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ARTICLE INFO ABSTRACT

Keywords: Population growth, demographic transitions and urbanization in sub-Saharan Africa (SSA) will increase non-
Non-communicable diseases communicable disease (NCD) burden. We studied the association between neighborhood greenness and NCDs
Greenness in a multi-country cross-sectional study. Among 1178 participants, in adjusted models, a 0.11 unit NDVI increase
Zss_e::;zzn Africa was associated with lower BMI (: —1.01, 95% CI: —1.35, —0.67), and lower odds of overweight/obesity (aOR:
Obesity 0.73, 95% CI: 0.62, 0.85), diabetes (aOR: 0.77, 95% CI: 0.62, 0.96), and having >3 allostatic load components

compared to none (aOR: 0.66, 95% CI: 0.52, 0.85). Except for diabetes, these remained statistically significant
after Bonferroni correction. We observed no association between NDVI and hypertension or cholesterol. Our
findings are consistent with health benefits of neighborhood greenness reported in other countries, suggesting
greening strategies could be considered as part of broader public health interventions for NCDs.

Environmental epidemiology

1. Introduction expected to rise alongside these demographic changes (Dalal et al.,
2011; NCD Risk Factor Collaboration — Africa Working Group 2017;

Sub-Saharan Africa’s (SSA) population is projected to increase from Jemal et al., 2012; Mensah et al., 2015). The Global Burden of Disease
1.05 billion in 2018 to 2.2 billion in 2050, resulting in an older, more Study estimated a 67% increase in disability-adjusted life-years attrib-
urban population (UN Economic and Social Affairs 2018; Population utable to NCDs in SSA from 1990 to 2017, with burden of cancer
Reference Bureau, 2018). Non-communicable disease (NCD) burden is (79.5%) and diabetes (83.1%) exhibiting the largest relative increases
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over this period (Gouda et al., 2019). National health ministries in SSA
are developing strategies to control NCDs by expanding medical services
and promoting lifestyle changes (Farmer et al., 2013; Stefan et al., 2013;
Binagwaho et al., 2014; Kwan et al., 2016; WHO 2018; Tapela et al.,
2019). Increased investments in health care delivery are necessary to
limit the spread of NCDs in SSA countries (Alwan et al., 2011). However,
experience from other parts of the world suggests that in order to be
effective, public health strategies for NCD control must consider socio-
economic and contextual factors, such as income, education, cata-
strophic health expenditures, availability of spaces for active transport,
healthy diets, and incentives for promoting healthy lifestyles (Nugent
et al., 2018). Analytic models that incorporate relationships between
risk factors and underlying social and environmental context are
therefore needed to accurately inform NCD prevention policy (Krieger
2011; Frumkin and Haines 2019).

Neighborhood greenness, or the natural green vegetation in a given
area, is increasingly understood as an important health promoting
contextual environmental factor. African scientists have called for more
parks and street trees in cities, citing benefits including reductions of
adverse health impacts of temperature and air pollution, as well as space
for active transport (such as bicycling) and exercise (Cilliers et al., 2013;
Ezeh 2016; Abernethy et al., 2016; Toit et al., 2018). Cohort studies in
western countries have reported multiple health benefits of green
spaces, including promotion of physical activity, lower risk of obesity
and diabetes, improved mental health, enhanced social capital, and
reduced all-cause and cardiovascular mortality (James et al. 2015, 2016;
Crouse et al., 2017; Vienneau et al., 2017; Fong et al., 2018; Two-
hig-Bennett and Jones 2018; Bratman et al., 2019; Orioli et al., 2019;
Rojas-Rueda et al., 2019; Iyer et al., 2020). Researchers have estimated
the effects of nature visits on physiologic stress response, reporting
reduced inflammation, enhanced glucose and cardiometabolic profile,
and reduced sympathetic nervous system activation (Li et al., 2008; Park
et al., 2010). Cross-sectional studies in the United States reported as-
sociations between neighborhood greenness and allostatic load, an
index made up of biomarkers capturing physiologic response to cumu-
lative biologic stress (McEwen 1998), and sympathetic stress response
(Egorov et al., 2017; Yeager et al., 2018). While studies in SSA have
assessed the association between neighborhood greenness and mental
health (Tomita et al., 2017), little evidence exists regarding associations
between neighborhood greenness and other NCDs.

We conducted a cross-sectional study using data from a multi-
country sample of urban and rural community members in SSA to
evaluate the association between neighborhood greenness and car-
diometabolic NCDs. We hypothesized that neighborhood greenness
would be associated with lower NCD prevalence, lower prevalence of
lifestyle risk factors, and lower cardiometabolic allostatic load.

2. Materials and methods
2.1. Study setting and population

We used participant data from the Africa/Harvard Partnership for
Cohort Research and Training (PaCT), launched in 2011 as a collabo-
ration between the Harvard T. H. Chan School of Public Health (USA),
Makerere University (Uganda), Mbarara University (Uganda), Muhim-
bili University (Tanzania), University of Ibadan (Nigeria), and Stellen-
bosch University (South Africa). For this study, we included participants
from sites with available location data (Uganda, South Africa,
Tanzania). In Uganda, participants were recruited from villages in peri-
urban (Kampala) and rural (Mbarara) settings. In Tanzania and South
Africa, occupational samples of teachers were recruited from cities (Dar
Es Salaam, Tanzania and Cape Town, South Africa). Standardized,
culturally-adapted questionnaires were administered to capture infor-
mation on demographics, socioeconomic status, diet and lifestyle fac-
tors, medical history, and care seeking behaviors. Anthropometric data
and blood measurements were taken by trained study staff. Participants
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provided names of the village where they lived (Uganda sites) or school
where they worked (Tanzania, South Africa sites). Full details regarding
study procedures are described elsewhere (Dalal et al., 2015).

One of the investigators (HSI) collected geocodes for locations by
entering names of villages and schools into Google Maps and extracting
coordinates at the center of the village or school. Site investigators (FB,
JNM, MN, VS) verified the accuracy of these coordinates and resolved
discrepancies (10/81, 12%). Of 1215 participants, 3% (n = 37) were
excluded due to missing geocodes resulting in a final sample of 1178.

2.2. Exposure

We estimated exposure to neighborhood greenness at participant
locations using the Normalized Difference Vegetation Index (NDVI), a
satellite-derived measure of natural green vegetation (Kriegler et al.,
1969). NDVI is calculated by taking the difference of near infrared light
(reflected by leaves) and visible red light (absorbed), and dividing by the
sum of these measures. Values range from —1 to +1, with values below
0 reflecting bodies of water. NDVI was obtained from the Moderate
Resolution Imaging Spectroradiometer (MODIS) with resolution of 250
m. We extracted the NDVI value for the area that included the partici-
pant’s school (Tanzania, South Africa) or village (Uganda) geocodes,
and collected four (January, April, July, September) images each year
from 2010 to 2011, to account for seasonal changes in NDVI at these
locations. Google Earth Engine was used to extract images and select the
least cloudy image in each month (Mutanga & Kumar 2019). In order to
capture recent exposure and account for seasonal differences in NDVI,
we averaged over the eight seasonal measures at each location. We were
able to assign geocodes to schools with greater precision than for vil-
lages. We therefore conducted sensitivity analyses using zonal statistics
to assign mean NDVI to village locations using polygon boundaries
rather than points. Use of this metric did not change our conclusions,
and so we used a point-based approach to assign NDVI for consistency
across villages and schools.

2.3. Outcomes

We studied the association between neighborhood greenness and the
prevalence of multiple NCD endpoints including specific diseases (dia-
betes, hypertension), overweight/obesity (BMI >25 kg/m?, and car-
diometabolic profile (allostatic load, total cholesterol). Whenever
possible, we relied on measurements taken by trained study staff.
However, because access to NCD services varied across sites and prior
disease status could affect measurements taken during the study, we also
included information about prior history of diagnosis and treatment to
define outcomes.

Diabetes was reported on questionnaires by participants and, when
available, estimated based on blood glucose measures taken during the
study. Participants were classified as diabetic if they reported history of
diabetes (62/139, 45%), or if they reported a fasting glucose level > 7
mmol/1 (77/139, 55%) (Chiwanga et al., 2016). Hypertension was re-
ported on questionnaires, and, when available, confirmed by blood
pressure measurements. We used World Health Organization (WHO)
classifications for hypertension as follows: Hypertensive (SBP: 140 mm
Hg and/or DBP: 90 mm Hg based on blood pressure measurement
(297/448, 66%), self-reported being on regular anti-hypertensive ther-
apy (94/448, 21%), or self-reported history of hypertension (57/448,
13%)) (Guwatudde et al., 2015). We modeled obesity using the body
mass index (BMI) as a continuous scale, and using WHO classification
(under-weight: BMI<18.5 kg/m?% normal weight: BMI in 18.5-24.9
kg/m?; overweight: BMI in 25-29.9 kg/m?; obese: 30 kg/m? and over).
We also dichotomized BMI categories into overweight/obese vs
normal/under-weight. Total cholesterol was ascertained by trained
nurses who visited schools to collect blood samples at pre-specified
times, while in villages, trained staff conducted blood draws in the
community (Dalal et al.,, 2015). Cholesterol was modeled as a
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continuous variable, and dichotomized, defining high cholesterol as any
value above 6.22 mmol/L based on clinical guidelines used in 2011
(Craig et al., 2000).

We developed a minimal allostatic load score to assess the associa-
tion between NDVI and chronic stress in this population focusing on
metabolic measures available in our data. We adapted the full allostatic
load measure developed by Seeman et al. which incorporated ten
components reflecting multiple homeostatic regulatory systems (See-
man et al., 1997). Our score was comprised of a subset of four variables:
systolic blood pressure, diastolic blood pressure, blood glucose (on the
natural logarithm scale), and body mass index (as a proxy for
waist-to-hip ratio). We used this abridged score because it was consis-
tent with cardiovascular contributions to allostatic load used elsewhere,
and because other individual components were missing for entire sites
(McEwen 1998; Seeman et al., 1997). To calculate the allostatic load
score, we first created quartiles for each of the components, and then
assigned a score of 1 if the component was in the highest quartile and
0 otherwise (Seeman et al., 1997). Allostatic load was then calculated
using the sum of component scores, ranging from 0 to 4, with four being
the least healthy. Individuals with three or more components were
grouped together due to few participants with four allostatic load
components (n = 17), yielding a four-level categorical variable (0, 1, 2
or >3 components).

2.4. Ethics

Written informed consent from each participant was provided
through a signed form along with mailed completed questionnaire
(South Africa, Tanzania) or during enrollment interviews with study
staff (Uganda). This study was approved by the Harvard T. H. Chan
School of Public Health Institutional Review Board; the Health Research
Ethics Committee of the Faculty of Medicine and Health Sciences, Stel-
lenbosch University; Makerere University School of Public Health
Higher Degrees Research and Ethics Committee; National Institute for
Medical Research, Tanzania; Mbarara University of Science and Tech-
nology Research Ethics Committee; and the Uganda National Council of
Science and Technology.

2.5. Statistical analysis

Since 369 participants (31%) were missing values for at least one
outcome or covariate, we used multiple imputation with chained
equations to fit models for missingness, assuming data were missing at
random (Rubin 1987). To multiply impute missing continuous cova-
riates (age, BMI, systolic blood pressure, diastolic blood pressure, blood
glucose level) we used linear regression, and for missing categorical and
binary covariates (private health care seeking, piped vs other water
source, overweight/obesity, allostatic load category) we used the
discriminant function. We used the following covariates as predictors of
missingness: age, sex, marital status, educational attainment, cooking
fuel type, NDVI, smoking status, and site. These variables were chosen
based on examination of missingness patterns in the data and strength of
correlations between these predictors and variables with missing values.
For models estimating the association between NDVI and cholesterol, we
excluded the peri-urban Uganda site because no cholesterol measure-
ments were taken. Using these models, we imputed values for covariates
with missing data to generate 10 datasets.

Next, we fit multiple linear regression models for continuous out-
comes (BMI, cholesterol) and logistic regression models for binary out-
comes (obese/overweight, diabetes, hypertension, high cholesterol).
Models for categorical allostatic load were fit using multiple multino-
mial logistic regression. NDVI was modeled as a continuous exposure,
and effect estimates correspond to a 0.11 unit increase in NDVI (0.58
standard deviation) to facilitate comparisons with previous studies. We
tested for linearity between NDVI and each outcome using quadratic
terms. Models were sequentially adjusted for (1) age at interview
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(continuous), sex; (2) educational attainment (primary school or lower
vs other), cooking fuel source (electric or gas vs other), marital status
(married/cohabiting vs other), smoking status (current smoker or not),
site (Uganda/rural, Uganda/peri-urban, Tanzania/urban, South Africa/
urban), care sought in private sector (binary). Covariates were selected
based on previous studies by PaCT investigators (Guwatudde et al.,
2015; Chiwanga et al., 2016; Ajayi et al., 2016; Laurence et al., 2016)
and literature on common causes of NDVI and NCDs (James et al., 2015;
Fong et al., 2018; Twohig-Bennett and Jones 2018). Since these models
were fit in imputed datasets, standard errors were estimated using
Rubin’s Rules (Rubin 1987). We provided results from a complete case
analysis as a sensitivity analysis. As an additional sensitivity analysis, we
restricted the analysis to urban sites only (excluding the rural Uganda
site).

In addition, we explored the role of BMI as a mediator of the asso-
ciation between NDVI and NCD outcomes. Following methods described
by Valeri and VanderWeele (Valeri and VanderWeele 2013), we fit
regression models adjusting for the full set of covariates above, and
tested for interaction between NDVI and BMI at the alpha = 0.05 level. If
interactions were present, we presented estimates for the NDVI-outcome
association at three levels of BMI (20, 25, 30). For binary outcomes, we
replaced the logistic model with a log-linear model with Poisson dis-
tribution to model prevalence ratios. Log-linear models were used
because risk ratio estimates from these models can be directly compared
in models with and without the mediator, a property not shared by odds
ratios obtained using logistic regression (Valeri and VanderWeele 2013).

Since we studied the association between NDVI and multiple out-
comes, we used VanderWeele’s Outcome-wide Epidemiology approach
(VanderWeele 2017). This approach facilitates comparisons between
multiple exposure-outcome associations simultaneously. We report
E-values as a sensitivity analysis to quantify the minimum unmeasured
confounding bias required to explain away our findings (VanderWeele
and Ding 2017). The E-value for a point estimate corresponds to the
minimum bias, conditional on covariates, necessary to attenuate the
point estimate to the null value of 1. Confidence interval E-value
quantifies the bias required to shift the confidence interval to include 1.
To limit type 1 error, we applied a Bonferroni correction to all signifi-
cance tests for association between NDVI and NCD outcomes in fully
adjusted outcome models performed (7 tests in total population, 5 tests
in urban sites only, for a total of 12 tests). This correction resulted in an
alpha type 1 error cutoff of 0.0042. All analyses were done using SAS
version 9.4. Detailed formulae for each of the regression models are
provided in the supplementary appendix (Supplementary Appendix A).

3. Results

After exclusions, 1178 participants were included in the study, with
275 (23%) from Peri-urban Uganda, 200 (17%) from rural Uganda, 477
(40%) from South Africa, and 226 (19%) from Tanzania. The NDVI
distribution varied by site, with Tanzania and South Africa exhibiting
lower levels of NDVI than the Uganda sites (Table 1). Higher levels of
NDVI were associated with lower median age (NDVI Q5: 36, NDVI Q1:
46.7), lower proportion reporting female gender (NDVI Q5: 51%, NDVI
Q1: 81%), and lower educational attainment (NDVI Q5: 82% with pri-
mary school or lower, NDVI Q1: 3%). We observed high reported
prevalence of overweight (31%) and obesity (33%) in the total study
population. Prevalence of diabetes was 12%, and prevalence of hyper-
tension was 38%. In analysis excluding the peri-urban Uganda site, the
prevalence of high cholesterol was 14%.

Results of our outcome-wide regression analysis using multiple
imputation are presented in Table 2. In fully adjusted models, a 0.11 unit
increase in NDVI was associated with a 1.01 unit decrease in BMI (:
—1.01, 95% CI: —1.35, —0.67). Similarly, in fully adjusted models, we
observed 27% lower odds of overweight/obesity associated with a 0.11
unit increase in NDVI (aOR: 0.73, 95% CI: 0.62, 0.85) in the total study
population. Both were statistically significant after applying the
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Table 1

Descriptive characteristics of study participants from four sites in three Sub-Saharan African countries.
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Normalized Difference Vegetation Index (NDVI)

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5 Total

n (%) n (%) n (%) n (%) n (%) n (%)
No. 233 229 245 240 231 1178
Age 46.7 [40.7, 52.3] 44.2 [37.1, 51.4] 43.4 [34.29, 51.14] 33.2 [26, 47.42] 36.1 [27.2, 42.94] 41.9 [32.6, 50.32]
Female 189 (81.1) 178 (77.7) 160 (65.3) 125 (52.1) 117 (50.7) 769 (65.3)
BMI" 30.1 [26.8, 34.8] 29.9 [25.7, 33.2] 27.6 [23.7, 32.3] 24.1 [21.7, 28.6] 24.2 [21.8, 27.3] 27.1 [23.3, 31.4]
Ever Smoke 27 (11.6) 20 (8.7) 26 (10.6) 28 (11.7) 28 (12.1) 129 (11)
Systolic Blood Pressure (mm/Hg)" 133.8 [124, 145.5] 130 [120, 145] 124.3 [116, 137] 123.5 [114, 133.5] 118.8 [109.5, 125] 125 [115.5, 138.5]
Diastolic Blood Pressure (mm/Hg)" 79.3 [73, 87.5] 80 [74.5, 90] 80 [70, 871 75.5 [68.5, 82.5] 77.3 [70.5, 82.5] 79 [70.5, 85.5]
Blood glucose 5.2 [4.6, 5.8] 4.8 [4.4, 5.5] 5.2 [4.5, 5.8] 5.1 [4.5, 5.7] 5.7 [5.1, 6.4] 5.2 [4.6, 5.8]

NDVI (two-year seasonal average)”
Site
Kampala, Uganda (peri-urban)
Mbarara, Uganda (rural)

0.23 [0.23, 0.24] 0.31 [0.29, 0.33]

195 (83.7) 119 (52)

Cape Town, South Africa (urban)

Dar Es Salaam, Tanzania (urban) 38 (16.3) 110 (48)
Primary School Education or Lower 6 (2.6) 14 (6.1)
Currently Married/Cohabiting 160 (68.7) 159 (69.4)
Fuel (not electricity, natural gas, biogas) 39 (16.7) 111 (48.5)
Piped drinking water 193 (82.8) 136 (59.4)
Seek health care at private facility

Yes 181 (77.7) 195 (85.2)

No 52 (22.3) 34 (14.9)

(Missing) . .

Have you ever been told by a doctor or other health worker that you have DM?
Yes 24 (10.3) 23 (10.0)
No 162 (69.5) 171 (74.7)
(Missing) 47 (20.2) 35 (15.3)

Family member with diabetes
Yes 105 (45.1) 87 (38.0)
No 111 (47.6) 131 (57.2)
(Missing) 17 (7.3) 11 (4.8)

Have you ever been told by a doctor or other health worker that you have HPT?
Yes 75 (32.2) 78 (34.1)
No 145 (62.2) 140 (61.1)
(Missing) 13 (5.6) 11 (4.8)

Family member with hypertension
Yes 137 (58.8) 118 (51.5)
No 84 (36.1) 99 (43.2)
(Missing) 12 (5.2) 12 (5.2)

0.40 [0.37, 0.41]

0.61 [0.54, 0.67]

0.73 [0.72, 0.75]

0.40 [0.29, 0.67]

89 (36.3) 169 (70.4) 17 (7.4) 275 (23.3)
. . 200 (86.6) 200 (17)
93 (38) 70 (29.2) . 477 (40.5)
63 (25.7) 1(0.4) 14 (6.1) 226 (19.2)
38 (15.5) 63 (26.3) 190 (82.3) 311 (26.4)
163 (66.5) 162 (67.5) 190 (82.3) 834 (70.8)
149 (60.8) 165 (68.8) 231 (100) 695 (59)
122 (49.8) 136 (56.7) 5(2.2) 592 (50.3)
143 (58.4) 117 (48.8) 77 (33.3) 713 (60.5)
98 (40) 122 (50.8) 153 (66.2) 459 (39.0)
4 (1.6) 1(0.4) 1(0.4) 6 (0.5)

21 (8.6) 6 (2.5) 2(0.9) 76 (6.5)
198 (80.8) 225 (93.8) 228 (98.7) 984 (83.5)
26 (10.6) 9(3.8) 1(0.4) 118 (10)
85 (34.7) 63 (26.3) 28 (12.1) 368 (31.2)
152 (62.0) 174 (72.5) 202 (87.5) 770 (65.4)
8(3.3) 3(1.3) 1(0.4) 40 (3.4)
57 (23.3) 23 (9.6) 14 (6.1) 247 (21.0)
174 (71.0) 209 (87.1) 217 (93.9) 885 (75.1)
14 (5.7) 8(3.3) 46 (3.9)
122 (49.8) 118 (49.2) 66 (28.6) 561 (47.6)
116 (47.4) 120 (50.0) 164 (71.0) 583 (49.5)
7 (2.9) 2(0.8) 1(0.4) 34 (2.9)

@ Median [Interquartile Range].

Bonferroni correction. In fully adjusted models, a 0.11 unit increase in
NDVI was associated with a 23% lower odds of prevalence of diabetes in
the total study population (aOR: 0.77, 95% CIL: 0.62, 0.96), but this as-
sociation was not statistically significant after correcting for multiple
testing. We did not observe statistically significant associations between
NDVI and prevalence of hypertension, or between NDVI and cholesterol
(continuous or dichotomous outcome) after adjustment for covariates.
In fully adjusted multinomial regression models for allostatic load a 0.11
unit increase NDVI was associated with 34% lower odds of having 3 or
more allostatic load components (worst) compared to none (best) (aOR:
0.66, 95% CI: 0.52, 0.85), and 33% lower odds of having 2 allostatic
load components compared to none (aOR: 0.67, 95% CI: 0.52, 0.85).
This association was statistically significant after correction for multiple
testing. The magnitude and direction of reported associations were
similar when restricting to urban populations only.

Table 3 presents results from our exploratory mediation analysis.
Further adjustment for BMI attenuated the association between NDVI
and diabetes prevalence towards the null (aPR: 0.87, 95% CIL: 0.71,
1.06). In models for hypertension, we found a significant interaction
between NDVI and BMI (Pp; = 0.019), so we estimated prevalence ratios
at different levels of BMI. Results suggest that a joint hypothetical
intervention to increase NDVI while fixing BMI of all participants to 20
would be associated with a 13% reduced prevalence of hypertension
(aPR: 0.87, 95% CI: 0.77, 0.98). However, fixing BMI to levels above 20
would attenuate the association between NDVI and hypertension
prevalence.

In complete case analyses, associations between NDVI and NCD
outcomes remained largely unchanged (Table B1). There were however
a few differences: a 0.11 unit increase in NDVI was associated with 20%
lower odds of hypertension (aOR: 0.80, 95% CI: 0.68, 0.93), remaining
statistically significant after multiple testing in urban sites only. Asso-
ciations between NDVI and allostatic load in complete case analysis
were of similar magnitude but not statistically significant following
Bonferroni correction for multiple testing.

E-values for point estimates and 95% confidence intervals are re-
ported in Table B2. Estimates for BMI, overweight/obesity, and allo-
static load would require moderate amounts of unmeasured
confounding bias to attenuate point estimates to the null or shift confi-
dence intervals to contain 1 (point estimates range: 1.59-1.76, confi-
dence intervals range: 1.39-1.44). An omitted variable would have to be
associated with a 59%-76% increased relative risk or prevalence
comparing exposed to unexposed, conditional on covariates, to atten-
uate point estimates to the null. E-values for estimates and confidence
intervals did not change following restriction to urban sites.

4. Discussion

In this multi-country sample of urban and rural study participants in
SSA, we observed statistically significant inverse associations between
NDVI and a number of NCDs and risk factors. Participants in locations
with higher NDVI had lower BMI and lower allostatic load based on
cardiovascular components. Though we observed an inverse association



H.S. Iyer et al. Environmental Research xxx (xxxx) xxx

Table 2
Cross-sectional associations between Normalized Difference Vegetation Index (0.11 unit increase) and components of allostatic load using multiple imputation® among
participants from four sites in three Sub-Saharan African countries.

Outcome Total Population (N = 1178) Urban Population (N = 978)
B (95% CI) OR (95% CI) p B (95% CI) OR (95% CI) P
BMI (continuous)
Unadjusted —1.65 (—1.84, —1.45) <.0001 -1.87 (-2.17, —1.58) <.0001
Age + Sex —1.38 (-1.58, —1.17) <.0001 —1.52 (—1.84, —1.21) <.0001
Full Adjustment” ~1.01 (-1.35, —0.67) <.0001¢ —0.97 (-1.37, —0.57) <.0001¢
Overweight/Obese
Unadjusted 0.57 (0.53, 0.62) <.0001 0.52 (0.46, 0.58) <.0001
Age + Sex 0.64 (0.58, 0.70) <.0001 0.60 (0.53, 0.68) <.0001
Full Adjustment” 0.73 (0.62, 0.85) <.0001¢ 0.73 (0.63, 0.85) <.0001¢
Diabetes
Unadjusted 0.87 (0.79, 0.97) 0.0153 0.74 (0.63, 0.87) 0.0003
Age + Sex 0.93 (0.83, 1.05) 0.2381 0.76 (0.64, 0.91) 0.0032
Full Adjustmentb 0.77 (0.62, 0.96) 0.0193 0.77 (0.62, 0.95) 0.0167
Hypertension
Unadjusted 0.68 (0.63, 0.74) <.0001 0.75 (0.68, 0.82) <.0001
Age + Sex 0.76 (0.70, 0.82) <.0001 0.84 (0.75, 0.94) 0.0017
Full Adjustmenth 0.92 (0.80, 1.05) 0.1996 0.91 (0.79, 1.04) 0.1531
Cholesterol (continuous)®
Unadjusted —0.24 (—0.30, —0.18) <.0001
Age + Sex —0.17 (-0.23, —0.11) <.0001
Full Adjustmen’[h 0.04 (-0.07, 0.14) 0.4875
Cholesterol (binary)“
Unadjusted 0.99 (0.90, 1.11) 0.9252
Age + Sex 1.07 (0.95, 1.20) 0.2626
Full Adjustrnentb 1.15(0.93, 1.42) 0.2093
Allostatic Load
Unadjusted
0 (Low)
1 0.86 (0.79, 0.94) 0.0016 0.80 (0.71, 0.91) 0.0005
2 0.66 (0.58, 0.75) <.0001 0.60 (0.50, 0.70) <.0001
>3 (High) 0.61 (0.52, 0.70) <.0001 0.58 (0.48, 0.69) <.0001
Age + Sex
0 (Low) Ref
1 0.94 (0.86, 1.04) 0.1376 0.90 (0.78, 1.03) 0.1376
2 0.74 (0.65, 0.84) <.0001 0.66 (0.55, 0.79) <.0001
>3 (High) 0.69 (0.59, 0.81) <.0001 0.66 (0.54, 0.8) <.0001
Full Adjustment”
0 (Low) Ref
1 0.87 (0.74, 1.02) 0.1702 0.88 (0.74, 1.05) 0.1702
2 0.67 (0.52, 0.85) 0.0004" 0.65 (0.51, 0.82) 0.0004"
>3 (High) 0.66 (0.52, 0.85) 0.0014¢ 0.67 (0.52, 0.85) 0.0014"

@ Imputation models were fit using multiple chained equations to impute missing data for body mass index and the following covariates: age, sex, educational
attainment, fuel source, marital status, NDVI, smoking status, site.

b Multiple regression models were fit for categorical (multinomial logistic), binary (logistic) or continuous (linear) outcome variables, using the following covariates:
age, sex, educational attainment, fuel source, marital status, smoking status, site, seeking health care in private sector.

¢ Since cholesterol was missing for one site (peri-urban Uganda), these models were fit only on remaining sites (Tanzania, South Africa, and Rural Uganda) with a
sample size of 903.

4 p < 0.05 after Bonferroni correction applied to final fully adjusted outcome models (the p-value cutoff for Bonferroni correction = 0.05/12 outcomes = 0.0042).
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Table 3

Environmental Research xxx (xxxx) xxx

Cross-sectional associations between Normalized Difference Vegetation Index (0.11 unit increase) and non-communicable disease prevalence using log-linear models
using multiple imputation® to evaluate mediation by body mass index among participants from four sites in three Sub-Saharan African countries.

Outcome Total Population (N = 1178) Urban Population (N = 978)
B (95% CD) aPR (95% CI) p B (95% CI) aPR (95% CI) p
Diabetes
Full Adjustment 0.80 (0.65, 0.98) 0.030 0.80 (0.65, 0.97) 0.026
Full + BMI” 0.87 (0.71, 1.06) 0.17 0.86 (0.71, 1.06) 0.16
Hypertension
Full Adjustment 0.95 (0.86, 1.05) 0.32 0.95 (0.86, 1.04) 0.27
Full + BMI” 0.98 (0.89, 1.09) 0.75 0.98 (0.88, 1.08) 0.64
BMI: 20° 0.87 (0.77, 0.98) 0.025 0.87 (0.77, 0.99) 0.029
BMI: 25° 0.93 (0.85, 1.01) 0.10 0.93 (0.85, 1.01) 0.088
BMI: 30° 0.99 (0.92, 1.07) 0.83 0.99 (0.92, 1.06) 0.71
Cholesterol (continuous)
Full Adjustment 0.04 (-0.07, 0.14) 0.49
Full + BMI” 0.02 (—0.08, 0.13) 0.66
Cholesterol (binary)
Full Adjustment 1.11 (0.92, 1.34) 0.28
Full + BMI” 1.09 (0.90, 1.32) 0.37

Abbreviations Normalized Difference Vegetation Index (NDVI), Body Mass Index (BMI), PR (prevalence ratio).
# Imputation models were fit using multiple chained equations to impute missing data for BMI and the following covariates: age, sex, educational attainment, fuel

source, marital status, NDVI, smoking status, site.

® Multiple log-linear regression models were fit for the outcome, using the following covariates: age, sex, educational attainment, fuel source, marital status, smoking

status, site, seeking health care in private sector, BMI.

¢ Multiple log-linear regression models were fit for prevalence of hypertension, using the following covariates: age, sex, educational attainment, fuel source, marital
status, smoking status, site, seeking health care in private sector, interaction between BMI and NDVI (P, = 0.019 for Total Population, Py, = 0.042 for Urban

Population).

between NDVI and prevalence of diabetes, this finding was not statis-
tically significant after accounting for multiple testing. The strength of
associations between NDVI and NCDs were attenuated following
adjustment for BMIL, suggesting that BMI could play an explanatory role,
though this cannot be confirmed in our cross-sectional study. Restricting
analyses to urban sites alone did not change our inference.

Our results are largely in agreement from studies of neighborhood
greenness, BMI and diabetes conducted in other parts of the world.
Following results from a large cross-sectional study in Australia
(Astell-Burt et al., 2014), several authors have reported an association
between NDVI and lower odds of diabetes. A recent meta-analysis
summarizing evidence across multiple studies investigating health ef-
fects of exposure to green spaces estimated higher greenness exposure
was associated with 28% lower odds of type II diabetes (aOR: 0.72, 95%
CI: 0.61, 0.85) (Twohigg-Benett and Jones 2018). In addition, others
have previously reported inverse associations between NDVI and BMI
(James et al., 2015; Villeneuve et al., 2018). Studies in Europe and China
have reported inverse associations between NDVI and glucose levels in
children and adults, consistent with our findings (Tamosiunas et al.,
2014; Thiering et al., 2016; Yang et al., 2019a,b).

We did not observe statistically significant associations between
NDVI and hypertension or cholesterol. While studies from high income
countries consistently report increased levels of neighborhood greenness
are associated with lower cardiovascular disease (Wang et al., 2019),
evidence of the relationship between neighborhood greenness, blood
pressure and hypertension is mixed (Brown et al., 2016; Twohigg-Benett
and Jones 2018). Studies in Korea and China reported lower levels of
lipidemia associated with increasing neighborhood greenness (Kim
et al., 2016; Yang et al., 2019a,b), while a study among 10-15 year old
children in Lithuania using NDVI as greenness exposure found no as-
sociation (Markevych et al., 2016). Another cross-sectional study in
China reported associations between neighborhood greenness and lower
hypertension prevalence, but did not control for income (Jia et al.,
2018). While we did not observe an association between NDVI and total
cholesterol, others have reported inverse associations between NDVI
and high-density lipoprotein cholesterol (Egorov et al., 2017) and high
overall levels of cholesterol (Plans et al., 2019). Future studies
employing prospective designs, that take advantage of recent de-
velopments in wireless technologies and mobile phone based

applications to measure the environment and behaviors, could clarify
the relationship between NDVI, hypertension, and cholesterol in SSA.
Our exploratory mediation analysis suggests that BMI, a modifiable
lifestyle risk factor, could explain the inverse associations between
neighborhood greenness and cardiometabolic risk factors in this African
population. An important omitted variable in this analysis is physical
activity, which we were unable to evaluate due to site-level differences
in physical activity assessment. Rural populations in SSA experience
much higher levels of physical activity compared to urban populations
due to differences in occupation (agricultural work vs office work) and
modes of travel (biking or walking vs motorized transport) (Guwatudde
et al., 2016; Mashili et al., 2018). In our study, physical activity would
be expected to be associated with both NDVI and cardiometabolic risk
and therefore could have led to confounding in our primary analysis and
mediation analysis. The fact that associations between NDVI and NCDs
in our study did not change when restricting to urban populations sug-
gests that differences in unmeasured physical activity between sites
cannot completely explain our findings. It is possible that the association
between neighborhood greenness and physical activity is weaker in an
African population, and varies based on geography. Cross-sectional
studies in Europe and New Zealand evaluating the role of physical ac-
tivity as a mediator of the effect of neighborhood greenness on cardio-
vascular disease and mortality generally have found little explanatory
power (Richardson et al., 2013; Lachowycz and Jones 2014). A Chinese
study reported strong inverse associations between neighborhood
greenness and physical activity, but did not control for income, an
important confounder (Jia et al., 2018). Longitudinal designs incorpo-
rating precise physical activity measurements could improve assessment
of this modifiable pathway through which neighborhood greenness
could influence cardiometabolic health in African and other settings.
Additional limitations of our study include its cross-sectional design
which hampers causal inference. Our study further relied on discrete,
spatially diffuse locations, assuming that these locations (villages and
schools) would be sufficient to capture relevant exposure to neighbor-
hood greenness. If such exposure occurs outside these locations, we
could introduce non-differential exposure measurement error. For dia-
betes and hypertension, self-reports could have led to outcome
misclassification. Higher NCD detection in urban compared to rural
areas is possible, and since urban areas had lower NDVI, failure to
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account for this relationship could have resulted in residual bias. Control
for factors associated with urbanicity, NDVI and NCDs, and our sensi-
tivity analysis restricting to urban sites should mitigate this bias. While
NDVI is an objective measure of neighborhood greenness, it does not
capture specific types of vegetation that could drive the associations,
which would be needed to develop interventions. Study participants
represent a unique mix of urban vs rural, as well as occupational-vs
population-based samples, which limits the overall generalizability of
these findings because population characteristics may vary in other
African settings. Future studies should explore more detailed residential
histories and assess movement patterns at the individual-rather than
area-level.

5. Conclusions

We found that higher levels of neighborhood greenness are associ-
ated with lower BMI, overweight/obesity, and lower cardiometabolic
allostatic load in a multi-country study of participants from South Af-
rica, Tanzania and Uganda, supporting evidence from other countries.
There was no association between neighborhood greenness and hyper-
tension or cholesterol. Excluding rural participants did not change study
findings. Studies with prospective follow-up and more detailed mea-
surement of contextual environmental exposure are needed to
strengthen evidence for these associations. Given growing interest in
green infrastructure and urban planning for public health in SSA,
confirmation could help inform evidence-based urban public health
interventions to control NCD burden in SSA.
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