symptom-based classifier that predicts COVID-19–like 
illness as our outcome measure to overcome challenges regard-
ing COVID-19 diagnosis. Stratified analyses showed protective 
associations among U.K. participants but not among U.S. par-
ticipants. Our findings are in line with several ecological studies 
that examined associations between greenness and COVID-19 
incidence.
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Background: Green spaces may be protective against COVID-19 incidence. They may provide outdoor, ventilated, settings 
for physical and social activities and therefore decrease transmission risk. We examined the association between neighborhood 
greenness and COVID-19–like illness incidence using individual-level data.
Methods: The study population includes participants enrolled in the COVID Symptom Study smartphone application in the United 
Kingdom and the United States (March–November 2020). All participants were encouraged to report their current health condition 
and suspected risk factors for COVID-19. We used a validated symptom-based classifier that predicts COVID-19–like illness. We 
estimated the Normalized Difference Vegetation Index (NDVI), for each participant’s reported neighborhood of residence for each 
month, using images from Landsat 8 (30 m2). We used time-varying Cox proportional hazards models stratified by age, country, and 
calendar month at study entry and adjusted for the individual- and neighborhood-level risk factors.
Results: We observed 143,340 cases of predicted COVID-19–like illness among 2,794,029 participants. Neighborhood NDVI was 
associated with a decreased risk of predicted COVID-19–like illness incidence in the fully adjusted model (hazard ratio = 0.965, 
95% confidence interval = 0.960, 0.970, per 0.1 NDVI increase). Stratified analyses showed protective associations among U.K. 
participants but not among U.S. participants. Associations were slightly stronger for White individuals, for individuals living in rural 
neighborhoods, and for individuals living in high-income neighborhoods compared to individuals living in low-income neighborhoods.
Conclusions: Higher levels of greenness may reduce the risk of predicted COVID-19–like illness incidence, but these associations 
were not observed in all populations.
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Introduction
The global spread of Severe Acute Respiratory Syndrome 
Coronavirus 2 (SARS-CoV-2), the virus responsible for COVID-
19, has triggered a worldwide public health emergency.1 As of 
January 2023, more than 660 million cases of COVID-19 have 
been documented worldwide, and more than 6.5 million deaths 
had been recorded.2 Evidence from case reports and cohort 
studies has demonstrated that SARS-CoV-2 spreads via airborne 
and respiratory droplets.3,4 Sustained use of public health mea-
sures, such as social distancing and mask use, may remain crit-
ical tools to curtail the spread of the virus even as vaccination 
efforts expand.5,6

In this context, green spaces such as public parks and gar-
dens may alter dynamics in COVID-19 transmission.7–10 Green 
spaces provide outdoor settings for physical activities and social 
interactions. Due to increased ventilation outdoors, the trans-
mission risk is substantially lower. Hence, meeting individuals in 
green outdoor spaces instead of indoors could reduce the risk of 
COVID-19 infection. In addition, green spaces may affect car-
diovascular and respiratory health by mitigating air pollution 
exposure and reducing stress,11–15 and in turn affect COVID-19 
morbidity.16–18

Several studies observed protective associations between 
greenness and risk of COVID-19 morbidity and mortality;19–27 
however, contradictory findings were reported in two stud-
ies.28,29 A major limitation of these studies is that they relied on 
ecological data and can suffer from ecological fallacy. Moreover, 
these studies are prone to potential confounding as exposures 
and potential confounders may vary within geographical areas. 
In addition, challenges regarding COVID-19 diagnosis have led 
to under-reporting of COVID-19 cases.30–32 Especially during 
the first months of the pandemic, health jurisdictions were over-
whelmed and lacked adequate testing; hence, many COVID-19 
cases have not been identified.30–32

In this study, we examined associations of neighborhood 
greenness with COVID-19–like illness incidence using individ-
ual-level data from the COVID Symptom Study (CCS) smart-
phone application. We included ~2.8 million participants in our 
cohort; all participants were encouraged to report daily on their 
current health condition and suspected risk factors for COVID-
19. To overcome the challenges of COVID-19 diagnosis, we used 
a symptom-based classifier that predicts COVID-19–like illness 
as our outcome measure. We evaluated whether these associa-
tions with predicted COVID-19–like illness were modified by 
socioeconomic and lifestyle-related factors. We hypothesized 
that increased exposure to greenness would be associated with 
reduced predicted COVID-19–like illness incidence.

Methods

Study population

The study population included all users of the CSS smartphone 
application as of November 2020. The application is a freely 
available program developed by Zoe Global Ltd. in collabora-
tion with Massachusetts General Hospital and King’s College 
London.33 The app launched on 24 March 2020 in the United 
Kingdom and on 29 March 2020 in the United States. Participant 
recruitment came from general and social media outreach, as 
well as direct invitations from investigators of long-running 
prospective cohorts to enrolled study participants.34 The CSS 
includes all participants enrolled in the United Kingdom and 
the United States (n: overall = 4,633,679; United Kingdom = 
4,273,668; United States = 360,011).

Participants reported demographic information and comor-
bidities at baseline, including their neighborhood of residence 
and status as frontline healthcare worker.35 At first use and with 
daily reminders, participants were encouraged to report on their 
current health condition and a series of suspected risk factors 

for COVID-19 to allow for longitudinal, prospective collection 
of symptoms and COVID-19 testing results. These questions 
included items to determine if the participant felt physically 
normal, and if not, their symptoms, including fever, persistent 
cough, fatigue, loss of smell/taste, and diarrhea, as well as sus-
pected or confirmed contact with COVID-19. Participants were 
asked if they had been tested for COVID-19 and, if yes, the 
results (negative, waiting, or positive).

We excluded individuals from the CSS cohort who did report 
any COVID-19 symptoms or a positive COVID-19 test within 
24 hours of enrollment or had <24 hours of follow-up time (n ~ 
1.5M), not reported baseline information (n ~ 0.14M), or lacked 
up-to-date neighborhood SES indicators (n ~ 0.36M, Northern 
Ireland), leaving 2,796,322 participants total.

At enrollment, participants provided informed consent to the 
use of aggregated information for research purposes and agreed 
to applicable privacy policies and terms of use. This research 
study was approved by the Massachusetts General Brigham 
Institutional Review Board and King’s College London ethics 
committee. This protocol is registered with ClinicalTrials.gov 
(NCT04331509).

Outcome assessment

We assessed predicted COVID-19–like illness incidence occur-
ring between the first response on the CCS app and 30 November 
2020. We used a symptom-based classifier that predicts COVID-
19 as our primary outcome measure, previously described in 
detail.33 This prediction model was developed to address inade-
quacies in relying solely on reports of positive COVID-19 tests, 
which reflects both access to testing and variable delays and het-
erogeneities between symptoms and consequent testing.36

The symptom-based classifier was developed among partic-
ipants who reported on symptoms, had been tested for SARS-
CoV-2 by RT-PCR, and had reported tests result on the app 
questionnaire. The prediction model achieved a sensitivity of 
0.65 (95% confidence interval [CI] = 0.62, 0.67) and a spec-
ificity of 0.78 (95% CI = 0.76, 0.80) in the United Kingdom. 
Additional validation in the U.S. participants indicated a com-
parable sensitivity of 0.66 (95% CI = 0.62, 0.69) and specific-
ity of 0.84 (95% CI = 0.82, 0.85). The prediction model was 
developed before some major variants were common, therefore 
we ended the follow-up for this analysis in November 2020. As 
the prediction model was developed among participants who 
reported on symptoms and will likely not detect any cases that 
are infected with COVID-19 but do not experience any symp-
toms, we decided to use the term predicted COVID-19–like 
illness.

For comparison, we also used incident COVID-19 identi-
fied by a nasal swab PCR test. We note that relying solely on 
COVID-19 test results could lead to bias, as especially in the 
first months of the pandemic, test availability/access was limited 
and likely differed between participants.

Assessment of neighborhood greenness

We estimated the Normalized Difference Vegetation Index 
(NDVI), a satellite-derived, continuous measure of greenness, 
for each neighborhood of residence of the participants. NDVI 
is calculated as the ratio of land surface reflectance of visible 
and near-infrared ranges of the electromagnetic spectrum. NDVI 
ranges from −1 to 1, with larger values indicating higher levels 
of vegetative density, negative values correspond to water. In 
this study, we used images from Landsat 8 (Collection 1 Tier 
1 of the Operation Land Imager instrument), which provides 
images every 16 days at the 30 m resolution.37 We used Google 
Earth Engine (https://earthengine.google.com) to generate 
cloud-free Landsat composites for the United States and the 
United Kingdom after setting negative NDVI values to zero.

https://earthengine.google.com
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For each month of follow-up (March–November 2020), we 
calculated the spatially weighted 3-month average NDVI of each 
neighborhood in the United States and the United Kingdom 
based on satellite images from that month and the two months 
prior (e.g., for August, NDVI was based on images from June, 
July, and August) to incorporate the effect of seasonal green-
ness. In the United States, we calculated NDVI for Zip Code 
Tabulation Areas (ZCTAs) based on the U.S. Census Bureau 
Tiger dataset of 2010. In England, we used lower layer super 
output areas (LSOA) administrative boundaries, which have an 
average population of 1500 inhabitants and are regularly used 
in small-area environment and health analyses.38 We used LSOA 
from 2011 Census data as the neighborhood level for partici-
pants in Wales, and Datazones based on 2011 Census data for 
those in Scotland. The median size of the neighborhood of res-
idence of the participants included in this study is 0.71 km2 
(25th percentile = 0.31 km2, 75th percentile = 6.22 km2).

Assessment of potential confounders

We obtained the following covariates of interest from the 
baseline CCS questionnaire for each participant: sex at birth, 
race/ethnicity, age, BMI (calculated from reported height and 
weight), current smoking status, history of comorbidities (dia-
betes, heart disease, lung disease, and/or kidney disease), lim-
itations to physical activity (requiring stay-at-home, limiting 
activities, and/or regular use of mobility aids), and frontline 
healthcare worker status (defined as healthcare workers who 
reported direct patient contact). Missing data for categorical 
variables were included as a missing indicator.

We evaluated neighborhood-level socioeconomic status (SES) 
metrics derived from census data, based on the census unit con-
taining the participant’s reported neighborhood at baseline. For 
U.S. participants, we evaluated the median annual income and 
the proportion of individuals aged ≥ 25 years with a Bachelor’s 
degree or higher, using U.S. Census Bureau’s 2019 American 
Community Survey 2015–2019 5-year estimates.39 For U.K. 
participants, we obtained Index of Multiple Deprivation mea-
sures for the income and education domains from the most 
recently available Index of Multiple Deprivation data, at the 
LSOA-level for England,40 at the LSOA-level for Wales41 and 
at the Datazone-level for Scotland.42 We examined population 
density for all U.S. ZCTAs calculated from Census data (2019), 
and for all English (2019) and Welsh (2019) LSOAs and Scottish 
Datazones (2020). For U.S. participants, we assessed spatially 
weighted average ZCTA-level PM2.5 estimates (2015) based 
on an ensemble model.43 For U.K. participants, we assessed 
spatially weighted LSOA- and Datazone-level PM2.5 estimates 
(2015) based on a chemical transport model-incorporated land 
use regression model.44 Detailed information about these mod-
els can be found elsewhere.43,44 In addition, the county of the 
ZCTA and the local authority of the LSOA and Datazones were 
linked to the participants.

Statistical analysis

We used time-varying Cox proportional hazards models to 
evaluate associations of NDVI with predicted COVID-19–
like illness incidence. In this open cohort with left entry, fol-
low-up time began when participants initially reported on the 
app. Participants were followed until they developed predicted 
COVID-19–like illness, or reached the end of the follow-up 
time (30 November 2020), whichever occurred first. We used 
time-varying 3-month moving average NDVI exposure data as 
our primary independent variable. Time-varying NDVI expo-
sure data and corresponding follow-up time was mapped to 
each individual and updated each time they logged in to the app 
to provide updated symptom information.

In our analysis, we specified a basic and fully adjusted model 
and a series of basic models with separate adjustments of 
covariates. In the basic model, we adjusted for calendar month 
(categorical indicator, to control for temporal effects), and used 
strata for country, age (<18, 18–65, and >65 years), and cal-
endar month at study entry, forming strata-specific baseline 
hazards. In the fully adjusted model, we additionally adjusted 
for sex, race, BMI, history of comorbidities, smoking status, 
frontline healthcare worker status, population density (quar-
tiles), and neighborhood-level income and education (quartiles). 
We assessed potential deviations from linearity using penalized 
splines. Analyses were performed for the full cohort and among 
U.K. and U.S. participants.

We tested for differences in the relationship between green-
ness and predicted COVID-19–like illness incidence by conduct-
ing stratified analyses by race, residence in urban (population 
density > 1000 persons/km2) or rural areas (population density 
≤ 1000 persons/miles2), frontline healthcare worker status, lim-
itations to activity and neighborhood income. For sensitivity 
analyses, we specified a fully adjusted model without popula-
tion density; adjusted for the season of the year instead of the 
month of the year; adjusted for PM2.5; included a frailty term 
for county/local authority (to account for spatial clustering) and 
used summer (June-August) NDVI instead of a 3-month moving 
average NDVI. In addition, we ran a model without adjustment 
for calendar month. We also used incident COVID-19 identi-
fied by a PCR test. We analyzed all data using R software 4.0.2 
(http://cran-r-project.org).

Results
Among the 2,794,029 eligible cohort members, we observed 
143,340 cases of predicted COVID-19–like illness over 
347,015,836 person-days of follow-up. In the highest NDVI 
quartile, we observed a higher portion of men, non-Hispanic 
White participants, never and former smokers, participants with 
heart disease, and participants that reported health problems 
requiring stay-at-home orders compared to the lower NDVI 
quartiles (Table  1). The majority of participants lived in the 
United Kingdom (n = 2,557,464) with a smaller number in the 
United States (n = 236,565, eTable 1; http://links.lww.com/EE/
A218). The median (IQR) age of all participants was 46 (27) 
years; participants in the United States were generally older than 
those in the United Kingdom. In both the U.K. and U.S. partic-
ipants were primarily White, women, non-frontline healthcare 
workers, never or former smokers, and did not report physi-
cal activity limitations. The Pearson correlation of the 3-month 
moving average neighborhood NDVI with population density 
and with summer average neighborhood NDVI was −0.51 and 
0.71, respectively.

We found 22,784 incident COVID-19 cases identified by 
a PCR test over 357,133,583 person-days of follow-up. The 
median age, percent non-Hispanic White, percent never smoker, 
and percent frontline healthcare worker were lower among pre-
dicted COVID-19–like illness cases compared to COVID-19 
cases identified by a PCR test (eTable 2; http://links.lww.com/
EE/A218). The percent Mixed/Other race, percent with lung 
disease, percent with limitations to physical activity (regular 
use of mobility aid, health problems requiring stay-at-home, 
health problems limiting activities), and population density 
were higher among predicted COVID-19–like illness cases. The 
number of predicted COVID-19–like illness cases was highest 
during the start of the follow-up period (March–April), while 
the number of COVID-19 identified by PCR test cases was 
highest in October and November (eFigure 1; http://links.lww.
com/EE/A218). The ~1.5 M individuals that were excluded 
because they had <24 hours of follow-up time were on aver-
age younger, had less greenness, higher population density, and 

http://cran-r-project.org
http://links.lww.com/EE/A218
http://links.lww.com/EE/A218
http://links.lww.com/EE/A218
http://links.lww.com/EE/A218
http://links.lww.com/EE/A218
http://links.lww.com/EE/A218
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lower neighborhood SES than the ~2.8M participants that were 
included (eTable 3; http://links.lww.com/EE/A218).

We observed a linear association between neighborhood 
NDVI and predicted COVID-19–like illness incidence (eFigure 
2; http://links.lww.com/EE/A218) and therefore present associa-
tions per 0.1 NDVI increase. In the basic model, neighborhood 
NDVI was associated with a decreased risk of incident-predicted 
COVID-19–like illness (hazard ratio = 0.928, 95% CI = 0.924, 
0.932, per 0.1 NDVI increase). The effect estimate was robust 
to adjustment for individual-level covariates (Figure  1). After 
adjustment for area-level urbanization or SES, the association 
between neighborhood NDVI and COVID-19 slightly attenu-
ated but remained protective. In the fully adjusted model, we 
observed a hazard ratio of 0.965 (95% CI = 0.960, 0.970) per 

0.1 NDVI increase (Table 2). Associations among U.K. partici-
pants were similar to associations in the full cohort; no associa-
tion was observed among U.S. participants.

In the full cohort and among U.K. participants, but not among 
U.S. participants, protective associations of neighborhood NDVI 
were slightly stronger for White individuals compared to non-
White individuals, for individuals living in rural neighborhoods 
compared to individuals living in urban neighborhoods, and 
individuals living in higher income neighborhoods compared to 
individuals living in lower-income neighborhoods. Associations 
by the healthcare worker and physical activity limitation status 
differed between U.K. and U.S. participants.

In the full cohort and among U.K. participants, associations 
of neighborhood NDVI with incident COVID-19 identified by a 

Table 1.

Characteristics of all CCS participants records by NDVI quartiles from 24 March 2020 to 30 November 2020 after excluding those who 
did not report baseline information, reported any symptoms or a positive COVID-19 test at or within 24 hours of enrollment, or had 
<24 hours of follow-up time (n = 2,794,029).a,b

 
Overall Median [25, 75 

pct]/% 
NDVI q1 Median [25, 75 

pct]/% 
NDVI q2 Median [25, 75 

pct]/% 
NDVI q3 Median [25, 75 

pct]/% 

NDVI q4 
Median [25, 75 

pct]/% 

N (person records) 14,043,710 3,510,986 3,510,886 3,510,996 3,510,842
Age 50.0 [36.0, 62.0] 45.0 [32.0, 58.0] 49.0 [35.0, 61.0] 51.0 [37.0, 63.0] 54.0 [40.0, 64.0]
Gender (%)      
 Women 61.1 62 61.4 60.7 60.2
 Men 38.9 38 38.5 39.3 39.8
 Prefer not to say 0.0 0.1 0.0 0.0 0.0
 (Missing) 0.0 0.0 0.0 0.0 0.0
Race/ethnicity (%)      
 White, non-Hispanic 89.9 82.9 89.6 92.3 94.7
 Hispanic/Latino 0.3 0.6 0.3 0.2 0.2
 Black 0.6 0.9 0.6 0.4 0.3
 Asian 2.0 3.0 2.1 1.8 1.2
 Mixed/other race 2.6 3.7 2.7 2.3 1.8
 Prefer not to say 0.1 0.1 0.1 0.1 0.1
 (Missing) 4.5 8.7 4.6 3.0 1.7
BMI (median [IQR]) 25.29 [22.5, 29.0] 25.1 [22.3, 28.8] 25.5 [22.6, 29.3] 25.4 [22.5, 29.1] 25.3 [22.5, 28.8]
Smoker status (%)      
 Never smoker 43.2 35.5 42.5 45.7 49.0
 Former smoker 12.9 11.1 12.8 13.2 14.3
 Current smoker 3.9 4.0 4.2 3.9 3.7
 (Missing) 40.0 49.4 40.5 37.2 33.0
Has diabetes (%) 3.5 3.2 3.6 3.6 3.5
Has heart disease (%) 3.2 2.7 3.2 3.4 3.8
Has lung disease (%) 10.8 10.9 11 10.8 10.6
Has kidney disease (%) 0.8 0.7 0.8 0.8 0.8
Frontline healthcare worker, yes (%) 4.2 4.2 4.3 4.1 4.2
Health problems requiring stay-at-
home (%)

5.1 4.3 5.2 5.3 5.4

Regular use of mobility aid (%) 2.2 1.9 2.3 2.3 2.2
Health problems limiting activities 
(%)

8.6 8.1 8.9 8.7 8.6

Population density (persons/mi2) 4217.1 [750.5, 10183.5] 10630.4 [4620.2, 21554.3] 6538.7 [2136.7, 11383.5] 3591.5 [773.0, 7685.7] 655.8 [229.3, 
2499.7]

Urban/rural      
 Rural (≤1000 p/mi2) 24.2 8.8 14.6 24.0 49.5
 Urban (>1000 p/mi2) 62.2 80.4 71.8 61.7 36.4
 Missing 13.2 10.8 13.7 14.2 14.0
English IMD income 7.0 [5.0, 9.0] 6.0 [4.0, 8.0] 7.0 [5.0, 9.0] 8.0 [5.0, 9.0] 8.0 [6.0, 9.0]
English IMD Education Score 7.0 [5.0, 9.0] 7.0 [5.0, 9.0] 7.0 [5.0, 9.0] 8.0 [5.0, 9.0] 8.0 [6.0, 9.0]
U.S. Census—median household 
income

78650.0 [60430.0, 
102242.0]

78484.0 [59702.0, 100745.0] 79873.0 [62422.0, 102650.0] 80553.0 [61983.0, 103728.0] 76569.0 
[58384.0, 
101518.0]

U.S. Census—percent 25+ years 
with bachelors

44.7 [31.0, 59.4] 45.3 [31.3, 60.8] 45.3 [32.9, 59.3] 45.8 [31.9, 60.1] 42.1 [28.3, 57.6]

PM
2.5

 (µg/m3) 9.6 [8.6, 10.2] 10.1 [9.2, 11.1] 9.8 [9.2, 10.4] 9.6 [8.8, 10.1] 8.8 [7.8, 9.4]

aNDVI q1: 0.000–0.358, NDVI q2: 0.358–0.455, NDVI q3: 0.455–0.547, NDVI q4: 0.547–0.827.
bThe median (25th–75 percentile) area of the neighborhoods in urban areas is 0.45 km2 (0.26–1.16) and the median area of the neighborhood in rural areas is 16.80 km2 (3.95–44.12).
IMD indicates Index of Multiple Deprivation.

http://links.lww.com/EE/A218
http://links.lww.com/EE/A218
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PCR test were stronger than associations with predicted COVID-
19–like illness (eTable 4; http://links.lww.com/EE/A218). 
Models without adjustment for population density also showed 
slightly stronger protective associations of neighborhood NDVI 
with predicted COVID-19–like illness incidence. Results were 

similar in models using summer average neighborhood NDVI 
instead of a three-month moving average and in models adjusted 
for county/local authority or PM2.5. Substantially stronger pro-
tective associations were observed in models adjusted for season 
instead of month and in models without adjustment for month. 

Table 2.

Hazard ratios (and 95% CIs) for predicted COVID-19–like illness incidence presented by a 0.1 increase in 3-month moving average 
neighborhood NDVI among participants in the CCS cohort (n = 2,794,029) during follow-up from 24 March 2020 to 30 November 2020.

 

Full cohort U.K. cohort U.S. cohort

Cases (person days) a HR (95% CI) b Cases (person days) a HR (95% CI) b Cases (person days) a HR (95% CI) b 

Full cohort 143,340 (347,015,836) 0.965 (0.960, 0.970) 136,682 (320,079,143) 0.964 (0.959, 0.969) 6,658 (26,936,693) 0.994 (0.975, 1.013)
Stratified by       
 No limitations to physical activity 123,731 (307,698,408) 0.965 (0.960, 0.970) 118,333 (283,865,038) 0.964 (0.959, 0.969) 5,398 (23,833,370) 1.000 (0.979, 1.022)
 Limitations to physical activity 19,609 (39,317,429) 0.967 (0.954, 0.980) 18,349 (36,214,105) 0.969 (0.955, 0.982) 1,260 (3,103,323) 0.961 (0.920, 1.004)
 White, non-Hispanic 113,578 (320,353,202) 0.962 (0.957, 0.967) 108,594 (297,485,198) 0.962 (0.956, 0.967) 4,984 (22,868,004) 0.993 (0.971, 1.016)
 Non-White 29,762 (26,662,634) 0.982 (0.971, 0.993) 28,088 (22,593,945) 0.983 (0.972, 0.994) 1,674 (4,068,689) 0.972 (0.936, 1.010)
 Urban (> 1000 p/mi2) 92,106 (217,048,999) 0.970 (0.964, 0.976) 88,058 (200,588,817) 0.970 (0.964, 0.977) 4,048 (16,460,182) 0.979 (0.953, 1.006)
 Rural (≤ 1000 p/mi2) 27,065 (85,637,621) 0.955 (0.944, 0.966) 24,492 (75,290,748) 0.947 (0.935, 0.960) 2,573 (10,346,873) 0.999 (0.971, 1.028)
 Healthcare worker 9,733 (13,886,774) 0.981 (0.963, 1.000) 8,953 (11,761,507) 0.964 (0.945, 0.984) 780 (2,125,267) 1.040 (0.980, 1.104)
 Non-healthcare worker 133,607 (333,129,063) 0.964 (0.959, 0.969) 127,729 (308,317,636) 0.964 (0.959, 0.970) 5,878 (24,811,426) 0.988 (0.968, 1.008)
 Neighborhood level-income q1 31,146 (62,915,258) 0.975 (0.966, 0.985) 29,497 (58,025,771) 0.975 (0.965, 0.985) 1,649 (4,889,487) 0.989 (0.953, 1.027)
 Neighborhood level-income q2 32,119 (66,271,483) 0.969 (0.959, 0.979) 30,592 (61,025,793) 0.966 (0.956, 0.976) 1,527 (5,245,690) 1.031 (0.990, 1.074)
 Neighborhood level-income q3 28,330 (70,355,273) 0.966 (0.955, 0.977) 27,036 (64,919,555) 0.968 (0.957, 0.979) 1,294 (5,435,718) 0.962 (0.920, 1.005)
 Neighborhood level-income q4 26,507 (72,704,329) 0.968 (0.956, 0.979) 25,289 (67,081,232) 0.969 (0.957, 0.982) 1,218 (5,623,097) 0.981 (0.936, 1.029)
 Neighborhood level-income q5 25,221 (74,727,977) 0.949 (0.937, 0.961) 24,268 (69,026,793) 0.950 (0.937, 0.962) 953 (5,701,185) 0.984 (0.934, 1.037)

aThe sum of the person-days of some strata is more than the total person-days because of rounding up follow-up time. For urban and rural and neighborhood income quintiles the cases and person days do 
not add up to the total person days because missing categories were used for both. The results of missing categories were not shown.
bStratified by age group, country, and calendar month at study entry, and adjusted for: calendar month, gender, race, BMI, comorbidities (including diabetes, heart disease, lung disease, and kidney disease), 
current smoking status, frontline healthcare worker status, population density (quartiles), neighborhood level-income (quintiles), neighborhood level education (quintiles).
CI indicates confidence interval; HR, hazard ratio.

Figure 1. Hazard ratios (and 95% CIs) for predicted COVID-19–like illness incidence presented by a 0.1 increase in 3-month moving average neighborhood 
NDVI among participants in the full CCS cohort (n = 2,794,029), among U.K. participants (n = 2,557,464) and among U.S. participants (n = 236,565) during 
follow-up from 24 March 2020 to 30 November 2020. In the basic model, we adjusted for calendar month, and stratified by country, age (<18, 18–65, and >65 
years), and calendar month at study entry. In the fully adjusted model, we adjusted for all covariates.

http://links.lww.com/EE/A218
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Among U.S. participants, we only observed protective associa-
tions in models not adjusted for month or adjusted for season 
instead of month.

Discussion
Exposure to neighborhood NDVI was associated with a lower 
risk of incident predicted COVID-19–like illness in the full 
cohort, among U.K. participants but not among U.S. partici-
pants. Stratified analyses showed slightly stronger protective 
associations for White individuals, individuals living in rural 
neighborhoods, and individuals living in high-income neighbor-
hoods in the full cohort.

Our findings in the full cohort are largely consistent with 
a number of studies that have examined the association of 
greenspace and COVID-19 outcomes.19,20,23–26 Many of these 
previous studies reported decreased incidence with increasing 
neighborhood exposures across a variety of greenspace mea-
sures; however, they relied on ecological data. In the United 
States, an ecological study observed a protective association of 
county-level greenness with COVID-19 incidence with an inci-
dence rate ratio of 0.94 (95% CI = 0.90, 0.97) per 0.1 NDVI 
increase.19 In China, an incidence rate ratio of 0.92 (95% CI = 
0.90, 0.94) per 0.1 NDVI increase was observed with COVID-
19 incidence.27 In England, no associations of green space with 
COVID-19 incidence were found.22 However, park use was 
associated with lower COVID-19 incidence.22 In Wuhan, China, 
and Hong Kong, positive associations between green space met-
rics and COVID-19 cases were observed.28,29 These results may 
reflect unique attributes of China and Hong Kong, where areas 
with a high density of commercial and entertainment venues 
tend to have higher green space and may be more frequently 
visited by large groups of people and used for social activities, 
which could increase COVID-19 transmission.28

We observed differences in associations among U.K. and U.S. 
participants. This could be due to differences in population 
characteristics, as the median age, the proportion of Black indi-
viduals, individuals with a BMI of 25+, individuals with diabe-
tes and heart disease, and individuals living in rural areas were 
higher among U.S. participants compared to U.K. participants. 
In addition, the size of the neighborhoods in the United States 
was larger than in the United Kingdom, which may have led 
to differential exposure error. The null associations among U.S. 
participants are in contrast to several ecological studies in the 
United States.19,24–26 Differences in associations might be related 
to study design and outcome assessment. Ecological studies 
used documented COVID-19 cases, while we used predicted 
COVID-19–like illness cases. Other factors that may play a role 
are differences in the study population, adjustment for potential 
confounders, and study period.

We observed slightly stronger protective associations in 
rural areas compared to urban areas among U.K. participants, 
but not among U.S. participants. We have no clear explanation 
for this difference. In urban areas, vegetation is likely com-
posed of parks that can be accessible spaces for physical activ-
ity and may be indicative of other benefits available in urban 
areas. These qualities may not extend to rural areas. In the full 
cohort, we observed slightly stronger protective associations 
for White compared to non-White individuals and for individ-
uals living in high-income neighborhoods compared to indi-
viduals in low-income neighborhoods. These differences might 
be related to the ability to work from home or differences in 
type of green space.

The underreporting of COVID-19 cases is a major limita-
tion of most studies that evaluated associations with COVID-
19 incidence. COVID-19 test availability was limited during 
the beginning of the COVID-19 pandemic, resulting in out-
come misclassification that may differ between regions, degree 
of urbanization, SES classes, and race. To overcome these 

limitations, we primarily focused on predicted COVID-19–like 
illness incidence based on self-reported symptoms.33 The predic-
tion model addresses inadequacies in relying solely on reports of 
a positive COVID-19 test, which reflects both access to testing 
and variable delays and heterogeneities between symptoms and 
consequent testing. A previous study using U.K. CSS app partic-
ipants found that population-level estimates of COVID-19 prev-
alence reported by the app reflect those obtained from studies 
designed to be representative of the population.45 However, we 
also note that the prediction model was trained on the results of 
positive COVID-19 tests. Testing was more likely if an individ-
ual developed severe symptoms, had been in contact with people 
who have tested positive, traveled to high-risk areas, or if the 
individual was a healthcare worker. Access to testing may also 
differ between demographic groups which may have affected 
predictions. The sensitivity of the model was 0.65 and the spec-
ificity was 0.78 in the United Kingdom and slightly higher in 
the United States. The model likely missed COVID-19–infected 
individuals that did not experience any symptoms or experi-
enced unusual COVID-19 symptoms; therefore, we used the 
term COVID-19–like illness. We note that the prediction per-
formance of the model may have changed over time and as the 
exposure also changed over time, this could have affected our 
results.

We observed substantially more predicted COVID-19–like 
illness cases than incident COVID-19 cases identified by a PCR 
test. As expected, the percent frontline healthcare worker was 
higher among COVID-19 cases identified by a PCR test com-
pared to predicted COVID-19–like illness cases, and the percent 
of participants with limitations to physical activity was higher 
among predicted COVID-19 like illness cases compared to 
COVID-19 cases identified by a PCR test. This is likely related 
to issues regarding testing availability and access. Further, we 
found that the protective association with predicted COVID-
19–like illness was weaker than the association with incident 
COVID-19 identified by a PCR test.

The observed associations in this study may reflect recent find-
ings that visits to greenspaces have generally increased during 
the pandemic. A study showed that stay-at-home orders and 
restrictions on social gatherings were associated with increased 
park visitations during COVID-19.46 Parks provide places for 
physical activities and social gatherings outdoors while also 
allowing for distancing. Being outside for these activities rather 
than indoors might substantially reduce SARS-CoV-2 transmis-
sion risk, as increased air flow outdoors can substantially dilute 
levels of virus in the air.47 Furthermore, there is evidence that 
greenness is linked to increased physical activity; and inade-
quate physical activity has been reported as a risk factor for 
COVID-19 incidence in a study among 48,440 adult patients.48

This study has several strengths. We included ~2.8 mil-
lion individuals from two countries. We ended follow-up in 
November 2020, before some major variants were common 
and before vaccinations were available. While many previous 
studies were limited by ecological or cross-sectional designs, 
we evaluated individually reported data on COVID-19–like ill-
ness incidence. We were able to control for important individ-
ual-level covariates such as age, BMI, occupation as a frontline 
healthcare worker, and comorbidities. Using a 3-month mov-
ing average of NDVI, we constructed time-varying measures of 
exposure to greenness in the neighborhood reported by each 
participant that would capture potential changes in vegetation. 
Additionally, because participants were located in a diverse 
range of geographic settings across countries, we were able to 
test whether the relationship between greenness and COVID-
19–like illness incidence was consistent in different SES neigh-
borhoods, as well as in urban and rural locations.

This study has some key limitations in addition to those 
discussed above. We used neighborhood greenness and our 
analysis would have been strengthened if we had address-level 
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exposure estimates. The size of the area of neighborhoods 
differs between strata and may have affected our results. 
We also note that greenness can differ substantially within a 
neighborhood and participants living close to the border of 
their neighborhood can be exposed to natural environments 
in neighboring neighborhoods. In addition, we had no infor-
mation on the amount of time each participant spent at home 
or accessing green spaces. NDVI does not measure the qual-
ity of greenness, such as whether vegetation is composed of 
parks, forests, agricultural land, or overgrown vacant lots. 
We adjusted for multiple individual-level lifestyles and health 
status covariates, but we did not control for individual-level 
income, education, and protective measures, such as social dis-
tancing and mask-wearing. Adjustment for area-level SES may 
have partly captured the impact of these factors. However, we 
note that the potential for residual confounding remains and 
may have resulted in an overestimation of the associations. We 
had no information on whether individuals lived in the same 
household. Hence, cases may not be independent as COVID-
19–like illness cases may have clustered. We used self-reported 
data about potential confounders and COVID-19 symptoms 
which may have affected our findings. Some individuals had 
missing covariate data and we used a missing indicator in 
our analyses. Additionally, our findings may not be generaliz-
able to the whole U.S. or U.K. population or other countries 
because the participants in this study who self-selected into the 
study may represent a limited range of age, SES, BMI, mobil-
ity, and attitudes towards COVID-19 and health compared to 
the wider population. Individuals excluded from our cohort 
because of <24 hours of follow-up time were of lower SES, 
had a higher population density, and were more likely to be a 
healthcare worker, which likely affected the generalizability of 
our findings as stratified analyses showed weaker associations 
for these groups.

Conclusions
In this CCS smartphone application cohort, we observed that 
those living in neighborhoods with higher greenness had a lower 
risk of predicted like illness COVID-19 incidence. These results 
underscore the potentially critical role of environments in shap-
ing human health during the COVID-19 pandemic.
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