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ABSTRACT 23 

Life in urban areas is associated with various human health effects, including risks of 24 

developing cognitive problems and mental health issues. Epidemiological studies 25 

have established associations between urban nature, cognitive development and 26 

mental health, but why specifically we receive these health benefits remains unclear, 27 

especially in adolescents. Here, we used longitudinal data in a cohort of 3,568 28 

adolescents aged 9 to 15 years at 31 schools across London to develop a model and 29 

examine the associations between natural environment types, including green and 30 

blue space, and adolescent’s cognitive development, mental health and overall well-31 

being. We show that, after adjusting for other environmental, demographic and 32 

socio-economic variables, higher daily exposure rates to natural space and 33 

particularly woodland were associated with enhanced cognitive development and 34 

mental health during adolescence. Our results suggest that optimising ecosystem 35 

services linked to cognitive development and mental health benefits should prioritise 36 

the type of natural environment for sustainable urban planning decisions.  37 
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The past decades have seen a tremendous population growth in urban environments 38 

and is linked to a number of various human health effects1,2, including risks of 39 

developing cognitive problems and mental health issues3,4. The negative effects of 40 

the COVID-19 pandemic has further exacerbated mental health problems5,6, 41 

highlighting the importance to understand the dynamic interactions attributed to 42 

higher risk of cognitive problems and mental health issues in urban areas, which until 43 

now remain unclear. Emerging evidence suggests that exposure to natural 44 

environments plays an important role for cognitive development and mental health7–45 

9. The benefit of natural environments to mental health has been suggested to be 46 

comparable in magnitude to family history and parental age, higher than the degree 47 

of urbanisation, and lower than parent’s socio-economic status8. Sensory and non-48 

sensory pathways have been suggested as potentially important for delivering 49 

cognition and mental health benefits received from nature exposure10–15. Further 50 

research into these pathways will prove fundamentally important to establish a 51 

mechanistic pathway between nature and mental health. 52 

One of the barriers to understanding associations between natural environments, 53 

cognitive development and mental health is the use of inconsistent exposure 54 

definitions. Nature exposure has been measured, amongst others, as physical 55 

access to nature16, natural environment type17,18, nature dose19 and degree of 56 

urbanisation8,19. Wider-scale epidemiological research studying the association 57 

between nature and mental health has almost exclusively measured ‘greenness’ 58 

through vegetation indices such as the Normalized Difference Vegetation Index 59 

(NDVI), a unit-less index of relative overall vegetation density and quality7–9,20. NDVI 60 

tends to simplify ‘greenness’ without taking into account the types of natural 61 
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environment that exist. However, standing and flowing water bodies such as lakes, 62 

rivers or reservoirs (hereinafter called blue space) have been associated with mental 63 

health and cognitive development20,21. Similarly, forest has been proposed to 64 

generate a more restorative effect both psychologically18,22 and physiologically14, 65 

showing that forests have a more restorative effect when compared with overall 66 

urban green space, agricultural land or wetland, amongst others18,22. To date, there 67 

is no comprehensive analysis or agreement which measure of environmental 68 

exposure is more or less important.  69 

Many studies have often focused on adult assessments of exposures to natural 70 

environments in relation to mental health23. There is growing recognition of the 71 

importance of adolescent’s cognitive development and mental health, who are in the 72 

midst of their cognitive and mental development24. In fact, 1 in 10 of London’s 73 

children and adolescents (~111,600 persons) between the ages of 5 and 16 suffer 74 

from a clinical mental health illness and excess costs are estimated between 75 

£11,030 and £59,130 annually for each person24. As for adults, there is evidence that 76 

natural environments play an important role in children and adolescent’s cognitive 77 

development and mental health into adulthood8,9,25. However, many of these studies 78 

tend to exclude or simplify particular types of natural environment. Nonetheless, 79 

particular natural environment types such as blue space or woodlands have been 80 

suggested to influence children and adolescent’s mental health20,26, but to date it 81 

remains unclear what types of natural environment, if any, influence adolescent’s 82 

cognitive development and mental health. 83 
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Study design. In this study, we developed a set of models estimating the 84 

contribution of natural environment types to adolescent’s cognitive development and 85 

mental health and argue our findings can be used to inform future urban planning 86 

decisions. Our models demonstrated the benefit of urban natural environments and 87 

particularly woodland for cognitive development and mental health in adolescents. 88 

We focused our analysis on a longitudinal dataset of 3,568 adolescents from the 89 

Study of Cognition, Adolescents and Mobile Phones (SCAMP) across the London 90 

metropolitan area in the United Kingdom (Fig. 1a, Table 1 and Methods). We 91 

assessed cognitive development through a composite executive function (EF) score 92 

using computerised tests (Fig. 1b), while we assessed mental health through self-93 

reported questionnaires on emotional and behavioural problems using the Strength 94 

and Difficulties Questionnaire (SDQ) total difficulties score (Fig. 1c), and overall well-95 

being using the KIDSCREEN-10 Questionnaire Health-Related Quality of Life 96 

(HRQoL) score (Fig. 1d). Higher EF scores indicated better cognitive performance, 97 

while a higher SDQ total difficulties score and HRQoL score indicated worse mental 98 

health and overall well-being, respectively. We systematically mapped urban natural 99 

environments to identify each adolescent’s daily exposure rate (DER) around their 100 

residence and school within 50 m, 100 m, 250 m and 500 m in a three-tier stepwise 101 

characterisation of natural environments: (Model I [M I]) natural space, (Model II [M 102 

II]) green vs. blue space, and (Model III [M III]) grassland vs. woodland. Grassland 103 

and woodland were characterised as green space lower and higher than 1 m, 104 

respectively. Our models identified an important protective factor for adolescent’s 105 

cognitive development and mental health and we suggest that this can assist urban 106 

planners and decision-makers to sustainably manage urban nature. Unless stated 107 
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otherwise, our results were based on fully adjusted models with natural environment 108 

DERs with a daytime weighting and measured in buffer areas of 250 m (Methods). 109 

The impact of natural environment type on our outcomes. We estimated the 110 

change in adolescent’s cognitive development, mental health and overall well-being 111 

for each type of natural environment by fitting our longitudinal models 112 

(Supplementary Methods 1). We found that adolescent’s cognitive development 113 

improved with higher DER to natural space. When comparing those adolescents 114 

exposed to the highest level of natural space (~0.92%) to those exposed to the 115 

lowest level of natural space (~0.1%), we estimated a percent change in cognitive 116 

development of 2.14% (95% credible interval [CI]: 0.42, 4.29) using the EF score 117 

(Fig. 2a and Supplementary Figure 1a). We also provide the results for the SDQ total 118 

difficulties score and HRQoL score with natural space DER (Fig. 2b,c and 119 

Supplementary Figure 1b,c), where we found no improvement of mental health and 120 

overall well-being with higher DER to natural space, meaning the 95% CI included 121 

the null effect for both models. Our M II results for green space DER were almost 122 

identical to M I results for natural space DER. This is probably due to a high 123 

correlation between our DER for natural space and green space since adolescent’s 124 

DER to blue space was generally low (Supplementary Table 1). This also meant that 125 

our models did not find an improvement of adolescent’s cognitive development, 126 

mental health and overall well-being with DER of blue space (Fig. 2 and 127 

Supplementary Figure 2). 128 

To further assess the role of different types of natural environment to adolescent’s 129 

cognitive development, mental health and overall well-being, we characterised green 130 
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space into two distinct natural environment types, i.e. grassland and woodland. We 131 

found that a higher DER to woodland was associated with higher scores for cognitive 132 

development, and a lower risk of emotional and behavioural problems for 133 

adolescents. When all other confounding factors were held constant, there was a 134 

beneficial contribution to cognitive development by 0.42 (95% CI: 0.21, 0.57) points 135 

using the EF score and a reduction in the risk of emotional and behavioural problems 136 

by -0.17 (95% CI: -0.32, -0.03) points using the SDQ total difficulties score (Fig. 2 137 

and Supplementary Figure 3). We found no improvement of overall well-being with 138 

higher DER to woodland (Fig. 2c and Supplementary Figure 3c). When comparing 139 

those adolescents exposed to the highest level of woodland (~38%) to those 140 

exposed to the lowest level of woodland (0%) in our study, we estimated a percent 141 

change in cognitive development of 6.83% (95% CI: 3.41, 9.11) using the EF score, 142 

and a percent change in the risk of emotional and behavioural problems of -16.36% 143 

(95% CI: -27.49, -3.50) using the SDQ total difficulties score. We found no 144 

improvement of adolescent’s cognitive development and mental health with a higher 145 

DER to grassland with the exception of our outcome for overall well-being using the 146 

HRQoL score (Fig. 2 and Supplementary Figure 3).  147 

The role of other factors for our outcomes. We fitted our longitudinal models with 148 

a number of other factors to account for demographic, environmental and socio-149 

economic factors that are known to influence adolescent’s cognitive development 150 

and mental health 27,28. We found that our outcomes for adolescent’s cognitive 151 

development, mental health and overall well-being were influenced by a variety of 152 

other factors such as the adolescent’s age, ethnic background, gender, parental 153 

occupation and type of school (Supplementary Table 2,3,4). When compared to 154 
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independent schools for example, state schools were predicted to result in a 155 

negative contribution to adolescent’s cognitive development, mental health and 156 

overall well-being by a percent change decrease of -5.10% (95% CI: -6.05, -4.30) 157 

using the EF score, a 10% (95% CI: 5, 15) increase in the risk of emotional and 158 

behavioural problems using the SDQ total difficulties score, and an increase in odds 159 

of exhibiting low overall well-being by 57% using the HRQoL score (95% CI: 19, 160 

104). We also found that air pollution appears to be unstable in our models, 161 

influencing adolescent’s cognitive development in some but not all models using the 162 

EF score (Supplementary Table 2). When removing demographic, environmental, 163 

and socio-economic factors from our models, we showed that modelled 164 

environmental variables were, in general, tenfold smaller than the contribution of our 165 

demographic and socio-economic variables (Supplementary Table 5). This stepwise 166 

exclusion of fixed effects from our models highlights the relative importance of our 167 

demographic and socio-economic variables to adolescent’s cognitive development 168 

and mental health. 169 

To test the robustness of our findings, we did a series of sensitivity analyses to 170 

assess which models perform best for evaluating the association between natural 171 

environment types and adolescent’s cognitive development, mental health and 172 

overall well-being. This included testing each adolescent’s DER for (i) different buffer 173 

areas around their residence and school and (ii) a different weighting based on a full 174 

day (24 hours) instead of a daytime (12 hours) weighting (Methods). For our 175 

analyses of different buffer areas, we found that our results were consistent across 176 

different buffer areas but some models did suggest a weaker association with 177 

smaller buffer areas when compared with larger buffer areas (Supplementary Figure 178 
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1,2,3). When using a different weighting for our DER, we found that our models 179 

showed consistent patterns when we modelled with a DER based on a daytime or 180 

full day weighting (Supplementary Table 2,3,4). 181 

DISCUSSION 182 

To our knowledge, this is the largest epidemiological study to report on the impact of 183 

natural environment type exposure on cognitive development, mental health and 184 

overall well-being during adolescence. Our results showed a strong association 185 

between woodland exposure, and adolescent’s cognitive development and mental 186 

health. We also found that exposure to natural space or green space was associated 187 

with a beneficial contribution to cognitive development, while there was a weaker 188 

association for our mental health and overall well-being outcomes. Finally, we did not 189 

find a consistent association of blue space or grassland exposure with all outcomes. 190 

Overall, we observed that woodland exposure was associated with a beneficial 191 

contribution to cognitive development and a lower risk of emotional and behavioural 192 

difficulties during adolescence. This is in line with previous reports of woodland’s 193 

positive impacts on physical and mental health14,18,29, with the exception of a study 194 

performed in central Scotland30. Forest bathing, for example, is a relaxation therapy 195 

that has been associated with physiological benefits, supporting the human immune 196 

function, reducing heart rate variability and salivary cortisol, and various 197 

psychological benefits14,29. However, the hypothetical mechanisms why we 198 

experience these psychological benefits from woodland remain unknown. Higher 199 

audio-visual exposure through vegetation and animal abundance has been 200 

documented to improve mental health, of which both features are expected in higher 201 
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abundance in woodland12,31. Even though our results show that urban woodland is 202 

associated with adolescent’s cognitive development and mental health, the 203 

mechanistic pathway to explain this association remains unknown. 204 

Our results also showed that exposure to natural space or green space was 205 

associated with a beneficial contribution to adolescent’s cognitive development, 206 

which was consistent with previous studies9,32. Our findings of weaker associations 207 

between mental health and overall well-being outcomes with exposure to natural 208 

space or green space is consistent with the variability in these relationships found in 209 

previous studies7,8,16,33. It may be that most studies, including this study, do not 210 

account for the quality of green space, which has been proposed as more important 211 

than the quantity of green space34. Nevertheless, systematic reviews suggest that 212 

nature positively influences mental health; even though, evidence is often limited to 213 

cross-sectional studies, and inadequate particularly for adolescents23. 214 

We did not find a consistent association between blue space exposure, and our 215 

outcomes. However, we cannot dismiss that blue space may be associated with our 216 

outcomes as other studies have found associations20,35. In our study, 66.8% of 217 

participants had no blue space within 250 m, showing that the amount of blue space 218 

surrounding adolescent’s residence and school was low regardless. One explanation 219 

for this weak association may be the changing composition of natural environments 220 

from one place to the other, potentially changing a person’s attachment to nature36. 221 

Residents in coastal cities, for example, may have a different relationship with blue 222 

space compared to cities inland where blue space may be less abundant37. 223 

Alternatively, inconsistencies may be the result of different sampling techniques. For 224 
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example, other studies have used self-reported blue space visitation rates or blue 225 

space visibility and found associations with behavioural difficulties and psychological 226 

distress20,35. Inconsistencies due to different sampling techniques make it difficult to 227 

harmonize results into a consistent framework, but to date there has been no 228 

comprehensive analysis allowing for harmonisation of nature exposure data. 229 

Our findings suggested a stronger association with larger buffer areas when 230 

compared to smaller buffer areas, indicating that natural environments further away 231 

may play an important role for adolescent’s cognitive development and mental 232 

health. This contrasts with the hypothesis that immediate surroundings may be more 233 

relevant for mechanisms of psychological restoration20, and raises questions on the 234 

role of urban natural environments further away from a residence or school for 235 

receiving cognitive development and mental health benefits. At present, conceptual 236 

frameworks on nature and mental health discuss proximity to nature as a key 237 

component for assessing a person’s exposure to nature, but until now it remains 238 

unclear at what distance, if any, natural environments become less relevant to a 239 

person’s cognition or mental health38,39. Further research to resolve this critical 240 

knowledge gap may prove fundamentally important to understand the pathway 241 

through which adolescent’s receive cognitive development and mental health 242 

benefits from nature exposure. 243 

The study has several strengths. It used a high-quality cohort dataset that, to our 244 

knowledge, is the largest epidemiological study to report on the impact of natural 245 

environment types on adolescent’s cognitive development, mental health and overall 246 

well-being, a subset of the urban population which is often understudied. This large 247 
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sample had substantial spatio-temporal diversity on an urban scale for the London 248 

metropolitan area with sufficient statistical power to investigate interactions. The 249 

study used clinically validated instruments to define adolescent’s cognitive 250 

development, mental health and overall well-being. Previous studies have used 251 

satellite remote-sensing data for establishing associations between green space, 252 

cognitive development and mental health. In this study, we developed a quantitative 253 

measure of exposure by combining satellite, Light Detection and Ranging (LiDAR) 254 

and other data as a proxy for characterising natural environment types. This includes 255 

geographical data of high resolution to develop measures of natural environment 256 

DER such as NDVI at 10 m resolution and LiDAR data at 2 m resolution. This study 257 

also adjusted for other potential confounders through objective measures of air 258 

pollution exposure, socio-economic status and other individual-level factors.  259 

Despite of our large sample size using a rigorous longitudinal study design, our 260 

results could be influenced by a number of potentially confounding factors. For 261 

example, we cannot necessarily assume that adolescent’s DER to natural 262 

environments leads to increased use of natural environments as the quality of 263 

natural environments may also play a role20,34. Our data also did not provide 264 

information on when exactly adolescents moved to a new residence between the first 265 

and second visit, which may influence our DER measure. We also showed that 266 

modelled environmental factors were, in general, tenfold smaller than the 267 

contribution of other factors, indicating that increasing nature exposure may not be 268 

sufficient to improve adolescent’s cognitive development and mental health. 269 

Additionally, a considerable proportion of our participants (58.21%) were considered 270 

part of the group whose parents had the highest professional occupation, indicating 271 
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adolescents in less favourable socio-economic groups may be underrepresented in 272 

this study (Supplementary Table 6). Added to this, unmeasured factors such as 273 

crime rates may also influence our results40. We also wanted our study to be 274 

generalisable to the majority of schools in the UK, but we do not exclude that pupils 275 

attending special schools, pupil referrals and secure units may be differently affected 276 

compared to the general school-age population of the UK. Finally, although our study 277 

importantly sheds light on the role of natural environment types for cognitive 278 

development and mental health, it also highlights the gap in understanding the 279 

mechanistic pathway why we receive benefits from woodland over other natural 280 

environment types.  281 

CONCLUSION 282 

Our study showed that higher levels of woodland were associated with a beneficial 283 

contribution to cognitive development and a lower risk of emotional and behavioural 284 

problems during adolescence. These findings contribute to our understanding of 285 

urban natural environment as an important protective factor for adolescent’s 286 

cognitive development and mental health. Ensuring fair and equitable access to 287 

woodland could be an important tool to manage and minimise cognitive development 288 

and mental health problems, especially in adolescents who are in the midst of their 289 

development into adulthood. Lower access to woodland may also be an added risk 290 

factor among more vulnerable groups in society. Our findings contribute to our 291 

understanding of the physical and monetary valuation of cognitive development and 292 

mental health benefits received from urban nature, suggesting that not every natural 293 

environment type may contribute equally to these health benefits. As part of the 294 



  

14 

 

growing human health and nature research, our study concludes that understanding 295 

people’s local relationship with nature may be a key component to understand its 296 

association with cognitive development and mental health. This should be 297 

considered as part of ongoing efforts to sustainably develop urban nature and to 298 

standardise international measurement and environmental accounting frameworks 299 

for cognitive development and mental health benefits. 300 

METHODS 301 

Study population. We use data from SCAMP41, a longitudinal cohort study 302 

established to investigate how the cognitive development and behaviour of 303 

adolescents across the London metropolitan area might be affected by use of mobile 304 

phones and other technologies that use radio waves. A first (baseline or t0) and 305 

second (follow-up or t1) school visit were carried out between 2014 and 2018 with a 306 

time gap of approximately 2 years between the first and second visit for each school. 307 

Initially, 6,612 adolescents participated to the first visit, and 5,208 adolescents 308 

participated to the second visit. Our cohort is an open cohort where adolescents 309 

could enter after the first visit, and a total of 3,791 adolescents participated to both 310 

the first and second visit. For our analysis, we used a subset of 3,568 adolescents 311 

who had a known residence during the first and second visit (Fig. 1a, Table 1). Out 312 

of these 3,568 adolescents, 607 (~17%) moved residence between the first and 313 

second visit. This subset excluded 8 schools due to low sampling size (< 15 314 

adolescents per school). Included adolescents were on average 12 and 14.2 years 315 

old during the first and second visit respectively, and 57.9% of them were female 316 

(Table 1). The adolescents (n = 3,568) were part of 31 schools across London, of 317 
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which 12 were independent schools and 19 were state schools. Of the 31 318 

participating schools, 3 were located outside the Greater London Authority (GLA) 319 

administrative area (Fig. 1a). During the assessments, information was gathered on 320 

age, gender (two levels: female or male), ethnicity (five levels: White, Black, Asian, 321 

mixed or other), school type (two levels: state or independent), parental occupation 322 

(five levels: managerial/professional occupations, intermediate occupations, small 323 

employers/own account workers, lower supervisory/technical occupations or semi-324 

routine/routine occupations)42, and area-level deprivation (divided in quintiles ranging 325 

from category 1 ‘least deprived’ to category 5 ‘most deprived’). We used the 326 

Carstairs deprivation index, an area-level composite measure of deprivation 327 

to identify socio-economic confounding43. The Carstairs index consists of four 328 

variables from the UK Office of National Statistics 2011 Census: proportion of low 329 

social class, lack of car ownership, household overcrowding and male 330 

unemployment44. We categorised the Carstairs deprivation score into quintiles to 331 

explore the relative deprivation across areas within which adolescents live. Further 332 

characteristics of the study population are presented in Table 1 and Supplementary 333 

Table 6. All parents or guardians signed the informed consent, and the study was 334 

approved (REC reference: 14/NW/0347) by the Health Research Authority NKES 335 

Committee North West - Haydock. Study population data are not publicly available 336 

for data protection issues. To request access to the data, contact M. B. Toledano at 337 

m.toledano@imperial.ac.uk. 338 

Outcomes. Adolescent’s cognitive development was assessed through a composite 339 

score of three computerised EF tasks (i.e. Backward Digit Span [BDS], Spatial 340 

Working Memory [SWM] and Trail Making Task [TMT])45–47. Versions of these tasks 341 
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are widely used in EF literature. EF composite was only calculated for adolescents 342 

who completed all three contributing tasks. We derived the EF composite at t0 by 343 

taking an average of Z-scores for the key performance measure for each EF task48. 344 

The composite score at t1 was derived by taking an average of scores for the same 345 

EF tasks, equivalently adjusted by the mean and SD from the t0 performance. Z-346 

scores and adjusted values were calculated across the whole population at each 347 

time point. TMT and SWM values were reverse coded prior to taking the average. EF 348 

values were continuous and higher EF values indicated better cognitive performance 349 

(Fig. 1b). 350 

We assessed adolescent’s mental health and overall well-being from the self-351 

reported SDQ and the KIDSCREEN-10 Questionnaire taken by each adolescent49. 352 

The SDQ total difficulties score assesses the emotion and behaviour of adolescents 353 

and was calculated by summing the scores for the four difficulties subscales on 354 

emotional problems, conduct, hyperactivity and peer problems. Each subscale 355 

comprised of five items that can be scored 0, 1 or 2 and each subscale score can 356 

therefore range from 0 to 10. An SDQ total difficulties score was treated as count 357 

data where a higher value represented more behavioural difficulties (Fig. 1c)49. The 358 

Cronbach’s 𝛼 for the SDQ in our first and second visit sample was 0.79 and 0.78, 359 

respectively, indicating an acceptable internal reliability50. 360 

The KIDSCREEN-10 HRQoL score consists of 10 self-reported items covering 361 

physical, psychological and social dimensions of well-being, with adolescents 362 

indicating the frequency or severity of each item on a 5 point Likert scale (1 = 363 

never/not at all, 2 = almost never/slightly, 3 = sometimes/moderately, 4 = almost 364 
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always/very and 5 = always/extremely). Totals of these 10 items were summed with 365 

higher values indicating better HRQoL. Rasch person parameters were assigned to 366 

each possible total based on the Rasch model, a psychometric model commonly 367 

used for measurements of categorical data51. The Rasch-scaled single score of 368 

HRQoL was then transformed into scores with a mean of 50 and a standard 369 

deviation of approximately 10, where a higher score indicates a better HRQoL (Fig. 370 

1d)51. The Cronbach’s 𝛼 for the KIDSCREEN-10 Questionnaire in our first and 371 

second visit sample was 0.75 and 0.78, respectively, indicating an acceptable 372 

internal reliability50. In line with previous studies, binary cut-offs were applied based 373 

on the lower 10% of the sample distribution (i.e. t0 and t1 mean below 39.28 and 374 

36.51, respectively) to identify adolescents with noticeably low overall well-being 375 

(two levels: 0 - high overall well-being and 1 - low overall well-being)52. All data on 376 

adolescent’s cognitive development, mental health and overall well-being were 377 

gathered using Psytools software (Delosis Ltd., London). 378 

Quantification of natural environment composition. Our exposure assessment of 379 

urban natural environment was based on a three-tier stepwise characterisation: (M I) 380 

natural space, (M II) green vs. blue space, and (M III) grassland vs. woodland. We 381 

used different data sources to quantify the natural environment surrounding the 382 

residential and school area of each adolescent. Firstly, we generated a NDVI spatial 383 

layer of our study area using data from the Sentinel-2 satellite at 10 m spatial 384 

resolution53. NDVI is a unit-less index of relative overall vegetation density and 385 

quality based on differential surface reflectance in the red and near infrared 386 

regions54. It ranges between -1 and 1; generally, moderate values (0.2–0.3) 387 

represent shrubs and grassland, while high values (0.6–0.8) indicate temperate and 388 
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tropical rainforests54. In our study, we used NDVI values > 0.2 to identify vegetated 389 

areas as green space. We generated our NDVI layer by using Google Earth Engine 390 

to filter out satellite data between July 1st 2015 and July 1st 2017 for images with less 391 

severe cloud cover (<5%)55. Images covering the same area at different dates were 392 

then mosaicked into a single complete and cloud-free image of NDVI 393 

(Supplementary Figure 4a). Secondly, we created a spatial layer from surface and 394 

tidal water maps to quantify blue space in our study based on the Ordnance Survey 395 

(OS) Open Map, a large-scale digital map covering Great Britain (Supplementary 396 

Figure 4b)56.  397 

To further assess fine-scale natural environment types within green space, we used 398 

LiDAR data from the Environment Agency (data.gov.uk, accessed July 2nd 2018, 399 

licensed under the Open Government Licence 3.0) (Supplementary Figure 4c)57. We 400 

used the LiDAR Composite Digital Surface Model and Digital Terrain Model at 2 m 401 

spatial resolution to estimate object height across our study area. Within green 402 

space, we split vegetation into two height strata: 0 - 1 m and (>1 m), where we 403 

assumed that vegetation between 0 - 1 m was predominantly grassland, and 404 

vegetation >1 m was woodland57.  405 

We calculated each adolescent’s proportionate DER to each natural environment 406 

characterisation in buffer areas of 50 m, 100 m, 250 m and 500 m around the 407 

residential and school area: 408 

 𝐷𝐸𝑅 = 	
(!"#"	%	&'#"() )#	%	&'('

)
 (1) 409 
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where DER is the daily exposure rate, RER is the residential exposure rate and SER 410 

is the school exposure rate. We assumed each adolescent spent the weekend in 411 

their residential area, while we weighted weekdays by the daytime (12 hours) 412 

adolescents were assumed to spend at home (4 hours) and at school (8 hours). 413 

Adolescents who moved residence between the first and second visit had a different 414 

DER during t0 and t1. We selected different buffer areas to assess the consistency of 415 

our results in a comparable manner with previous studies8,9,20. Based on the above 416 

formula, we calculated natural space DER by converting and merging our NVDI and 417 

water layers into a combined raster layer. Then, we calculated green and blue space 418 

DER by using our NDVI and water layers separately. Finally, we calculated 419 

grassland and woodland DER by combining our NDVI and height strata layers. The 420 

different spatial resolutions of our NDVI and height strata layers resulted in 421 

classification errors where pixels were misclassified as grassland or woodland when 422 

in fact it was part of the built environment. To correct for this, we excluded buildings 423 

from these layers using the buildings feature from OS Open Map (Supplementary 424 

Figure 4d)56. It was not possible to use blue space DER of the 3,568 participants 425 

because 2,383 adolescents (66.8%) had, for example, no blue space within 250 m. 426 

We therefore reclassified blue space into tertiles (three levels: level 1 - no blue 427 

space, level 2 - blue space with a DER below the mean, and level 3 - blue space 428 

with a DER above the mean). 429 

Quantification of outdoor air pollution. Considering the ability of nature to mitigate 430 

local air pollution58, we hypothesised that exposure to air pollution could be an 431 

underlying confounder between nature exposure and cognitive development59. We 432 

did not hypothesise this for our mental health and well-being outcomes because 433 
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studies on the association between air pollution and these outcomes are still 434 

inconclusive60,61. We based our exposure assessment of air pollution on emission 435 

estimates of key air pollutants using the London Atmospheric Emission Inventory 436 

(LAEI) 2016 from GLA and Transport for London (data.london.gov.uk, accessed 437 

February 27th 2020, licensed under the UK Open Government Licence 2.0). The 438 

LAEI estimated ground level concentrations of four air pollutants (nitrogen dioxide 439 

[NO2], nitrogen oxides [NOx], and particulate matter with a diameter of 10 microns or 440 

less [PM10] or 2.5 microns or less [PM2.5]) using an atmospheric dispersion model, 441 

and covered Greater London, as well as areas outside Greater London up to the 442 

M25 motorway. A total of 3,305 adolescents (out of 3,568 adolescents) were located 443 

within the M25 motorway and therefore eligible to measure ambient air pollution. 444 

Similar to the characterisation of natural environment types, we calculated each 445 

adolescent’s average DER to each air pollutant in buffer areas of 50 m, 100 m, 250 446 

m and 500 m around the residential and school area following equation 1. The 447 

Pearson’s correlation coefficient among DERs ranged from 0.95 (between NO2 and 448 

PM10) to 0.98 (between NO2 and NOx) (Supplementary Table 7). To avoid 449 

multicollinearity, we used NO2 DER as it is a commonly used proxy for traffic-related 450 

air pollution. 451 

Statistical analyses. Our modelling framework consisted of Bayesian longitudinal 452 

regression models to account for spatial and temporal correlations. We examined the 453 

relationship between natural environment type DERs, and our cognitive 454 

development, mental health and overall well-being outcomes. Inference was 455 

performed using Integrated Nested Laplace Approximation (INLA)62. The Pearson’s 456 

correlation coefficient among natural environment DERs ranged from 0.38 (between 457 
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grassland and woodland) to 0.99 (between natural space and green space) 458 

(Supplementary Table 1). The high Pearson’s correlation coefficient was not 459 

considered a problem because we performed separated analyses for the different 460 

DERs. In particular, we developed three multilevel modelling structures including 461 

these as fixed effects, where M I included natural space DER, M II included green 462 

and blue space DER, and M III included grassland and woodland DER. Our 463 

outcomes consisted of two repeated measures per adolescent, i.e. a t0 and t1 464 

measure. We assumed a Gaussian, Poisson and Binomial distribution for the EF 465 

score, SDQ total difficulties score and HRQoL score, respectively. We included a 466 

random effect term for adolescent identifier to allow for between-adolescent 467 

variance, while we used a random effect term for tests at the time of visit (two levels: 468 

first or second visit) for each adolescent to introduce correlation among the repeated 469 

measurements. School was not added as an additional random effect in our 470 

multilevel model because it did not improve the model fit, and three different cross-471 

validation techniques were used for model comparison and selection 472 

(Supplementary Table 8,9,10). We explored the possibility to include a spatial effect, 473 

but residual analysis of our fully adjusted models indicated that the data was not 474 

spatially clustered using the Moran’s I test (Supplementary Table 11). Fully adjusted 475 

models included natural environment type DERs, age, area-level deprivation, 476 

ethnicity, gender, parental occupation and school type, and models with the EF 477 

score were additionally adjusted for air pollution. Additionally, we did a stratified 478 

analysis to investigate potential changes in point estimates and avoid potential bias 479 

from over adjustment (four levels: unadjusted, adjusted for ethnicity and school type, 480 

adjusted for socio-economic factors and adjusted for all factors) (Supplementary 481 
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Figure 1,2,3). A detailed description of the model structures is given in 482 

Supplementary Methods 1. Prior to the longitudinal analysis, a cross-sectional 483 

analysis of the cohort during the first visit was done which was qualitatively similar to 484 

the longitudinal results and is therefore not further discussed (Supplementary 485 

Methods 2 and Supplementary Figure 5). 486 

We performed the following sensitivity analyses to determine the best models for 487 

evaluating the association with natural environment type DER by fitting additional 488 

Bayesian mixed-effect models for (i) the association with different buffer areas 489 

(Supplementary Figure 1,2,3) and (ii) the association with a different weighting of 490 

natural environment type DERs based on a full day (24 hours) instead of a daytime 491 

(12 hours) weighting where we assumed adolescents spend 16 hours at home and 8 492 

hours at school during the weekdays (Supplementary Table 2,3,4). In the main text, 493 

unless stated otherwise, results were based on fully adjusted models with natural 494 

environment type DERs with a daytime weighting and measured in buffer areas of 495 

250 m because we found no strong difference when measuring at different buffer 496 

areas, and between daytime or full day weighting. We did all data processing and 497 

statistics in Python 3.7.3., ArcGIS 10.7 and R 4.0.0 via RStudio using the packages 498 

brinla, ggplot2, ggpubr, R-INLA, MBA, raster, rgdal, sp and spdep63. 499 

DATA AVAILABILITY 500 

Study population and environmental exposure data around each adolescent’s 501 

residence and school are not publicly available for data protection issues. To request 502 

access to the data, contact M. B. Toledano at m.toledano@imperial.ac.uk. 503 

Environmental data at the basis of our environmental exposure data are available at  504 
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github.com/MikaelMaes/HumanExposure.git. The environmental data are based on 505 

publicly available sources. Sentinel-2 satellite data are available using Google Earth 506 

Engine at earthengine.google.com. Buildings, surface water and tidal water layers 507 

from the OS Open Map are available at ordnancesurvey.co.uk. LiDAR data from the 508 

Environment Agency are available at data.gov.uk. Air pollution estimates using the 509 

LAEI 2016 from GLA and Transport for London are available at data.london.gov.uk. 510 

The full model outputs that support the findings of this study are available in the 511 

Supplementary Information. 512 

CODE AVAILABILITY 513 

The source code to compute our NDVI layer from satellite data using Google Earth 514 

Engine is available at earthengine.google.com. The code for processing raw LiDAR 515 

data, creating our environmental exposure variables and modelling our data is 516 

available at github.com/MikaelMaes/HumanExposure.git. 517 
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FIGURES 709 

 710 

Fig. 1. Geographic distribution of our study population and associated health variables for 711 
cognitive development, mental health and overall well-being. (a) Residential location during the 712 
second (t1) visit of the 3,568 adolescents with a known residence during the first (t0) and second visit 713 
of the Study of Cognition, Adolescents and Mobile Phones and the 31 participating schools across the 714 
London metropolitan area, United Kingdom. Histograms show our t0 (blue) and t1 (red) outcome for 715 
cognitive development: (b) Executive function score, and our outcomes for mental health and overall 716 
well-being: (c) Strengths and Difficulties Questionnaire total difficulties score and (d) KIDSCREEN-10 717 
Questionnaire Health-Related Quality of Life score. A dashed line marks the median (Q1-Q3) for our t0 718 
and t1 outcomes, i.e. for (b) t0: 0.16 (-0.30, 0.56), t1: 0.33 (-0.10, 0.76), (c) t0: 9 (6, 13), t1: 10 (7, 14) 719 
and (d) t0: 48.28 (43.34, 53.10), t1: 45.66 (41.23, 49.76).720 
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 721 

Fig. 2. Effects and 95% credible intervals (CI) of natural environment type daily exposure rate 722 
(DER) with cognitive development, mental health and overall well-being across London. The 723 
association between (a) executive function (EF) score, (b) Strengths and Difficulties Questionnaire 724 
total difficulties score and (c) KIDSCREEN-10 Questionnaire Health-Related Quality of Life score with 725 
the natural environment type DER of Model I: natural space ( ), Model II: green space ( ), blue 726 
space level 2 ( ) and blue space level 3 ( ), and Model III: grassland ( ) and woodland ( ). 727 
Blue space DER was reclassified into tertiles because 2,383 adolescents (~66.8%) had no blue space 728 
within 250 m (Methods). Fully adjusted model was plotted with posterior mean and 95% CI and 729 
included age, area-level deprivation, ethnicity, gender, parental occupation and school type. Models 730 
with EF as the outcome were additionally adjusted for air pollution. The vertical line (grey) is the 731 
reference line and is set to zero or one depending on the model used for the outcome in analysis. 732 
Hollow plus or minus signs indicated whether the association had a positive or negative contribution 733 
towards high cognitive development / good mental health vs. low cognitive development / poor mental 734 
health. 735 
 736 

 737 



  

34 

 

TABLES 738 

 Table 1. Cohort characteristics of the 3,568 adolescents with a known residence during the 739 
first (t0) and second (t1) school visit. Data from t0 and t1 were based on participants who took part in 740 
the computer-based assessment. Parental occupation is based on the highest National Statistics 741 
Socio-economic Classification (NS-SEC) level (five-group version) of either parent. Qn1, Qn2, Qn3, 742 
Qn4 and Qn5 of area-level deprivation represented the first, second, third, fourth and fifth quintile of 743 
the Carstairs deprivation index, respectively. Full cohort characteristics during t0 and t1 are available in 744 
Error! Reference source not found.. 745 

  n = 3,568 
  Median IQR 
Age (years)  12.96 12.02-14.22 
Parental occupation  n % 
    Managerial/professional occupations  2077 58.21 
    Intermediate occupations  292 8.18 
    Small employers/own-account workers  507 14.20 
    Lower supervisory/technical occupations  161 4.51 
    Semi-routine/routine occupations  398 11.15 
    Missing/not interpretable  133 3.72 
Area-level deprivation    
    Least deprived (Qn1)  580 16.25 
    Qn2  561 15.72 
    Qn3  620 17.37 
    Qn4  747 20.93 
    Most deprived (Qn5)  1058 29.65 
    Missing  2 0.05 
Gender    
    Female  2069 57.98 
    Male  1499 42.01 
Ethnicity    
    White  1617 45.31 
    Black  523 14.65 
    Asian  959 26.87 
    Mixed  406 11.37 
    Other/not interpretable  31 0.86 
    Missing  32 0.89 
Type of school    
    State  2556 71.63 
    Independent  1012 28.36 

 746 


