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Abstract:

Background: While greenness has been associated with lower depression, the generalizability of
this association in arid landscapes remains undetermined. We assessed the association between
depression and greenness among nursing students living in El Paso, Texas (the Chihuahuan
desert).

Methods: Depression was measured with the Patient Health Questionnaire-9 scale, and greenness
with the normalized difference vegetation index (at buffer sizes =250m, 500m, 1000m). Using data
from the National Land Cover Database two additional measures of land patterns were analyzed:
grayness and brownness. Structural equation models were used to assess the relationships of these
land patterns to depression and quantify the indirect effects of peer alienation.

Results: After adjusting for individual characteristics, at buffers 250 m greenness was associated
with a decrease in the Incidence Rate Ratios (IRR) of depression by 49% (IRR, 0.51; 95%CI,
0.12-2.10), greyness with increases by 64% (IRR, 1.64; 95%CI, 1.07-2.52) and brownness with
decreases by 35% (IRR, 0.65; 95%CI, 0.42-0.99). At buffer 250 m peer alienation explained 17.43%
(95% CI, -1.79-36.66) of the association between depression and brownness, suggesting a pathway
to depression.

Conclusions: We did not observe an association between depression and residential greenness in El
Paso, Texas. However, we did observe a protective association between brownness and depression
as well as an adverse association with grayness. These results have theoretical implications as
based on commonly used frameworks in this literature and adverse association of brownness (and
the lack of greenness) and depression was expected.
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The connection between people and natural settings matters. Evidence of the protective effects of
green natural settings (i.e., greenness) on human health can be traced back to the late-nineteenth
century (Hickman 2013). The past twenty years have seen a surge of research that reinforces the
protective effects of greenness (James et al. 2015; van den Berg et al 2015; Twohig-Bennett and Jones
2018) across a broad range of health outcomes, including cardiovascular health (Gascon et al. 2016),
obesity (Lachowycz and Jones 2011), and well-being in children (Balseviciene et al. 2014; Zach et al.
2016; Feng and Astell-Burt 2017a and 2017b), adolescents (Younan et al. 2016), adults (van den Berg et
al. 2010) and elderly populations (Mass et al. 2006).

Multiple studies across the world have also documented a link between greenness and mental
health, particularly with depression. One seminal study with residents of London reported that the
prevalence of depression was mildly associated with lack of greenness in the built environment
(Weich et al. 2002). Specifically, individuals living in neighborhoods with few private gardens were
29% more likely to report depressive symptoms than residents living in neighborhoods with
numerous gardens. Similar findings were reported in Santiago, Chile; residents were 6% more likely to
report depressive symptoms if they lived in neighborhoods with low levels of green elements (Araya
et al. 2007). In the Netherlands, higher levels of green land cover around the home was associated with
a 4% decrease in depression rates (Maas et al. 2009). Numerous other studies have documented
protective effects on mental health, particularly on depression, of greenness measured with the
normalized difference vegetation index (NDVI) (i.e., Beyer et al. 2014; Cohen-Cline et al. 2015; Pun et
al. 2018; Banay et al. 2019; Helbich et al. 2019; Perrino et al. 2019; Song et al.,2019; Browning et al. 2019;
Rhew et al. 2011). NDVI is calculated from remotely sensing imagery from red and infrared
wavelengths to measure "greenness," which indicates healthy green vegetative cover.

Despite this mounting evidence, our understanding of the relationship between natural settings
and mental health remains limited for two principal reasons. First, this relationship has been largely
studied in territories in which greenness is relatively prominent, leaving the green-depression
association unexplored in arid regions with desert landscapes. Studying this association in the desert
could reveal the lower boundaries under which greenness may reduce depression. Also, the
generalizability of how greenness affects mental health must be tested across all climate/vegetative
conditions including arid environments, since desertification is occurring globally due to climate
change and human activities (Huang et al. 2020). Second, the extent literature has tested the potential
mechanistic pathways between natural settings and health relatively little (Dzhambov et al. 2020). Of
the possible pathways identified (Markevych et al. 2017), the capacity of natural settings to encourage
social support, aside from air pollution filtration, has been documented by a larger number of studies
than any other possible mechanism (Dzhambov et al. 2020). Specific to mental health, it has been
theoretically suggested that greenness can decrease depression by increasing social support or
decreasing peer alienation (Nieuwenhuijsen et al. 2017). Public spaces’ characteristics, through the
presence of specific natural surrounding characteristics such as greenness, provide more opportunities
to engage in social interaction since encounters to meet relatives, friends, neighbours, co-workers and
strangers are facilitated (Beck, 2009; Mehta 2013). Further, the familiarity and associations with these
places and social encounters become meaningful and memorable (Ujang et al 2018).

In the current study, we further develop our understanding of the effects of greenness on
depression by evaluating this association using data from the Nurse Engagement and Wellness Study
(NEWS) cohort of students in El Paso, Texas, USA (Olvera Alvarez et al. 2019). Because these students
live in the Chihuahuan desert, we explore the generalizability of the claim that greenness could improve
mental health outcomes in environments with low baseline levels of greenness. For this, we include
continuous measures of “greyness” (i.e., buildings, roads, parking lots, and other impervious surfaces)
and “brownness” (arid pervious natural settings without vegetation) to contrast results with
greenness. We also respond to the recent call for complex mediation models by Dzhambov and
colleagues (2020) and employ structural equation models to explore different social pathways,
including social support and peer alienation, between greenness and depression. With this unique
geographic context and analytical frame, we postulate how greenness and/or other residential land
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patterns (grayness or brownness) may impact depression by increasing social support or reducing
peer alienation.

2. Materials and Methods

2.1 Study Population

The analysis was carried out as part of the NEWS, described in detail previously (Olvera Alvarez
et al. 2019). Briefly, the NEWS is a prospective cohort study of nursing students directed by a team of
nursing, social, and environmental health researchers. Participants were female or male students
between 18 and 60 years old enrolled in a Bachelor of Science in Nursing (BSN) program. Participants
were recruited via emails, posters, flyers, media outlets and in-class information sessions and they
consented to be part of the study. Self-administrated questionnaires were used to obtain information
on socio-economic characteristics, ethnicity, lifestyle factors, environmental exposures and physical
and mental health. Participants who dropped out of the BSN program, transferred to another
university, or failed to graduate from the program were removed from the sample. The study was
approved by institutional review boards at the University of Texas at El Paso (857149-1) and Harvard
University (16-0080).

2.2 Outcome

Depression was measured with the patient health questionnaire-9 (PHQ-9), a multipurpose
instrument for screening, diagnosing, monitoring and measuring the severity of depression consisting
of nine items (Kroenke and Spitzer 2004). The range of values of this instrument is 1 to 27. The PHQ-9
has been consistently validated for the general population in different countries (Martin et al. 2006;
Lotrakul et al. 2009). Since analyses of depression can be affected by how this variable is
operationalized (Gariépy et al. 2016), we also applied a ordinal measurement of depression. We used
the following three categories: minimal depression (0-4), mild to moderate depression (5 to 14) and
moderate severe to severe depression (15 to 27) (University of Michigan 2013).

2.3 Exposures

Averages of three land patterns were calculated in 250 m, 500 m, and 1000 m Euclidean buffers
centered on each participant’s geocoded address of residence. This range of buffer size (250 m to 1000
m) are associated with the mechanistic pathways being tested (Davand et al. 2014), whereas larger
buffer sizes show a distance decay function with depressive symptoms (Browning et al. 2019). Three
land patterns were tested individually: greenness, greyness and brownness.

Greenness was the mean of the NDVI values from 30 m2 pixels calculated from cloud-free
Landsat 7 satellite imagery during a single summer day in 2016 (Vermote et al. 2016). The possible
range of NDVI values is -1 to 1 with higher values indicating the presence of vegetation and negative
numbers indicating bodies of water. Because negative values were present in less than 5% of the study
region, these were reclassified as missing data to avoid blue space (i.e., the Rio Grande river and
irrigation canals) degrading greenness values and confounding results.

Grayness was the percentage of concrete, buildings, and natural rock (i.e., contiguous surface
outcroppings, such as “slickrock”) that do not allow water infiltration. Higher values indicate higher
proportions of impervious than pervious surfaces. Data were obtained from the National Land Cover
Database (NLCD), which was developed by the Multi-Resolution Land Characteristics (MRLC)
Consortium (www.mrlc.gov). The NCLD displays 80% land cover classification accuracy (Wickham et
al. 2013).

Brownness was calculated from the residual land cover unassigned to greenness or grayness as
defined by the following equation.

Brownness=1.00-Greenness-Grayness
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Mediators

Two variables were considered for exploring potential pathways.

Social support was an index derived from seven questions (Mitchell et al. 2003) and ranged from
7 to 32. Higher values indicated stronger social support for the individual. (Appendix A gives the list
of questions and answers).

Peer alienation was derived from a sub-scale of the Peer Attachments index, which was derived
from the 25 peer-related questions from the Inventory of Parent and Peer Attachment (IPPA; Mattanah
et al. 2011) and ranged from 7 to 35. Higher values indicated weaker attachment to peers. (See
Supplementary material: Appendix A gives the list of questions and alternatives).

2.4 Covariates

Our critical review of the literature identified seven relevant covariates (Lindert et al 2013; Quirk
et al 2013; Patel et al. 2018; Abathe 2013). Adverse Childhood Experiences was measured using the
ACE questionnaire (Felitti et al., 1998). Values of this variable go from 0 to 10. A healthy-food index
was created from six items, which asked participants how often they typically consumed fruits,
vegetables, white meat, fish and shellfish, whole grain food, or nuts. The scale reliability coefficient
(Cronbach'’s alpha) was 0.74, and values of this index ranged from 1.35 to 6.5. Higher values indicated
healthier food habits. A physical-index activity was created from nine items asking questions
regarding physical activity such as walking, swimming, and jogging. The scale reliability coefficient
(Cronbach’s alpha) was 0.77, and values ranged from 0 to 7. Higher values indicated more physical
activities (See Supplementary material: Appendix A gives the list of questions and alternatives). Body
mass index (BMI) was obtained from each participant’s height and weight reported at the day of the
interview. Household income was self-reported and based on ten categories: less than $5,000; $5,000
through $11,999; $12,000 through $15,999; $16,000 through $24,999; $25,000 through $34,999; $35,000
through $49,999; $50,000 through $74,999; $75,000 through $99,999; and $100,000 or greater. Age and
sex were also measured.

2.5 Analyses

We applied generalized structural equation models (GSEM) (Greenland et al. 1999) to first assess
the magnitude of the direct associations between depression and land cover patterns, and then
measure the proportion of social support or peer alienation explaining the total association between
depression and our exposures of interest. Furthermore, we adjusted all the models with a separate set
of sufficient confounders for each co-variate using a priori knowledge of the relationship between
greenness and depression (Nieuwenhuijsen et al. 2017). This strategy was adopted to avoid the “Table
2 fallacy” (Westreich and Greenland 2013), which occurs when investigating multiple predictors using
a single multivariable model. Such models do not provide unbiased total effect estimates for the
predictors of interest, since some of the covariates may be on the causal pathway between the
predictor of interest and outcome. Our hypothesized structural model linking greenness with social
support and peer alienation, and ultimately depression, is given in Supplementary material, Appendix
B.

To assess direct associations, several modeling approaches were run to account for the possibility
of non-linear associations or non-normally distributed outcomes. Specifically, we used Poisson,
negative binomial, and gamma regression models to assess the continuum measurement of depression
(Heilbron 1994). The outcome was log transformed in these models to compare results with ordinary
least squares regression results (Manning and Mullahy 2001). To model the ordinal measurement of
depression, we used Poisson, negative binomial, ordinal probit, Bernoulli probit, ordinal logistic and
Bernoulli logistic models. These functions allowed us to determine which models best fitted the data
and correctly estimate the direct associations between depression under its two operationalizations
(continuous or ordinal) and land cover patterns. In See Supplementary material, Appendix D, we
provide results for multicollinearity tests and bivariate correlation plots among the variables of
interest. To measure the proportion of the association mediated by social support or peer alienation,
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we divided their indirect association by the total effect. In Supplementary material, Appendix E, we
provide both standardized root mean squared residual and coefficient of determination results
regarding the structural models. All analyses were performed with Stata 16 (StataCorp 2020).

3. Results

Depression (PHQ-9) scores did not follow a normal distribution (Table 1), and thus
distributions such as Poisson, negative binomial or gamma were better suited to examine its
variation under the continuous operationalization. Characteristic of an arid region, greenness was
very low with mean NDVI values of 0.11. Greyness mean values were approximately three times
higher than greenness values, approximately 0.35. As expected for the arid study region, we
observed the highest levels of the three land patterns for brownness, which displayed means over
0.5. The sample was composed primarily by women (78.95%) and the average age was 25 years.

3.1. Greennes and Depression

Results from the 36 GSMs (4 functions x 3 buffers x 3 measures of residential land) were grouped by
measure of residential land cover (e.g., greenness, grayness, or brownness) and are displayed in
Figures 1 - 3. The main results are reported as Incidence Rate Ratios (IRR) and adjusted for all
covariates. The direct association of each covariate in each model is presented in Supplementary
material, Appendix B.

Figure 1 shows that higher values of greenness are associated with lower values of depression. In
terms of best fit models for depression as a continuous variable, it was observed that the normal
distribution better fits the data with depression scores logged transformed. In each model with the
Normal distribution, AIC and BIC values were consistently the lowest ones. The IRRs for depression
and greenness for this distribution is 0.51 (95% confidence interval (CI):0.12, 2.10) at 250 m, 0.54 (95%
CI:0.13, 2.29) at 500 m., and 0.58 (95% CI:0.13, 2.59) at 1000 m. For depression as ordinal variable, the
Bernoulli-Logit distribution best fit the data since the AIC and BIC values for this distribution were
the lowest. The IRRs for this distribution are 0.20 (95% CI:0.00, 14.33) at 250 m, 0.16 (95% CI:0.09,
15.94) at 500 m., and 0.09 (95% CI:0.06, 17.84) at 1000 m.

3.2 Grayness and Depression

Results for greyness models are given in Figure 2. For the depression as continuous variable the IRR
effects are 1.64 (95% CI:1.07, 2.52) at 250 m, 1.62 (95% CI:1.05, 2.51) at 500 m., and 1.52 (95% CI:0.99,
2.34) at 1000 m for the normal distribution models. For the ordinal outcome, the IRR results are 2.58
(95% CI.0.77, 8.61) at 250 m, 1.68 (95% CI:0.77, 9.09) at 500 m., and 2.44 (95% CI:0.72, 8.22) at 1000 m
for the Bernoulli-Logit distribution models.

3.3 Brownness and Depression

Results for brownness models are given in Figure 3. For the depression as continuous variable the
IRR pooled effects are 0.65 (95% CI:0.42, 0.99) at 250 m, 0.65 (95% CI:0.41, 1.01) at 500 m., and 0.68
(95% CI:0.44, 1.06) at 1000 m for the normal distribution models. For the ordinal outcome, the IRR
results are 0.45 (95% CI:0.14, 1.53) at 250 m, 0.44 (95% CI:0.13, 1.53) at 500 m., and 0.49 (95% CI:0.14,
1.70) at 1000 m. for the Bernoulli-Logit distribution models.
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Table 1 Description of Sample (N = 393)
Variables % Mean Std. Dev. Min Max
Outcome
Depression (counts)? 6.41 5.23 1 27
Depression (log) 1.51 0.88 0 3
Depression categorical

Minimal depression 45.50

Mild to moderate depression 40.65

Moderate severe to severe 13.86

depression
Exposures
NDVI

at 250 m 0.11 0.03 0.04 0.28

at 500 m 0.11 0.03 0.05 0.25

at 1000 m 0.11 0.03 0.06 0.26
Greyness

at 250 m 0.40 0.17 0.00 0.82

at 500 m 0.37 0.17 0.00 0.74

at 1000 m 0.36 0.17 0.00 0.90
Brownness

at 250 m 0.50 0.17 0.14 0.94

at 500 m 0.52 0.17 0.18 0.92

at 1000 m 0.53 0.17 0.03 0.91
Covariates
Adverse Childhood Experiences 2.02 2.01 0 10
Social support index 27.53 4.89 7 32
Peer alienation index 15.12 4.36 7 35
Healthy-food index 3.89 0.76 1 6
Physical-index activity 1.77 1.05 0 7
Body mass index 25.72 5.37 14.10 47.30
Income 6.22 2.34 1 10
Age 25.15 6.26 18 55
Sex (% women) 78.95

aSkewness and Kurtosis values for depression were 1.43 and 5.20, respectively. The joint test for these

measures was X2 82.77 (p < 0.000); ®NDVI indicates the normalized difference vegetation index

d0i:10.20944/preprints202010.0236.v1
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Figure 1 Direct association between depression (as continuum and ordinal variable) and greenness

summarized at buffer sizes of 250 m, 500 m, and 1000 m.

Buffer

250
250
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500
500
500
500
500
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1000
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1000
1000

Distribution AIC BIC

Poisson 2464.98 2508.69
Negative binomial 2144.32 2192.01
Gamma 2118.96 2166.64
Normal 942.471 990.157
Poisson 2461.76 2505.45
Negative binomial 2165.36 2209.07
Gamma 2119.31 2166.99
Normal 942.631 990.316
Poisson 2465.42 2509.13
Negative binomial 2144.65 2192.33
Gamma 2119.45 2167.14
Normal 942.834 990.52
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Bernoulli-Logit  501.614 545.354

Poisson 735.035 778.775
Negative binomial737.035 784.751
Ordinal-Probit ~ 669.01 716.726
Bernoulli-Probit 502.719 546.459
Ordinal-Logit ~ 668.792 716.508
Bernoulli-Logit  501.528 545.268

Poisson 734.89 778.63
Negative binomial736.89 784.606
Ordinal-Probit ~ 668.803 716.519
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Ordinal-Logit ~ 668.483 716.2
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.01

20

Note: Buffer indicates distances in meters around the geocoded address of residence of each study participant.

Distribution indicates the distribution in which depression was modeled. When the normal distribution was

assumed the values of depression were log transformed. AIC corresponds to the Akaike information criterion

results and BIC to the Bayesian information criterion results. IRR are incidence rate ratios. Cl is confidence

interval. All models were adjusted by Age, Sex, Healthy-food index, Physical-Activity index, Body mass index,

Household income, Adverse Childhood Experiences, Social support index, and Peer alienation index.
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Figure 2 Direct association between depression (as continuum and ordinal variable) and greyness summarized

at buffer sizes of 250 m, 500 m, and 1000 m.

IRR (95% CI)

Buffer  Distribution AIC BIC
250
250 Poisson 2461.01 2504.75 —_— 1.51 (1.20, 1.89)
250 Negative binomial 2146.04 2193.76 * 1.48 (1.01, 2.18)
250 Gamma 2120.93 2168.65 + 1.46 (0.99, 2.17)
250 Normal 941.146 988.863 1.64 (1.07, 2.52)
500
500 Poisson 2450.03 2493.71 —_— 1.49 (1.19, 1.87)
500 Negative binomial 2163.95 2207.69 g 1.71 (1.16, 2.54)
500 Gamma 2120.97 2168.68 2 1.46 (0.98, 2.18)
500 Normal 941.529 989.245 * 1.62 (1.05, 2.51)
1000
1000 Poisson 2463.55 2507.29 —_—— 1.44 (1.15, 1.79)
1000 Negative binomial 2146.92 2194.63 * 1.41 (0.96, 2.07)
1000 Gamma 2121.78 2169.5 * 1.39 (0.94, 2.06)
1000 Normal 942.575 990.292 <> 1.52 (0.99, 2.34)

I I

9 1 3
Buffer Distribution AIC BIC IRR (95% CI)
250
250 Poisson 735.528 779.296 ¢ 1.48(0.71, 3.09
250 Negative binomial736.105 779.873 * 1.51(0.73, 3.15
250 Ordinal-Probit  669.31 717.057 —_— 1.60 (0.82, 3.10
250 Bernoulli-Probit 503.06 546.828 g 1.80(0.87, 3.75
250 Ordinal-Logit ~ 668.97 716.717 * 2.26 (0.73,6.94
250  Bernoulli-Logit 501.875 545.643 * 2.58 (0.77, 8.61
500
500 Poisson 735.669 779.437 ¢ 1.45 (0.69, 3.04
500 Negative binomial736.257 780.024 g 1.48 (0.71, 3.10
500 Ordinal-Probit  669.49 717.236 —_— 1.58 (0.80, 3.10
500 Bernoulli-Probit 503.055 546.823 *> 1.83(0.87, 3.86
500 Ordinal-Logit ~ 669.173 716.92 * 2.20(0.70, 6.89
500 Bernoulli-Logit 501.842 545.61 *> 2.65(0.77,9.09
1000
1000  Poisson 735.823 779.59 —_—t 1.39 (0.68, 2.85
1000  Negative binomial736.445 780.213 s 1.41 (0.69, 2.89
1000  Ordinal-Probit  669.746 717.492 —_— 1.51(0.78,2.94
1000  Bernoulli-Probit 503.406 547.174 *> 1.74 (0.83, 3.64
1000 Ordinal-Logit ~ 669.436 717.183 * 2.04 (0.67, 6.23
1000  Bernoulli-Logit 502.18 545.948 * 2.44(0.72,8.22

I I

91 8

Note: Buffer indicates distances in meters around the geocoded address of residence of each study participant.
Distribution indicates the distribution in which depression was modeled. When the normal distribution was
assumed the values of depression were log transformed. AIC corresponds to the Akaike information criterion
results and BIC to the Bayesian information criterion results. IRR are incidence rate ratios. ClI is confidence
interval. All models were adjusted by Age, Sex, Healthy-food index, Physical-Activity index, Body mass index,

Household income, Adverse Childhood Experiences, Social support index, and Peer alienation index.
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Figure 3 Direct association between depression (as continuum and ordinal variable) and greyness summari

at buffer sizes of 250 m, 500 m, and 1000 m.

IRR (95% CI)

Buffer Distribution AIC BIC
250
250 Poisson 2456.6  2500.31 —_— 0.69 (0.55, 0.87)
250 Negative binomial 2141.96 2189.64 —— 0.70 (0.47, 1.04)
250 Gamma 2117.11 2164.79 —_— 0.71 (0.47, 1.06)
250 Normal 939.524 987.21 ———] 0.65 (0.42, 0.99)
500
500 Poisson 2449.61 2493.29 —_— 0.65 (0.52, 0.83)
500 Negative binomial 2159.69 2203.41 —_— 0.59 (0.40, 0.89)
500 Gamma 2116.89 2164.58 —_— 0.70 (0.46, 1.05)
500 Normal 939.676 987.362 —_— 0.65 (0.41, 1.01)
1000
1000  Poisson 2458.44 2502.15 — = 0.71 (0.57, 0.90)
1000  Negative binomial 214251 2190.19 —_— 0.73 (0.49, 1.07)
1000 Gamma 2117.59 2165.27 —— 0.73 (0.49, 1.09)
1000  Normal 940.479 988.164 e o 0.68 (0.44, 1.06)
I I
.09 1 3
Buffer Distribution AlC BIC IRR (95% CI)
250
250 Poisson 734.577 778.317 —_— 0.71 (0.34, 1.50
250 Negative binomial758.615 802.631 —_— 0.80 (0.38, 1.65
250 Ordinal-Probit  668.053 715.77 —_— 0.66 (0.34, 1.30
250 Bernoulli-Probit 501.861 545.601 —_— 0.61 (0.29, 1.27
250 Ordinal-Logit ~ 667.659 715.375 - 0.49 (0.16, 1.54
250 Bernoulli-Loait 500.616 544.356 <o 0.45(0.14, 1.53
500
500 Poisson 734.705 778.445 —_—l 0.73(0.34, 1.55
500 Negative binomial736.705 784.422 _— 0.73(0.34, 1.55
500 Ordinal-Probit  668.18 715.896 —_— T 0.67 (0.34, 1.34
500 Bernoulli-Probit 501.891 545.631 —_— 0.60 (0.28, 1.29
500 Ordinal-Logit 667.773 715.49 * 0.50 (0.16, 1.60
500 Bernoulli-Loait 500.586 544.326 < 0.44 (0.13, 1.53
1000
1000  Poisson 734.871 778.611 & 0.76 (0.36, 1.59
1000  Negative binomial735.911 779.651 _— 0.74 (0.35, 1.55
1000 Ordinal-Probit  668.483 716.199 —_— 0.71(0.36, 1.40
1000  Bernoulli-Probit 502.276 546.015 _ 0.64 (0.30, 1.37
1000 Ordinal-Logit ~ 668.133 715.849 < 0.56 (0.18, 1.74
1000 Bernoulli-Loait 500.995 544.735 & 0.49 (0.14, 1.70
I I
1 1 3

Note: Buffer indicates distances in meters around the geocoded address of residence of each study participant.
Distribution indicates the distribution in which depression was modeled. When the normal distribution was
assumed the values of depression were log transformed. AIC corresponds to the Akaike information criterion
results and BIC to the Bayesian information criterion results. IRR are incidence rate ratios. Cl is confidence
interval. All models were adjusted by Age, Sex, Healthy-food index, Physical-Activity index, Body mass index,

Household income, Adverse Childhood Experiences, Social support index, and Peer alienation index.
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3.3 Social Pathways Between Depression and Environmental Exposures

Next, we report the results of the social support and peer alienation pathways between greenness,
greyness and brownness and depression. More specifically, we report the proportion explained by
these two mediators when assessing the association between depression and environmental
exposures. The pathways of interest are represented by red arrows in Figure Bl in Supplementary
material, Appendix B. Results of Tables B1 to B6 were used to assess the proportion explained by
social support and peer alienation after measuring the total effect between depression and the
environmental exposures introduced at 250 m buffer.

Figure 4 shows the results corresponding to the two analyzed social pathways between greenness
and depression per model. Social support (Figure 4a) and peer alienation (Figure 4b) did not mediate
the total effect between depression and greenness. For social support, the effect of the proportions at
250 m are -2.26% [-4871, 44.20] for the continuous outcome in the normal model, and 1.40% [-39.37,
14.04] for the ordinal outcome in the Bernoulli-Logit distribution model. For peer alienation, we
observe that the effect of the proportions at buffer 250 m are 6.54% [-32.89, 45.97] for depression as
continuous variable, and 8.27% [-41.59, 58.13] when the outcome is ordinal in the Bernoulli-Logit
distribution model.

Figure 5 shows the results corresponding to the two social pathways for greyness and depression.
Like the results for greenness, social support did not show a mediation effect. Its effect at 250 m is
4.57% [-12.65, 21.79] for the continuous outcome in the normal model, and 3.64% [-16.75, 24.04] for
the ordinal outcome in the Bernoulli-Logit distribution model. Peer alienation seems to mediate the
greyness-depression association at 250 m. For the continuous outcome in the normal model by
17.43% [-1.79, 36.66], and for the ordinal outcome in the Bernoulli-Logit distribution model by
25.49% [-5.19, 56.16].

Figure 6 shows the results corresponding to social support and peer-alienation as pathways between
depression and brownness. Like the results for greenness and grayness, social support did not
mediate these associations. Its effect at 250 m is 3.42% [-16.18, 23.02] for the continuous outcome in
the normal model, and 4.27% [-20.48, 29.01] for the ordinal outcome. Whereas peer-alienation seems
to mediate the association between brownness and depression. Increases in brownness were
associated with decreases in peer alienation, which in turn were associated with lower incidences of
depression. Its mean effect at 250 m is 18.54% [10.40, 33.02] for the continuous outcome in the normal
model, and 28.65% [-9.14, 66.44] for the ordinal outcome in the Bernoulli-Logit distribution model.
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Figure 4a Social support as a pathway between greenness and depression as continuous and ordinal, in 250 m
buffer.
Depression as continuous

IRR (95% CI)
Buffer Distribution

250  Poizzon * 1.02 (-28.94_ 3008
250 Negative binomial * 107 (-30.16, 3220
250 Gamma _— 1.00-28 25 3024
230 Normal :T 2264871, 4420)
T T T
-0 0 45
Depression as ordinal
o IRR (95% CI)
Buffer Distribution
250 |
250 Poiszon _— 0.86(-24.55,262
250 Nagative binomial —_— 0.861{-24.54,262
250 Ordinal-Brobit + 116¢-32.81,3513
230 Bamoulli-Brobit e 120¢{-33.07,363
250 Ordinzl-Logit 4 145{-4005 43 &
250 Bamoulli-Los=it + 140{-30.37.421
I
T I T
-45 0 45

Figure 4b Peer alienation as a pathway between greenness and depression, as continuous and ordinal, in 250

m buffer.

Depression as continuous

o IRR (95% Cl)
Buffer Dhstribubon

230
250 Poison _ * 758 (-35.71, 50.88
230 Negative binomial r 740 (-36.50, 51.30
250 Gamma * 6.66 (-32 .67, 4508
250 Normal + 6.54 (-32.80, 4397
T i T
-60 0 80
Depression as ordinal
Buffar  Distribution IRR (95% CI)
150
150 Doisson 3 TB6(-43.07,50 6
150 Negative binomisl 3 TBG6(-43.07.50 6
150 Ordinal-Drobit + 050 (48 81,680
150 Eemoulli-Lozit + T25(-3657.510
150 OrdinalLogit 2 11.14 (-56 56, 78.54)
150 Bamoulli-Lozit + BI7i-41.50. 5815
T i T
60 0 g0

Note: Buffer indicates distances in meters around the geocoded address of residence of each study participant.
Distribution indicates the distribution in which depression was modeled. When the normal distribution was
assumed the values of depression were log transformed. IRR are incidence rate ratios. CI is confidence interval.
All models were adjusted by Age, Sex, Healthy-food index, Physical-Activity index, Body mass index,

Household income, Adverse Childhood Experiences, Social support index, and Peer alienation index.
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Figure 5a Social support as a pathway between grayness and depression as continuous and ordinal in 250 m

buffer.

Depression as continuous

Buffer Distribufion

230
250 Poiz=on

IRR (95% CI)

» 237 E-lﬂ.?-i, 15.43}
250 Negative binomial = 2T72(-1247. 1790
230 Gamma * 20 5-13 42, 191?{
250 Normal | = 43571(-12.65.21.79
T T T
-30 0 25
Depression as ordinal
N IRR (95% CI)
Buffer  Dhstribution
250
2350 Poisson + 2.63¢-12.83, 18,
250 Nagative bincmial -+ 3.64 {-18.34, 25,
250 Ordinal-Probit + 3.14 %—14.63_. 20.
250 Bernoulli-Probit + 3.35¢-15.44,22.14
250 Ordinal-Logit o 341 5-15.3;3__ 22.653
250 Barnoulli-Losit ’ 364 {-16.75. 24.04
T T
-30 ] L]

Figure 5b Peer alienation as a pathway between grayness and depression as continuous and ordinal in 250 m

buffer.

Depression as continuous
Buffer Distribution

IRR (95% CI)

230
230 Poizzon —_— 21.04 (450 3?_‘53
250 Negative binomial * 2214 (-1.37,45.
250 Gamma + 2263 (238 4765
230 Normal — 1743 0-1.79_ 36,
T
40

Depression as ordinal
Buffer  Distribution IRR (95% CI)
250 )
230 Dodz som * 27.18{-15.44, 60.81
250 Magative bincmial 3 34.72{-18.12, 97.55;
250 Ordinal Drobit = 2032{-6.12, 64.7
250 Barnoulli-Brobit -_—— 370 -5.13_.52.?%
250 OrdinatLogit i 30.12 5-5.10_. ﬁs.ag
250 Barnoulli-Tosit -—— 25.40§-5.19. 56.1

[

0 o0

Note: Buffer indicates distances in meters around the geocoded address of residence of each study participant.

Distribution indicates the distribution in which depression was modeled. When the normal distribution was

assumed the values of depression were log transformed. IRR are incidence rate ratios. CI is confidence interval.

All models were adjusted by Age, Sex, Healthy-food index, Physical-Activity index, Body mass index,

Household income, Adverse Childhood Experiences, Social support index, and Peer alienation index.
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Figure 6a Social support as a pathway between brownness and depression, as continuous and ordinal, in 250

m buffer.

Depression as continuous
Buffer Dhistribution

IRR (95% CI)

250
250  Poison ) * 233 E-ll.ﬂl, 1?.11}
250 Negative binomial * 203 (-14.04_ 1990
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T I T
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Depression as ordinal
IRR (95% CI)
Buffer  Distribution
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250 Ordinal-Probit 2 3.53{-17.26, 24.33
250 Bernoulli-Probit + 3.0 {-18.71, 26.
e Drdinal-Logit - 387 5-13.?5__ 26.49;
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Figure 6b Peer alienation as a pathway between brownness and depression, as continuous and ordinal, in 250

m buffer.

Depression as continuous

Buffer Distribufion

IRR (95% CI)

230
250 Poimon — 22.15 (3.96, 4034
250 Negative binomial - 2345 (-2.09_ 40
230 mma * 2398 (4235222
250 Mormal e e — 185403204020
| T
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Depression as ordinal
Buffer Ditrbution IRR (95% C1)
- : BoaEn
50 Omind Brobat - 17 (00 BAT
75 Bemoulli-Srohit —_— 266887 21
75 Odina-Lozit —_— 3265 -&??,?4!‘?1!3
2 Bemoulli-Tosit —_— 2865 (014, 65

=50

=
=

Note: Buffer indicates distances in meters around the geocoded address of residence of each study participant.

Distribution indicates the distribution in which depression was modeled. When the normal distribution was

assumed the values of depression were log transformed. IRR are incidence rate ratios. CI is confidence interval.

All models were adjusted by Age, Sex, Healthy-food index, Physical-Activity index, Body mass index,

Household income, Adverse Childhood Experiences, Social support index, and Peer alienation index.
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4. Discussion

We observed negative but null associations between depression and residential greenness measured
with NDVI in a cross-sectional sample of nurse students in El Paso, Texas. We also found a
protective association between brownness and depression as well as an adverse association of
grayness. These results suggest that in desert regions, the predominant physical environmental
elements may be associated with depression. We also noticed that peer-alienation partially mediated
the link between depression and brownness, and greyness.

Our results do not support a direct association between depression and greenness in the desert
environment of El Paso among students, which are at risk of depression (Olvera Alvarez et al. 2019).
We believe that the lack of an association between greenness and depression in our study could be a
result of relatively low exposure levels to greenness in El Paso, where the median NDVI within
buffers of 250 m is 0.11 SD 0.03 (Inter Quartile Range 0.09; 0.11). This level is considerably below
USA’s mean NDVI reported by James and colleagues (2016) at the same buffer size of 0.47 SD 0.12.
The lack of association between greenness and depression observed here may suggest the existence
of a lower threshold for greenness to have a positive association with depression, which is unmet in
El Paso. Conducting future research to confirm the lower threshold level for which greenness may
affect depression is an important task for two reasons; first, depression has been shown to be a key
mediator between greenness and overall mortality in the US (James et al. 2016), and second, as
desertification and human exposure to desert landscapes increases globally, understanding the
minimal levels of greenness that we need to preserve is essential.

The observed protective association of brownness with depression in the continuous outcome could
be explained by the attention restoration theory discussed in the ethnobiology literature (Kaplan and
Kaplan 1989, Moura et al. 2017). Attention restoration theory suggests that perceptual fluency
displayed in overall nature -green or otherwise- facilitates attention restoration (Hagerhall et al.
2008) providing the brain an opportunity to recover from mental fatigue (Roe et al 2013). In this case,
the fractal patterns associated with the prominent brown elements of the dessert landscape may
reduce stress by facilitating the perception of a steadier repetition of visual information. It is also
plausible that participants of our study, who are mostly long-term residents of the region, have
become accustomed to the brown natural elements in El Paso and hence find it easier to assess safety
cues in that type of environment and hence counteract the fight or flight response triggered by the
acute social stressor (Browning and Olvera Alvarez, 2019). In our study, the adverse association of
greyness with depression also supports this interpretation, since we observed considerable increases
of depression for those individuals more exposed to impervious surfaces such as concrete or
buildings.

In terms of pathways between residential land patterns and depression, two findings associated
with social factors were studied, namely the null associations for social support and the mediation of
peer alienation. While this study did not find evidence that social support significantly mediates the
effect between land pattern and depression, we observed an association of similar magnitude to that
described by Pun et al. (2018) in a longitudinal study of 4,118 older adults across the United States in
regard to stress and greenness. In their analyses, social support mediated only 4.38% of the
association between stress and greenness. In our current study, social support mediated 2.26% of the
association between depression and greenness, yet our results were not significant, which may
indicate our analyses were underpowered. Conversely, our results suggest that peer alienation
explains about 18% of the association between environmental exposures and depression. More
precisely, depression increases if peer alienation increases, which in turn happens when brownness
decreases or greyness increases. We are unaware of other studies of greenness and depression, or
other human health outcomes, that have evaluated this specific concept. However, our findings
match those of a study of 10,089 Dutch residents that found decreases in social isolation partially
mediated the relationship between greenness and self-reported risk of psychopathology (Maas et al.
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2009). While more research is needed to validate the mediating role of alienation or isolation
between natural settings and mental health, the parallel findings from these two studies with vastly
different contexts (temperate Europe and American desert) and the lack of null findings from other
studies to the best of our knowledge hint that this effect may be generalizable to other contexts.

While this study presents novel findings regarding how brownness should be more explicitly
analyzed and considers possible mechanisms at play, the analysis has a few limitations. As this is a
cross-sectional study, the ability to draw causal inferences was limited since reverse causation
cannot be addressed. It is important to acknowledge that the low number of participants in the study
should temper our interpretation. However, all the control variables used in the analysis were
similar in magnitude and direction as the literature in depression has suggested. In addition, these
results may not be generalizable to other populations living in desertic zones because our sample
was composed of university students. While the NDVI is a reliable measure of green space (Rhew et
al. 2011), this scale does not distinguish between different types of green areas such as tree canopy or
parks, which may be related to the different magnitudes of the tested direct and indirect
associations, nor does it address quality of green spaces. In terms of time exposure or seasonality to
greenness, greyness or brownness, it was assumed that members of our sample were similar in this
regard, yet some students may have been exposed to more time in specific surroundings, with
more or less green, grey or brown, or over time the amount of greenness may have changed in their
neighborhoods, therefore affecting measurements of exposure to land patterns.

5. Conclusions

The results of this study suggest that greater presence of brown space in neighborhoods embedded
in desert-like environments may be associated with lower levels of depression, even when
controlling for individual-level confounders. Future studies could employ longitudinal data to
further address neighborhood self-selection, reverse causality and how the desert may impact
perceptual fluency and its association with depression. This will strengthen our ability to make
causal inferences that could facilitate specific efforts to modify or reorganize desertic environments
in which individual live in order to benefit their mental health.

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Figure B1: Structural
equation model diagram to estimate direct and indirect associations between PHQ9 and * brownness and
greenness’ controlling for nine covariates, Table B1: Direct effects to predict depression with greenness at 250 m
with four distributions (Poisson, Negative binomial, Gamma and Normal (log of depression)), Table B2: Direct
effects to predict depression with greenness at 1000 m with four distributions (Poisson, Negative binomial,
Gamma and Normal (log of depression)), Table B3: Direct effects to predict depression with greyness at 250 m
with four distributions (Poisson, Negative binomial, Gamma and Normal (log of depression)), Table B4: Direct
effects to predict depression with greyness at 1000 m with four distributions (Poisson, Negative binomial,
Gamma and Normal (log of depression)), Table B5: Direct effects to predict depression with brownness at 250 m
with four distributions (Poisson, Negative binomial, Gamma and Normal (log of depression)), Table B6: Direct
effects to predict depression with brownness at 1000 m with four distributions (Poisson, Negative binomial,
Gamma and Normal (log of depression)), Table D1: Variance inflation factor to test for collinearity among
variables and correlations, Table D2: Correlations among variables when considering greenness at 250 m, Table
D3: Correlations among variables when considering greenness at 500 m , Table D4: Correlations among
variables when considering greenness at 1000 m, Table D5: Correlations among variables when considering
greyness at 250 m, Table D6: Correlations among variables when considering greyness at 500 m, Table D7:
Correlations among variables when considering greyness at 1000 m, Table D8: Correlations among variables
when considering brownness at 250 m, Table D9: Correlations among variables when considering brownness at
500 m, Table D10 Correlations among variables when considering brownness at 1000 m, and Table E1:
Diagnostics Structural Equation Models
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