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Abstract

Nighttime Light Emission (NLE) is associated with diminished mental and physical health. The present study examines how
NLE and associated urban features (e.g., air pollution, low green space) impact mental and physical wellbeing. We included
200,393 UK Biobank Cohort participants with complete data. The study was carried out in two steps. In Step1, we assessed
the relationship between NLE, deprivation, pollution, green space, household poverty and mental and physical symptoms.
In Step2, we examined the role of NLE on environment-symptom networks. We stratified participants into high and low
NLE and used gaussian graphical model to identify nodes which bridged urban features and mental and physical health
problems. We then compared the global strength of these networks in high vs low NLE. We found that higher NLE associated
with higher air pollution, less green space, higher economic and neighborhood deprivation, higher household poverty and
higher depressed mood, higher tiredness/lethargy and obesity (R ining mean = 02624, Pysining mean <-0015 Riggt_mean =0.2619,
Piest_mean <-001). We also found that the interaction between environmental risk factors and mental, physical problems (over-
all network connectivity) was higher in the high NLE network than in the low NLE network (t=0.7896, P <.001). In areas
with high NLE, economic deprivation, household poverty and waist circumference acted as bridge factors between the key
urban features and mental health symptoms. In conclusion, NLE, urban features, household poverty and mental and physical
symptoms are all interrelated. In areas with high NLE, urban features associate with mental and physical health problems
at a greater magnitude than in areas with low NLE.
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Introduction

Fifty-five percent of the world’s population lives in urban
areas and this is estimated to increase to 65% by 2050
(Heilig, 2012). Although urban areas provide beneficial
possibilities, such as employment and access to public ser-
vices, urban lifestyle is also associated with higher mental
and physical health problems (Nieuwenhuijsen, 2016). With
regard to mental health problems, the assumption is that fea-
tures of the urban areas contribute to psychological distress.

Urban Lifestyle and Mental Health

Urban areas are characterized by heavy traffic and hence,
a higher emission of air pollutants (e.g., NO,, NOx and
PM, 5), that is associated with 18-39% increased odds of
common mental health problems (e.g., fatigue, sleep prob-
lems, irritability, depression, anxiety) (Bakolis et al., 2020).
Urban areas are also associated with less green space, which
is a risk factor for depression symptoms (Sarkar et al., 2018).
Exposure to green space has been shown to have stress-
relieving effects especially within urban areas. Theories
posit that these stress-relieving effects are a result of our
histories being human beings evolved primarily within
nature, and thus are suggested to be inherently biophilic
(attracted to nature; Hartig et al., 2003; Herzog et al., 2003;
Kaplan & Kaplan, 1989; Ulrich et al., 1991; Ulrich, 1983).
Indeed, more time spent in green space is associated with
better mental health (van den Berg et al., 2016). This has
relevance during the COVID-19 pandemic, in which low
exposure to nature (i.e. green space) acted as a barrier to
psychological resilience, whereas high exposure to nature
facilitated psychological resilience (Tanhan, 2020).

Urban Lifestyle and Physical Health

The associations between urban lifestyle and physical health
(e.g., obesity and physical activities) in urban areas are more
complex. On the one hand, proximity to fast food within
densely populated areas associates with higher obesity
(Bodor et al., 2010). On the other hand, services and shops
within short distances encourage travelling by walking and
cycling, and leads to more energy expenditure (i.e. physical
exercise, Saelens et al., 2003).

Nighttime Light Emission and Mental, Physical
Health

An important urban feature, gaining recent attention, that
relates to both mental and physical health, is nighttime light
emission (NLE), which can be detected by remotely sensed
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imagery. NLE may disturb the day/night circadian rhythm,
via the suprachiasmatic nucleus, which receives input from
photosensitive retinal ganglion cells, and which projects
axons to emotion-related brain regions, e.g., prefrontal
cortex (Sylvester et al., 2002). Indeed, NLE is found to be
associated with higher anxiety, depressive symptoms and
suicidal ideation or attempt (Min & Min, 2018; Paksarian
et al., 2020). Of interest, NLE also positively associates with
obesity, perhaps through disrupted regulation of the diurnal
metabolic rhythm of insulin and glucagon (Albreiki et al.,
2017). A population-based survey has indeed reported an
association between NLE and obesity (Koo et al., 2016).

Nonetheless, it is important to note that NLE co-occurs
with other urban features that are also linked to mental and
physical health problems. For example, higher NLE associ-
ates with higher air pollution due to vehicle exhaust emis-
sions (e.g., PM, 5) (Helbich et al., 2020). Previous studies
have also shown that vehicle exhaust emissions correlate
with higher depression and rates of suicide, which may be
due to neuroinflammation process triggered by the fine par-
ticles (Braithwaite et al., 2019).

Purpose of the Paper

Given the intertwining of NLE and urban features and their
combined associations with mental and physical health
problems, we sought to examine these variables within an
integrative analytic framework. In such a framework, our
guiding framework was syndemic theory, in which two
or more risk factors act synergically and contribute to the
diminished health condition (Mendenhall et al., 2017). We
further broadened this theory by hypothesizing that two and
more health problems will be clustered in an environment
with multiple risk factors.

We thus examined the simultaneous relationships between
NLE, pollution, green space, economic and neighborhood
deprivation, depression and anxiety symptoms, sleep pat-
terns, BMI, waist circumference and physical activity. The
first aim of this study was to identify whether these variables
simultaneously associate with each other. The second aim
was to assess whether the key urban features are associated
with mental and physical health problems to a greater mag-
nitude at high versus low levels of NLE.

Materials and Methods
Analytical Sample
UK Biobank Project

UK Biobank (UKBB) is a population-based cohort includ-
ing more than 500,000 adults (5.5% response rate) who live
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in the United Kingdom (UK). The data collected at base-
line (2006-2010) was used in this study. To minimize the
confounding effects from the potential genetic-predisposed,
ethnicity-specific circadian rhythms (Eastman et al., 2015;
Egan et al., 2017; Malone et al., 2016), we selected for
inclusion only white participants who had been living at
the same address in England for at least three years. Partici-
pants for whom remote-sensing derived information, urban
features, and individual wellbeing factors were available
were included in the study, resulting in a total of 200,393
participants. UK Biobank received ethical approvals from
the North West Multi-center Research Ethics Committee.
The detailed cohort protocol, scientific rationale, and study
design are described elsewhere (Sudlow et al., 2015).

Geo-Position Data Acquisition

The location information for each participant is based on
the postcode associated with their home address, which was
converted to east and north coordinates in the Ordnance Sur-
vey (OSGB) reference, rounded to the nearest 1 km and then
converted into geographic longitude and latitude.

NLE Data Acquisition

NLE data was collected by sensors onboard DMSP/OLS
(The Defense Meteorological Program/Operational Line-
Scan System) NTL (Version 4) provided by the Earth Obser-
vation Group (EOG) of the Payne Institute for Public Policy,
Colorado School of Mines (Baugh et al., 2010; Elvidge

10w 5w o
A ) /
60'N 7 [60'N
mean NLE
0-5
5-10
10-20
2030
30-40
40-50
50-60
60-70
56N . ‘, kss'N
a
o
50°N: | 50N
10W W o

et al., 1997), which includes annual NLE composites from
1992 to 2013. OLS data has been leveraged in the litera-
ture, for example, to monitor human settlements, popula-
tion growth, socio-economic activity, energy consumption
and the ecological footprint of human activity (Huang et al.,
2014; Small et al., 2005). With 14 orbits per day, each OLS
captures every location on Earth every 24 h, with a swath
width of ~3000 km and a spatial resolution of 30 arc sec
(1 km). The digital number (DN) of the calibrated light
intensity of each OLS pixel ranges from 0 to 63. DMSP/
OLS data was extracted from Google Earth Engine (GEE)
(https://earthengine.google.com/), a cloud-based platform
for planetary-scale analysis. Since we were interested in the
effect of long-term NLE exposure on individual wellbeing,
we calculated per-pixel mean value of NLE throughout the
baseline period (a mean value was calculated for each pixel
across five annual composites collected by F16 satellite (for
2006, 2007, 2008 and 2009) and F18 satellite (for 2010).
The distribution of the NLE samples is illustrated in Fig.1.

Categories for Urban Features

Urban feature measures are derived from participants’ liv-
ing addresses and available from UKBUMP (Sarkar et al.,
2015). A set of 275 urban feature measures was selected,
which included measures of air and sound pollution, acces-
sibility to green spaces, indexes for economic deprivation,
indexes for neighborhood deprivation, different measures
for land-use density (e.g., health care, factory, public ser-
vice), and slope. To reduce the total set of variables, we
first grouped variables of like into categories. For example,
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Fig. 1 The NLE used in this study is the five-year mean NLE value (2006-2010). a) Geographical distribution of the samples (n=200,393) in
this study. b) The histogram of the samples (n=200,393) based on the five-year mean NLE value
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“close to major road”, “inverse distance to the nearest major
road” were grouped into “traffic”; “nitrogen dioxide”, “nitro-
gen oxides”, “PM2.5", and “PM10” were grouped into “air
pollution”. The complete set of grouped variables and their
constituent measures is presented in Table S1 in the Sup-
plementary Online Content. After z-normalizing these vari-
ables, a PCA was carried out for each group. Only measures
that had a positive loading equal to or greater than 0.3 in the
first component were retained. The first component was used

as the score for each category.
Individual Wellbeing Factors

The individual wellbeing factors included three main
domains:

(1) Mental wellbeing (nine measures of depression and
anxiety symptoms); (2) Physical wellbeing (four measures of
obesity, three measures of physical activity and six measures
of sleep pattern); (3) Economic wellbeing (one measure of
household poverty). All measures were extracted from the
UKBB baseline. The complete description of these indi-
vidual wellbeing factors is provided in Table S2 in the Sup-
plementary Online Content.

Depression and anxiety symptoms. Depression and
anxiety symptoms were extracted from the Mental Health
category in UKBB. Depression symptoms included: “Fre-
quency of depressed mood in last two weeks”, “Frequency
of unenthusiasm/disinterest in last two weeks”, “Frequency
of tenseness/restlessness in last two weeks”, and “Frequency
of tiredness/lethargy in last two weeks”. Anxiety symptoms
included “Irritability”, “Nervous feelings”, “Worrier / anx-
ious feelings”, “Tense/‘highly strung’”, and “Worry too long
after embarrassment”.

Obesity Measures The obesity measures included body
weight (Kg), body mass index (Kg/m?), waist circumfer-
ence, and body fat percentage (bioelectric impedance).
Waist circumference was assessed by the UKBB research
staff with a measuring tape while participants stood upright
with their arms crossed on their chest. Body fat percentage
was assessed using Tanita BC418MA body composition
analyzer, ranging from 1% to 75% in 0.1% increments.

Physical Activity Participants were asked how many days in
a typical week they engaged in vigorous physical activity,
moderate physical activity, or walking for more than 10 min.
Vigorous physical activity was described as activities that
“make people sweat or breathe hard”, e.g., “fast cycling,
aerobics, heavy lifting”. Moderate physical activity was
described as “carrying light loads, cycling at a normal pace”.

Sleep Pattern “Sleeplessness/insomnia” was defined based
on the difficulty of falling asleep and continuing sleeping.

@ Springer

“Getting-up in the morning” was based on the self-reported
difficulty of getting up in the morning. Participants were
asked whether they took a nap and how likely it was that they
fell asleep unintentionally during the daytime. “Snoring”
was assessed based on the self-reported complaints from
partners or friends, and “Sleep duration” was defined as the
number of hours participants slept within a 24 h period.

Household Poverty Economic wellbeing at the individual
level was represented by household poverty. According to
the average total yearly household income before tax, par-
ticipants were categorized into five income categories (less
than £18,000, £18,000 to £29,999, £30,000 to £51,999,
£52,000 to £100,000, greater than £100,000). The factor
for household poverty was inversely coded based on these
income categories.

Population Density Population density was based on the
attribute “Home area population density - urban or rural”,
which combines the home postcode of each participant
with data derived from the 2001 census from the Office of
National Statistics, utilizing the Geoconvert tool from Cen-
sus Dissemination Unit. In UKBB, population density has
five categories: Urban, Town and Fringe, Village, Hamlet,
and Dwelling.

Covariates NLE was controlled for age, gender, and popula-
tion density. Categories for urban features were controlled
for age, gender, and population density. Individual wellbeing
factors were controlled for age, gender, population density,
and assessment centers.

Statistical Methods

Stepl. Linking NLE to urban features and individual
wellbeing factors by using msCCA

In Stepl, we did a multiple sparse canonical correlation
analysis (msCCA) with an in-sample validation to establish
the relationship between NLE, urban feature categories, and
individual wellbeing factors. This analysis was conducted
in Matlab (R2018b). Canonical correlation analysis (CCA)
is a statistical method used to identify multivariate linear
associations between two sets of variables, often referred to
as data ‘views’. The results of CCA can be hard to interpret
since all variables are typically associated with non-zero
weights. To enhance interpretability, L, penalty is introduced
to CCA, termed sCCA (Witten & Tibshirani, 2009) and neg-
ligible non-zeros loadings are forced to take an exact zero
value. An extension of sSCCA, multiple sparse canonical cor-
relation analysis (msCCA) was designed to accommodate
data with more than two views while still imposing sparsity
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Fig.2 Conceptual framework of the analysis. 1. msCCA was con-
ducted on NLE, 44 urban features and 23 individual wellbeing fac-
tors in the training set (n=160,315). 2. In the training set, stability
selection with random sparsity was conducted 1000 times. Six urban
features and six individual wellbeing factors had non-zero loadings
above 75% of the trials, and were considered as stable variables. The
correlations between NLE, six stable Urban Features and six sta-

on each view to enhance interpretability (Ing et al., 2019;
Tenenhaus et al., 2014).

In this study, a hold-out design was used to obtain an
unbiased estimate of model performance. Participants were
randomly divided into a training set (80%, n=160,315) and
a test set (20%, n=40,078). A stability selection process
with 50% subsampling and random sparsity for 1000 times
was conducted in the training set to identify stable urban
features categories and individual wellbeing factors (Fig.2).
Urban features and individual wellbeing factors appeared
with non-zero loadings in more than 75% of the stability
selection subsampling trials was considered stable (Mein-
shausen & Biihlmann, 2010). Then, msCCA was applied to
the whole training dataset using the stable predictors without
imposing any sparsity. This step is for ascertaining the cor-
relation coefficient value and the loadings of the stable urban
feature categories and individual wellbeing factors. For vali-
dation, the loadings generated from the training set were
applied to the test set to generate the correlation coefficient
of the test set. To ascertain the significance level, permuta-
tion tests for 1000 times were conducted for the results of
the training set and the test set.

~

Validation of the msCCA model in test set 4

3/
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Analysis
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Exposure of NLE Exposure of NLE

ble Individual Wellbeing Factors were computed. 3. The model was
validated in the test set (n=40,078), to ensure no overfitting had
occurred. 4. Top 25% NLE samples and bottom 25% NLE samples
were extracted from the test set for network analysis, to assess the
difference between symptom network in high NLE and symptom net-
work in low NLE

Step2. Using network analysis to identify the variables
bridging environment and mental-physical symptoms.

Using network analysis, in Step2 we examined how the
environment and mental-physical symptoms interact with
each other at high and low levels of NLE exposure. To avoid
double-dipping, Step2 was only conducted with the test set.
Participants in the test set (n=40,078) who were exposed to
the NLE greater than 75th percentile NLE value (top 25%,
n=10,020) and the ones exposed to the NLE lower than 25th
percentile NLE values (the bottom 25%, n=10,020) were
selected for network analysis (Fig.2).

The identified stable urban feature categories and indi-
vidual wellbeing factors from Stepl were regrouped into two
communities for network analysis: environment and mental-
physical symptoms. The environment community indicators
included: air pollution, green space, economic deprivation,
neighborhood deprivation, distance to education, distance
to public services, and household poverty. Mental-physical
symptoms included: depressed mood, unenthusiasm/disin-
terest, tiredness/lethargy, waist circumference, and nap dur-
ing day.
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Gaussian Graphical Model (GGM) was estimated for
each participant group by using the ggmModSelect func-
tion implemented in the R package, ggraph (Epskamp et al.,
2012). Being a partial correlation network, every edge
between two nodes in a GGM network indicates a condi-
tional independence association, namely, an association after
controlling for all other nodes in the network (Schellekens
et al., 2020). For evaluating the importance of each node (i.e.
centrality), we used the R package networktools to compute
the 1-step bridge expected influence, which is the sum of
all edge weights linking the given node to all nodes in other
predefined communities (Jones et al., 2021; Opsahl et al.,
2010). Keeping the original signs of edge weights, the 1-step
bridge expected influence can be regarded as a cumulative
influence on the whole network activation (Robinaugh et al.,
2016). Nodes with the top 20% of the value of the 1-step
bridge expected influence were considered as bridge nodes
in the network. The stability of the networks was estimated
by case-dropping bootstrapping (n boots = 1000) using the
R package bootnet (Epskamp et al., 2018). To statistically
assess the difference between networks at the high and low
levels of NLE exposure, we employed the permutation-based
Network Comparison Test (NCT) (van Borkulo et al., 2016).
This test evaluates the difference in network structure and
global strength. The latter is defined as the weighted abso-
lute sum of all the edges in a network, estimating the over-
all connectivity among nodes within a given network. All

network analysis was conducted in RStudio (R_Core_Team,
2013).

Results
Descriptive Statistics

The sample consisted of 200,393 participants (49.51%
male). Mean age, mean NLE exposure, information on quali-
fications, partnership, and household income are presented
in Table 1.

Stepl. NLE is associated with key urban features and
diminished individual wellbeing.

In Stepl, we found that NLE is associated with
key urban features and diminished individual well-
being (Rtraining_mean = 02624’ Ptraining_mean < 001’
Riest_mean =0-2619, Piogi nean <-001) (Fig.3).

Among 44 urban features categories, six are key urban
features: air pollution, lower green space, economic depri-
vation, neighborhood deprivation, shorter distance to edu-
cation and public services. Six of 23 individual wellbeing
factors contributed to diminished individual wellbeing.
Household poverty contributed the most to the diminished
individual wellbeing. Factors from the mental wellbeing
included: “Frequency of depressed mood in the last two

Table 1 Demographics of the

Whole data Training set Test set High NLE Low NLE
data sets

Number 200,393 160,315 40,078 10,020 10,020
Gender (male) No.(%) 99,218(49.51)  79,294(49.46)  19,924(49.71) 5217(52.07) 5026(50.16)
Age (SD) 56.46(7.94) 56.47(7.93) 56.41(7.96) 57.69(7.53) 56.61(7.88)
Mean NLE(SD) 53.46(13.00) 53.48(13.00) 53.41(12.99) 59.79(7.03) 36.90(13.70)
Qualifications No.(%)
College/University 69,983(34.92) 55,865(34.85) 14,118(35.23) 3931(39.23) 3566(35.59)
A level/AS levels 24,191(12.07)  19,350(12.07) 4841(12.08)  1074(10.72) 1362(13.59)
O level/GCSEs 45,475(22.69)  36,433(22.73)  9042(22.56)  1927(19.23) 2326(23.21)
CSEs 10,897(5.44) 8712(5.43) 2185(5.45) 453(4.52) 504(5.03)
NVQ/HND/HNC 13,480(6.73) 10,792(6.73) 2688(6.71) 640(6.39) 675(6.74)
Other qualifications 9999(4.99) 8047(5.02) 1952(4.87) 469(4.68) 513(5.12)
None of above 26,368(13.16)  21,116(13.17)  5252(13.10)  1526(15.23) 1074(10.72)
Partnership No.(%)
Living alone 29,050(14.50)  23,241(14.50) 5809(14.49)  1898(18.94) 1128(11.26)
Living with a partner 158,665(79.18) 126,984(79.21) 31,681(79.05) 7421(74.06) 8366(83.49)
Household income No.(%)
>£100,000 12,124(6.05) 9647(6.02) 2477(6.18) 858(8.56) 596(5.95)
£52,000 to £100,000 45,841(22.88)  36,747(22.92)  9094(22.69)  2105(21.01) 2491(24.86)
£30,000 to £51,999 55,278(27.58) 44,071(27.49) 11,207(27.96) 2511(25.06) 2971(29.65)
£18,000 to £29,999 50,528(25.21)  40,436(25.22) 10,092(25.18) 2478(24.73) 2549(25.44)
< £18,000 36,622(18.28)  29,414(18.35) 7208(17.98)  2068(20.64) 1413(14.10)

@ Springer




Current Psychology

»
X NLE 8 %,
(,;" %y o‘:/l/
6)%6) ¥ \4/(\/ (\/Lb\
,/Q' q;\'\v h/\\ 0\0.0\?
K& 8, Vg
°<j\,/ {,Q. ’ZcP %, 0**
RN
S
) R =0.2624**
Qs training_mean™ ¥ * .
Riest_mean=0-2619%* Diminished

Kev Urb Individual Wellbeing

ey Urban
Features Depressed mood 0.2661
Ai i . . ..

ir pollution 0.3792 Unenthusiasm/disinterest 0.2712
Green space -0.4112
Economic deprivation 0.3858 Riraining_ur_iw=0.1478** Tiredness/lethargy 0.2741

. — R =0.1469** .
Neighborhood deprivation 0.3717 test_UF_IW Nap during day 0.2189)
Distance to education -0.445 Waist circumference 0.2902
Distance to public services -0.4495
Household poverty 0.8052
**p<,001

Fig.3 The relationship between NLE, key urban features and dimin-
ished individual wellbeing. The values of Ryining x1_x2 a0d Rieg x1_x2
correspond to the correlation coefficient between any pair of views,

weeks”, “Frequency of unenthusiasm/disinterest in the last
two weeks”, and “Frequency of tiredness/lethargy in the
last two weeks”. One wellbeing factor, “Waist circumfer-
ence” belonged to the obesity measures; and one wellbeing
factor, “Nap during day”, belonged to the sleep pattern.

To eliminate the possibility that the overall rela-
tionship between these three views could be driven by
only one correlation, we further examined the rela-
tionships between each pair of views. The correla-
tions between NLE and diminished individual well-
being (Riyining NL_1w = 0.0540, Pyryining 1w <-001;
Rlest_NL_IW =0.051 8’ Ptest_NL_IW < 001)’ between
NLE and key urban features (Ryiing ni_ur=0-5855,
Piraining NL_UF<-001, Rieg np. up = 0.5871, Pieg nr, yr<-001),
and the relationship between key urban features, and
diminished individual wellbeing (Ryining ur_tw = 0-1478,
Piraining U 1w <-001; Riegy yp 1w =0.1469, Py yp 1w <.001)
were computed and validated in the test set.

Step 2 Examination and comparison of interactions
between environment and mental-physical symptoms
at high and low levels of NLE

Bridge Nodes

The top 25% NLE network (high NLE network) is pre-
sented in panel a and the bottom 25% NLE network

annotated with NL (NLE), UF (Key Urban Features) and IW (/ndi-
vidual Wellbeing). Riining mean a1 Riegt mean are the means of these
three correlation coefficients in training set and test set

(low NLE network) is presented in panel b in Fig.4. The
top 20% scoring nodes on 1-step bridge expected influ-
ence were colored in blue and labeled as “bridge” in the
networks.

There are more edges in the high NLE network than in
the low NLE network. In the high NLE network, environ-
ment nodes are connected more densely with the mental-
physical nodes. In the low NLE network, on the contrary,
there are fewer edges between environment nodes and
mental-physical nodes.

In both high and low NLE networks, household poverty
was identified as a bridge node bridging environment and
mental-physical symptoms.

In the high NLE exposure network, two other nodes,
economic deprivation and waist circumference, bridged
environment and mental-physical symptoms. In the low
NLE exposure network, neighborhood deprivation and
unenthusiasm/disinterest were identified as bridge nodes
between environment and mental-physical symptoms.

Network Structure and Node Interconnection

To quantitatively assess the difference between high and
low NLE networks, we used the network comparison test to
compare the structure and the global strength between these
two networks. The structure between high and low NLE
networks significantly differed (invariance test: t=0.2749,
P <.001). Moreover, we found that the global strength was
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Fig.4 Environment-symptom networks for participants exposed
to top 25% NLE (a) and bottom 25% NLE (b); Dpr: frequency of
depressed mood in the last two weeks; Dis: frequency of unenthu-
siasm/disinterest in the last two weeks; Trd: frequency of tiredness/

greater in the high NLE network than in the low NLE net-
work (t=0.7896, P <.001), meaning that there was a greater
interconnection between nodes in the high NLE network.

Discussion

To the best of our knowledge, this is the first study to simul-
taneously examine the relationships between NLE, urban
features and mental and physical health. In the first step of
the analysis, we found that NLE and key urban features are
associated with higher mental and physical health prob-
lems. In the second step, we found that within geographic
areas characterized by high NLE vs low NLE, in general,
the key urban features formed a tighter network with the
mental and physical health problems. More specifically,
within these comparative network models, in areas with
high NLE, economic deprivation, household poverty and
waist circumference acted as bridge factors between the key
urban features (e.g., green space, air pollution and neighbor-
hood deprivation) and mental health symptoms (e.g., dis-
interest, feeling depressed). In contrast, in areas with low
NLE, neighborhood deprivation, household poverty, and
unenthusiasm/disinterest bridged the key urban features
(e.g., economic deprivation) and mental health symptoms
(e.g., disinterest, feeling depressed), but of interest, not with
waist circumference.
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Simultaneous Association between NLE, Urban
Features and Poor Mental, Physical Health

Our findings add to existing knowledge in three ways. First,
as stated, we simultaneously examined NLE, urban fea-
tures and mental and physical health, and indeed found that
higher NLE associated with higher air pollution, lower green
space and higher economic deprivation, as well as depressed
mood, disinterest, tiredness and obesity. Previous studies
have suggested that the correlation between NLE and men-
tal, physical symptoms can be explained by the biological
role of light in circadian rhythm (Paksarian et al., 2020).
Animal studies have shown that visual pathways transmit-
ting light information also project axons to the emotion
control center; and the downstream of these pathways are
involved in metabolism, generating circadian oscillation of
hormones, including insulin, leptin (Fernandez et al., 2018;
Hattar et al., 2006; Kalsbeek et al., 2001). This neuroana-
tomical framework can explain how NLE is associated with
depressive symptoms.

Syndemic Clustering of Depression, Obesity, Poverty
in High NLE Areas

Our second set of novel findings related to the mechanisms
that may contribute to multimorbidity, or the association(s)
between mental and physical health problems. A tradi-
tional approach to multimorbidity, especially when it
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comes to the mental and physical health problems that
co-occur (e.g., depression and weight gain), often ignores
the complex social and geographic contexts in which the
multimorbidity is more likely to arise (Mendenhall et al.,
2017; Mustanski et al., 2007). A syndemic point of view
characterizes comorbidities as synergies between individu-
als and their social contexts (e.g., exposure to structural
inequalities). Here, health conditions are often clustered
within a population in certain geographic contexts with
higher risk exposures increasing vulnerabilities for disease
(Mendenhall et al., 2017). Following this line of thought,
our findings demonstrate that depression, obesity and
household poverty are syndemic in areas characterized by
high NLE, high air pollution, less accessibility to green
spaces, and economic, neighborhood deprivation. A recent
study further indicated that urban residents complained
about being forced to stay away from green spaces, and
that it made them feel more stressed (Tanhan, 2020).

Higher Urban-Symptom Interaction in High NLE
Areas

Our third novel finding relates to the network models,
where we compared the strength of connections between
the key urban features and the symptoms of mental and
physical health problems, at high and low levels of NLE.
Network analysis allows one to evaluate if these variables
form a strongly-interconnected network, where the key
urban features and mental and physical health symptoms
can influence, or activate each other (Hevey, 2018). Here,
we found that the global strength for the overall network
was higher in high NLE areas than in low NLE areas.
We also examined bridge nodes, i.e., nodes that connect
the key urban features to the mental and physical health
symptoms. Of interest, obesity was only identified at high
NLE. More specifically, economic deprivation, household
poverty and waist circumference acted as bridge nodes
between the key urban features (e.g., air pollution, green
space, and neighborhood deprivation) and the mental
health symptoms (e.g., feeling depressed, unenthusi-
asm/disinterest) at high NLE. Of interest, visceral fat,
in particular, has a strong association with depression
(Vogelzangs et al., 2008). Waist circumference is a well-
established measure for central obesity, which reflects the
accumulation of visceral fat. Excess visceral fat can lead
to inflammation, metabolic and cardiovascular diseases,
and depression (Després, 2007; Fontana et al., 2007; Zhao
et al., 2011). Possible biological pathways explaining the
co-occurrence of obesity and depressed mood, as reported
here, include inflammatory activation, disturbed hypotha-
lamic—pituitary—adrenal (HPA) axis and altered insulin
metabolism (Milaneschi et al., 2019).

In contrast, in areas with low NLE, neighborhood depri-
vation and unenthusiasm/disinterest bridged the key urban
features (e.g., economic deprivation) and mental health
symptoms (e.g., feeling depressed). But it is important
to note that economic deprivation was a key risk factor
for both low and high NLE areas. In the present study,
neighborhood deprivation included risk in the built envi-
ronment (poor housing conditions) as well as social envi-
ronment (criminal victimization). Although the causality
between poor housing and diminished mental health is
under debate, a UK study has shown decreased Housing
Benefits resulted in higher depressive symptoms for people
living within poverty (Reeves et al., 2016). These results
indicate that deprived living conditions can lead to the
deterioration of mental health. In addition, victimization is
often clustered at a micro-geographic level, termed crimi-
nal hot spots (Weisburd, 2015). Compared with non-hot
spots, hot spots are characterized not only by poverty but
also by a higher prevalence of depression (Weisburd &
White, 2019). Our results support the notion that victimi-
zation hot spots may also be linked with the development
of mental-physical symptoms, in particular, in low NLE
areas.

Limitations

The findings in this study should be interpreted in light
of numerous limitations. Firstly, the causality between
NLE and mental and physical health problems is still con-
troversial (MclIsaac et al., 2021). Although it is unlikely
that mental and/or physical health problems can cause
higher NLE, pollution, green space or economic depriva-
tion, individuals with certain heritable traits may prefer
to live in areas with higher NLE and key urban features.
Secondly, due to the collection time range of our sample
(2006-2010), we were not able to use the VIIRS-DNB
dataset (since 2012), which have 7 times better linear reso-
lution compared to DMSP/OLS (Elvidge et al., 2013). An
atlas of artificial sky luminance has been created based
on VIIRS-DNB (Falchi et al., 2016). Future studies using
more recent cohorts should employ the VIIRS-DNB
dataset to better delineate the epidemiological relation-
ship between NLE and mental, physical health prob-
lems. Thirdly, it should be noted that this study is based
on the mean NLE level throughout the baseline period,
as well as a cross-sectional slice of exposures to urban
features and experiences of mental and physical health
problems. In other words, this study does not show how
trends in urbanization (i.e. the change in urban features),
or change in NLE level can impact these mental and physi-
cal health problems. Fourthly, this study is based on the
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UK Biobank, and the results cannot be easily transferred
to developing countries. Lastly, because in this study we
did not include clinical data, the translation of its findings
to clinical contexts remains unknown.

Conclusions

In this study, we investigated the relationship between
NLE, urban features and mental and physical health. We
demonstrated that the strength of the relationship between
these variables is stronger in areas with high NLE than in
areas with low NLE. Further studies should clarify the
causality of the relationship between NLE, urban features
and mental and physical health problems. Cohorts from
developing countries should also be included in follow-
up studies, to gain a more comprehensive view of how
urbanicity is associated with an individual’s ability to
flourish and thrive across the life course.

Implication

The present study provides a new approach to identify the
environmental characteristics in which residents are likely to
develop physical and mental health problems. This type of
approach may be useful for health workers and policy deci-
sion-makers. In addition, urban designers can also take these
findings into consideration for improving urban designs that
will benefit physical and mental health. We also note that the
satellite and ground-level data-based in the present study
could help stimulate future studies, using similar measures,
examining health-environment interaction.

Of note, future studies can focus and zoom-in on the at-
risk communities with the Online Photovoice methodology
(Tanhan, 2020; Tanhan & Strack, 2020). The traditional
photovoice methodology encouraged participants to docu-
ment their environmental exposures and experiences through
taking photographs. The online version of photovoice allows
researchers to reach out the marginalized participants more
efficiently. Furthermore, the zoom-in approach, in which
the environment is further characterized by satellite meas-
urement and ground-level census data, acts as an excel-
lent data resource in addition to the Online Photovoice
documentation.
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Acknowledgments This research was conducted using the UK Biobank
resource, under application 63994. We thank the UK Biobank partici-
pants and coordinators for the data set. We also thank the support from

@ Springer

National Key R&D Program of China (Grant No.2017YFA 0604401).
We declare no competing interests.

Data Availability The behavioural data and the spatial environmental
data (UKBUMP) that support the findings of this study are available
from UK Biobank. The nightlight data (DMSP/OLS data) is available
from Google Earth Engine.

Declarations

Informed Consent UK Biobank received ethical approvals from the
North West Multi-center Research Ethics Committee, the Community
Health Index Advisory Group. Participants provided electronically
signed consent at recruitment (UK Biobank protocol, 2007).

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Albreiki, M. S., Middleton, B., & Hampton, S. M. (2017). A sin-
gle night light exposure acutely alters hormonal and metabolic
responses in healthy participants. Endocrine Connections, 6(2),
100-110. https://doi.org/10.1530/EC-16-0097

Bakolis, I., Hammoud, R., Stewart, R., Beevers, S., Dajnak, D., Mac-
Crimmon, S., Broadbent, M., Pritchard, M., Shiode, N., Fecht, D.,
Gulliver, J., Hotopf, M., Hatch, S. L., & Mudway, 1. S. (2020).
Mental health consequences of urban air pollution: Prospective
population-based longitudinal survey. Social psychiatry and psy-
chiatric epidemiology, 1-13. Advance online publication. https://
doi.org/10.1007/s00127-020-01966-x.

Baugh, K., Elvidge, C. D., Ghosh, T., & Ziskin, D. (2010). Develop-
ment of a 2009 stable lights product using DMSP-OLS data. Pro-
ceedings of the Asia-Pacific Advanced Network, 30, 114. https://
doi.org/10.7125/APAN.30.17

Bodor, J. N., Rice, J. C., Farley, T. A., Swalm, C. M., & Rose, D.
(2010). The association between obesity and urban food envi-
ronments. Journal of urban health : bulletin of the New York
Academy of Medicine, 87(5), 771-781. https://doi.org/10.1007/
$11524-010-9460-6

Braithwaite, I., Zhang, S., Kirkbride, J. B., Osborn, D., & Hayes, J. F.
(2019). Air pollution (particulate matter) exposure and associa-
tions with depression, anxiety, bipolar, psychosis and suicide risk:
A systematic review and Meta-analysis. Environmental Health
Perspectives, 127(12), 126002. https://doi.org/10.1289/EHP4595

Després, J. P. (2007). Cardiovascular disease under the influence of
excess visceral fat. Critical Pathways in Cardiology, 6(2), 51-59.
https://doi.org/10.1097/HPC.0b013e318057d4c9

Eastman, C. I., Suh, C., Tomaka, V. A., & Crowley, S. J. (2015).
Circadian rhythm phase shifts and endogenous free-run-
ning circadian period differ between African-Americans and


https://doi.org/10.1007/s12144-022-02754-3
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1530/EC-16-0097
https://doi.org/10.1007/s00127-020-01966-x
https://doi.org/10.1007/s00127-020-01966-x
https://doi.org/10.7125/APAN.30.17
https://doi.org/10.7125/APAN.30.17
https://doi.org/10.1007/s11524-010-9460-6
https://doi.org/10.1007/s11524-010-9460-6
https://doi.org/10.1289/EHP4595
https://doi.org/10.1097/HPC.0b013e318057d4c9

Current Psychology

European-Americans. Scientific Reports, 5, 8381. https://doi.org/
10.1038/srep08381

Egan, K. J., Knutson, K. L., Pereira, A. C., & von Schantz, M. (2017).
The role of race and ethnicity in sleep, circadian rhythms and
cardiovascular health. Sleep Medicine Reviews, 33, 70-78. https://
doi.org/10.1016/j.smrv.2016.05.004

Elvidge, C. D., Baugh, K. E., Kihn, E. A., Kroehl, H. W., & Davis,
E. R. (1997). Mapping city lights with nighttime data from the
DMSP operational Linescan system. Photogrammetric Engineer-
ing and Remote Sensing, 63(6), 727-734.

Elvidge, C. D., Baugh, K. E., Zhizhin, M., & Hsu, F. C. (2013). Why
VIIRS data are superior to DMSP for mapping nighttime lights.
Proceedings of the Asia-Pacific Advanced Network, 35(0), 62.
https://doi.org/10.7125/APAN.35.7.

Epskamp, S., Cramer, A. O., Waldorp, L. J., Schmittmann, V. D., &
Borsboom, D. (2012). Qgraph: Network visualizations of relation-
ships in psychometric data. Journal of Statistical Software, 48(1),
1-18. https://doi.org/10.18637/jss.v048.104

Epskamp, S., Borsboom, D., & Fried, E. I. (2018). Estimating psy-
chological networks and their accuracy: A tutorial paper. Behav-
ior Research Methods, 50(1), 195-212. https://doi.org/10.3758/
$13428-017-0862-1

Falchi, F., Cinzano, P., Duriscoe, D., Kyba, C. C., Elvidge, C. D.,
Baugh, K., Portnov, B. A., Rybnikova, N. A., & Furgoni, R.
(2016). The new world atlas of artificial night sky brightness.
Science Advances, 2(6), e1600377. https://doi.org/10.1126/sciadv.
1600377

Fernandez, D. C., Fogerson, P. M., Lazzerini Ospri, L., Thomsen, M.
B., Layne, R. M., Severin, D., Zhan, J., Singer, J. H., Kirkwood,
A., Zhao, H., Berson, D. M., & Hattar, S. (2018). Light affects
mood and learning through distinct retina-brain pathways. Cell,
175(1), 71-84. e18. https://doi.org/10.1016/j.cell.2018.08.004

Fontana, L., Eagon, J. C., Trujillo, M. E., Scherer, P. E., & Klein, S.
(2007). Visceral fat adipokine secretion is associated with sys-
temic inflammation in obese humans. Diabetes, 56(4), 1010-1013.
https://doi.org/10.2337/db06-1656

Hartig, T., Evans, G. W., Jamner, L. D., Davis, D. S., & Girling, T.
(2003). Tracking restoration in natural and urban field settings.
Journal of Environmental Psychology, 23(2), 109-123. https://
doi.org/10.1016/S0272-4944(02)00109-3

Hattar, S., Kumar, M., Park, A., Tong, P., Tung, J., Yau, K. W., & Ber-
son, D. M. (2006). Central projections of melanopsin-expressing
retinal ganglion cells in the mouse. The Journal of Comparative
Neurology, 497(3), 326-349. https://doi.org/10.1002/cne.20970

Heilig, G. K. (2012) World urbanization prospects: the 2011 revision.
United Nations, Department of Economic and Social Affairs
(DESA), Population Division, Population Estimates and Projec-
tions Section, New York 14.

Helbich, M., Browning, M., & Huss, A. (2020). Outdoor light at night,
air pollution and depressive symptoms: A cross-sectional study
in the Netherlands. The Science of the Total Environment, 744,
140914. https://doi.org/10.1016/j.scitotenv.2020.140914

Herzog, T. R., Maguire, P., & Nebel, M. B. (2003). Assessing the
restorative components of environments. Journal of Environmen-
tal Psychology, 23(2), 159-170. https://doi.org/10.1016/S0272-
4944(02)00113-5

Hevey, D. (2018). Network analysis: A brief overview and tutorial.
Health Psychology and Behavioral Medicine, 6(1), 301-328.
https://doi.org/10.1080/21642850.2018.1521283

Huang, Q., Yang, X., Gao, B., Yang, Y., & Zhao, Y. (2014). Applica-
tion of DMSP/OLS nighttime light images: A meta-analysis and
a systematic literature review. Remote Sensing, 6(8), 6844—6866.
https://doi.org/10.3390/rs6086844

Ing, A., Sdmann, P. G., Chu, C., Tay, N., Biondo, F., Robert, G, et al.
(2019). Identification of neurobehavioural symptom groups based

on shared brain mechanisms. Nature Human Behaviour, 3(12),
1306-1318. https://doi.org/10.1038/s41562-019-0738-8

Jones, P. J., Ma, R., & McNally, R. J. (2021). Bridge centrality: A
network approach to understanding comorbidity. Multivariate
Behavioral Research, 56(2), 353-367. https://doi.org/10.1080/
00273171.2019.1614898

Kalsbeek, A., Fliers, E., Romijn, J. A., La Fleur, S. E., Wortel, J.,
Bakker, O., Endert, E., & Buijs, R. M. (2001). The suprachias-
matic nucleus generates the diurnal changes in plasma leptin lev-
els. Endocrinology, 142(6), 2677-2685. https://doi.org/10.1210/
endo.142.6.8197

Kaplan, R., & Kaplan, S. (1989). The experience of nature: A psycho-
logical perspective. Cambridge university press.

Kellert, S. R., & Wilson, E. O. (1993). The biophilia hypothesis.

Koo, Y. S., Song, J. Y., Joo, E. Y., Lee, H. J, Lee, E., Lee, S. K.,
& Jung, K. Y. (2016). Outdoor artificial light at night, obesity,
and sleep health: Cross-sectional analysis in the KoGES study.
Chronobiology International, 33(3), 301-314. https://doi.org/10.
3109/07420528.2016.1143480

Malone, S. K., Patterson, F., Lu, Y., Lozano, A., & Hanlon, A. (2016).
Ethnic differences in sleep duration and morning-evening type in
a population sample. Chronobiology International, 33(1), 10-21.
https://doi.org/10.3109/07420528.2015.1107729

Mclsaac, M. A., Sanders, E., Kuester, T., Aronson, K. J., & Kyba,
C. (2021). The impact of image resolution on power, bias, and
confounding: A simulation study of ambient light at night expo-
sure. Environmental epidemiology (Philadelphia, Pa.), 5(2), e145.
https://doi.org/10.1097/EE9.0000000000000145

Meinshausen, N., & Biithlmann, P. (2010). Stability selection. Journal
of the Royal Statistical Society: Series B (Statistical Methodol-
ogy), 72(4), 417-473. https://doi.org/10.1111/j.1467-9868.2010.
00740.x

Mendenhall, E., Kohrt, B. A., Norris, S. A., Ndetei, D., & Prabha-
karan, D. (2017). Non-communicable disease syndemics: Poverty,
depression, and diabetes among low-income populations. Lancet
(London, England), 389(10072), 951-963. https://doi.org/10.
1016/S0140-6736(17)30402-6

Milaneschi, Y., Simmons, W. K., van Rossum, E., & Penninx, B. W.
(2019). Depression and obesity: Evidence of shared biological
mechanisms. Molecular Psychiatry, 24(1), 18-33. https://doi.org/
10.1038/s41380-018-0017-5

Min, J. Y., & Min, K. B. (2018). Outdoor light at night and the preva-
lence of depressive symptoms and suicidal behaviors: A cross-
sectional study in a nationally representative sample of Korean
adults. Journal of Affective Disorders, 227, 199-205. https://doi.
org/10.1016/j.jad.2017.10.039

Mustanski, B., Garofalo, R., Herrick, A., & Donenberg, G. (2007).
Psychosocial health problems increase risk for HIV among urban
young men who have sex with men: Preliminary evidence of a
syndemic in need of attention. Annals of behavioral medicine : a
publication of the Society of Behavioral Medicine, 34(1), 37-45.
https://doi.org/10.1007/BF02879919

Nieuwenhuijsen, M. J. (2016). Urban and transport planning, envi-
ronmental exposures and health-new concepts, methods and
tools to improve health in cities. Environmental health : a global
access science source, 15(Suppl 1), 38. https://doi.org/10.1186/
$12940-016-0108-1

Opsahl, T., Agneessens, F., & Skvoretz, J. (2010). Node centrality in
weighted networks: Generalizing degree and shortest paths. Social
Networks, 32(3), 245-251. https://doi.org/10.1016/j.socnet.2010.
03.006

Paksarian, D., Rudolph, K. E., Stapp, E. K., Dunster, G. P., He, J.,
Mennitt, D., Hattar, S., Casey, J. A., James, P., & Merikangas,
K. R. (2020). Association of Outdoor Artificial Light at night
with mental disorders and sleep patterns among US adolescents.

@ Springer


https://doi.org/10.1038/srep08381
https://doi.org/10.1038/srep08381
https://doi.org/10.1016/j.smrv.2016.05.004
https://doi.org/10.1016/j.smrv.2016.05.004
https://doi.org/10.7125/APAN.35.7
https://doi.org/10.18637/jss.v048.i04
https://doi.org/10.3758/s13428-017-0862-1
https://doi.org/10.3758/s13428-017-0862-1
https://doi.org/10.1126/sciadv.1600377
https://doi.org/10.1126/sciadv.1600377
https://doi.org/10.1016/j.cell.2018.08.004
https://doi.org/10.2337/db06-1656
https://doi.org/10.1016/S0272-4944(02)00109-3
https://doi.org/10.1016/S0272-4944(02)00109-3
https://doi.org/10.1002/cne.20970
https://doi.org/10.1016/j.scitotenv.2020.140914
https://doi.org/10.1016/S0272-4944(02)00113-5
https://doi.org/10.1016/S0272-4944(02)00113-5
https://doi.org/10.1080/21642850.2018.1521283
https://doi.org/10.3390/rs6086844
https://doi.org/10.1038/s41562-019-0738-8
https://doi.org/10.1080/00273171.2019.1614898
https://doi.org/10.1080/00273171.2019.1614898
https://doi.org/10.1210/endo.142.6.8197
https://doi.org/10.1210/endo.142.6.8197
https://doi.org/10.3109/07420528.2016.1143480
https://doi.org/10.3109/07420528.2016.1143480
https://doi.org/10.3109/07420528.2015.1107729
https://doi.org/10.1097/EE9.0000000000000145
https://doi.org/10.1111/j.1467-9868.2010.00740.x
https://doi.org/10.1111/j.1467-9868.2010.00740.x
https://doi.org/10.1016/S0140-6736(17)30402-6
https://doi.org/10.1016/S0140-6736(17)30402-6
https://doi.org/10.1038/s41380-018-0017-5
https://doi.org/10.1038/s41380-018-0017-5
https://doi.org/10.1016/j.jad.2017.10.039
https://doi.org/10.1016/j.jad.2017.10.039
https://doi.org/10.1007/BF02879919
https://doi.org/10.1186/s12940-016-0108-1
https://doi.org/10.1186/s12940-016-0108-1
https://doi.org/10.1016/j.socnet.2010.03.006
https://doi.org/10.1016/j.socnet.2010.03.006

Current Psychology

JAMA Psychiatry, 77(12), 1266-1275. https://doi.org/10.1001/
jamapsychiatry.2020.1935

Reeves, A., Clair, A., McKee, M., & Stuckler, D. (2016). Reductions
in the United Kingdom's government housing benefit and symp-
toms of depression in low-income households. American Jour-
nal of Epidemiology, 184(6), 421-429. https://doi.org/10.1093/
aje/kww055

Robinaugh, D. J., Millner, A. J., & McNally, R. J. (2016). Identifying
highly influential nodes in the complicated grief network. Jour-
nal of Abnormal Psychology, 125(6), 747-757. https://doi.org/
10.1037/abn0000181

Saelens, B. E., Sallis, J. F., & Frank, L. D. (2003). Environmental
correlates of walking and cycling: Findings from the transporta-
tion, urban design, and planning literatures. Annals of behavioral
medicine : a publication of the Society of Behavioral Medicine,
25(2), 80-91. https://doi.org/10.1207/S15324796 ABM2502_03

Sarkar, C., Webster, C., & Gallacher, J. (2015). UK biobank urban
morphometric platform (UKBUMP)-a nationwide resource for
evidence-based healthy city planning and public health interven-
tions. Annals of GIS, 21(2), 135-148. https://doi.org/10.1080/
19475683.2015.1027791

Sarkar, C., Webster, C., & Gallacher, J. (2018). Residential greenness
and prevalence of major depressive disorders: A cross-sectional,
observational, associational study of 94 879 adult UK biobank
participants. The Lancet. Planetary health, 2(4), e162—e173.
https://doi.org/10.1016/S2542-5196(18)30051-2

Schellekens, M., Wolvers, M., Schroevers, M. J., Bootsma, T. I.,
Cramer, A., & van der Lee, M. L. (2020). Exploring the intercon-
nectedness of fatigue, depression, anxiety and potential risk and
protective factors in cancer patients: A network approach. Journal
of Behavioral Medicine, 43(4), 553-563. https://doi.org/10.1007/
$10865-019-00084-7

Small, C., Pozzi, F., & Elvidge, C. D. (2005). Spatial analysis of global

urban extent from DMSP-OLS night lights. Remote Sensing of

Environment, 96(3-4), 277-291. https://doi.org/10.1016/j.rse.
2005.02.002

Sudlow, C., Gallacher, J., Allen, N., Beral, V., Burton, P., Danesh, J.,
Downey, P., Elliott, P., Green, J., Landray, M., Liu, B., Matthews,
P., Ong, G., Pell, J., Silman, A., Young, A., Sprosen, T., Peakman,
T., & Collins, R. (2015). UK biobank: An open access resource
for identifying the causes of a wide range of complex diseases of
middle and old age. PLoS Medicine, 12(3), e1001779. https://doi.
org/10.1371/journal.pmed.1001779

Sylvester, C. M., Krout, K. E., & Loewy, A. D. (2002). Suprachias-
matic nucleus projection to the medial prefrontal cortex: A viral
transneuronal tracing study. Neuroscience, 114(4), 1071-1080.
https://doi.org/10.1016/s0306-4522(02)00361-5

Tanhan, A. (2020). Utilizing online photovoice (OPV) methodology to
address biopsychosocial spiritual economic issues and wellbeing
during COVID-19: Adapting OPV to Turkish. Turkish Studies,
15(4), 1029-1086. https://doi.org/10.7827/TurkishStudies.44451

Tanhan, A., & Strack, R. W. (2020). Online photovoice to explore
and advocate for Muslim biopsychosocial spiritual wellbeing
and issues: Ecological systems theory and ally development.

@ Springer

Current Psychology, 39(6), 2010-2025. https://doi.org/10.1007/
$12144-020-00692-6

Tenenhaus, A., Philippe, C., Guillemot, V., Le Cao, K. A., Grill, J.,
& Frouin, V. (2014). Variable selection for generalized canoni-
cal correlation analysis. Biostatistics (Oxford, England), 15(3),
569-583. https://doi.org/10.1093/biostatistics/kxu001

UK Biobank: Protocol for a large-scale prospective epidemiological
resource (2007) UKBB-PROT-09-06.

Ulrich, R. S. (1983). Aesthetic and affective response to natu-
ral environment. In behavior and the natural environment
(pp- 85-125). Springer, Boston, MA. https://doi.org/10.1007/
978-1-4613-3539-9_4.

Ulrich, R. S., Simons, R. F., Losito, B. D., Fiorito, E., Miles, M. A.,
& Zelson, M. (1991). Stress recovery during exposure to natural
and urban environments. Journal of Environmental Psychology,
11(3), 201-230. https://doi.org/10.1016/S0272-4944(05)80184-7

van Borkulo C, Epskamp S, Jones P (2016). NetworkComparisonTest.
Retrieved from https://cran.r-project.org/web/packages/Netwo
rkComparisonTest/

van den Berg, M., van Poppel, M., van Kamp, 1., Andrusaityte, S.,
Balseviciene, B., Cirach, M., Danileviciute, A., Ellis, N., Hurst,
G., Masterson, D., Smith, G., Triguero-Mas, M., Uzdanaviciute,
1., de Wit, P., van Mechelen, W., Gidlow, C., Grazuleviciene, R.,
Nieuwenhuijsen, M. J., Kruize, H., & Maas, J. (2016). Visiting
green space is associated with mental health and vitality: A cross-
sectional study in four european cities. Health & Place, 38, 8-15.
https://doi.org/10.1016/j.healthplace.2016.01.003

Vogelzangs, N., Kritchevsky, S. B., Beekman, A. T., Newman, A. B.,
Satterfield, S., Simonsick, E. M., Yaffe, K., Harris, T. B., & Pen-
ninx, B. W. (2008). Depressive symptoms and change in abdomi-
nal obesity in older persons. Archives of General Psychiatry,
65(12), 1386—-1393. https://doi.org/10.1001/archpsyc.65.12.1386

Weisburd, D. (2015). The law of crime concentration and the crimi-
nology of place. Criminology, 53(2), 133—157. https://doi.org/10.
1111/1745-9125.12070

Weisburd, D., & White, C. (2019). Hot spots of crime are not just hot
spots of crime: Examining health outcomes at street segments.
Journal of Contemporary Criminal Justice, 35(2), 142—-160.
https://doi.org/10.1177/1043986219832132

Witten, D. M., & Tibshirani, R. J. (2009). Extensions of sparse canoni-
cal correlation analysis with applications to genomic data. Statis-
tical applications in genetics and molecular biology, 8(1), Arti-
cle28. https://doi.org/10.2202/1544-6115.1470

Zhao, G, Ford, E. S., Li, C., Tsai, J., Dhingra, S., & Balluz, L. S.
(2011). Waist circumference, abdominal obesity, and depression
among overweight and obese U.S. adults: National Health and
nutrition examination survey 2005-2006. BMC Psychiatry, 11,
130. https://doi.org/10.1186/1471-244X-11-130

Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1001/jamapsychiatry.2020.1935
https://doi.org/10.1001/jamapsychiatry.2020.1935
https://doi.org/10.1093/aje/kww055
https://doi.org/10.1093/aje/kww055
https://doi.org/10.1037/abn0000181
https://doi.org/10.1037/abn0000181
https://doi.org/10.1207/S15324796ABM2502_03
https://doi.org/10.1080/19475683.2015.1027791
https://doi.org/10.1080/19475683.2015.1027791
https://doi.org/10.1016/S2542-5196(18)30051-2
https://doi.org/10.1007/s10865-019-00084-7
https://doi.org/10.1007/s10865-019-00084-7
https://doi.org/10.1016/j.rse.2005.02.002
https://doi.org/10.1016/j.rse.2005.02.002
https://doi.org/10.1371/journal.pmed.1001779
https://doi.org/10.1371/journal.pmed.1001779
https://doi.org/10.1016/s0306-4522(02)00361-5
https://doi.org/10.7827/TurkishStudies.44451
https://doi.org/10.1007/s12144-020-00692-6
https://doi.org/10.1007/s12144-020-00692-6
https://doi.org/10.1093/biostatistics/kxu001
https://doi.org/10.1007/978-1-4613-3539-9_4
https://doi.org/10.1007/978-1-4613-3539-9_4
https://doi.org/10.1016/S0272-4944(05)80184-7
https://cran.r-project.org/web/packages/NetworkComparisonTest/
https://cran.r-project.org/web/packages/NetworkComparisonTest/
https://doi.org/10.1016/j.healthplace.2016.01.003
https://doi.org/10.1001/archpsyc.65.12.1386
https://doi.org/10.1111/1745-9125.12070
https://doi.org/10.1111/1745-9125.12070
https://doi.org/10.1177/1043986219832132
https://doi.org/10.2202/1544-6115.1470
https://doi.org/10.1186/1471-244X-11-130

	Nighttime lights, urban features, household poverty, depression, and obesity
	Abstract
	Introduction
	Urban Lifestyle and Mental Health
	Urban Lifestyle and Physical Health
	Nighttime Light Emission and Mental, Physical Health
	Purpose of the Paper

	Materials and Methods
	Analytical Sample
	UK Biobank Project
	Geo-Position Data Acquisition
	NLE Data Acquisition
	Categories for Urban Features
	Individual Wellbeing Factors

	Statistical Methods

	Results
	Descriptive Statistics
	Bridge Nodes
	Network Structure and Node Interconnection


	Discussion
	Simultaneous Association between NLE, Urban Features and Poor Mental, Physical Health
	Syndemic Clustering of Depression, Obesity, Poverty in High NLE Areas
	Higher Urban-Symptom Interaction in High NLE Areas

	Limitations
	Conclusions
	Implication
	Acknowledgments 
	References


