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Microbiota composition is moderately associated with
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Abstract

Exposure to natural environments, known as greenspace, appears to positively influence
health, yet the mechanisms are unclear. Given that gut microbiota are associated with
inflammatory disorders more prevalent in urban areas and individuals with lower greenspace
exposure, microbiota may act as a mediator between greenspace and health. Using 2443
participants of the TwinsUK cohort, microbiota differences were compared in relation to
rural/urban living and with quantiles of area-level greenspace at three different
neighbourhood distances: 800m, 3000m and 5000m. Using microbiota data captured from
faecal samples using 16S rRNA marker gene sequencing, small compositional differences in
association with 3000m greenspace (p=0.003) in models adjusted for confounders of
microbiota variance (sequencing depth, antibiotics use, body mass index, frailty, age, diet,
region and socioeconomic variables) were observed. Differences in abundances of genus
were observed for all measures of greenspace in adjusted models; a key pathogenic genus
was increased in abundance in association with urbanicity (Escherichia/Shigella, logFC =
0.73742, padj < 0.001). Further, utilising the twin structure, within-pair differences in
microbiota composition were compared and associations with 800m greenspace observed
(factor level significance in association with greatest difference, = 0.08, p=0.0162) as were
differences in Escherichia/Shigella. The microbiota signature of those with a greater
exposure to greenspace, but not necessarily explicitly rural individuals, was distinct from

other individuals, suggesting microbiota as a potential mediator for greenspace and health.

Keywords: Greenspace, microbiota, rural-urban classification, twin differences
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Introduction

The human gut microbiome is the collective genome and surrounding environment of the assemblage
of microorganisms inhabiting the gastrointestinal tracts (Goodrich et al., 2016; Marchesi and Ravel,
2015). It interacts with the immune system, is essential for nutrient processing, and offers protection
from pathogens (Geva-Zatorsky et al., 2017; Litvak and Baumler, 2019; Magnusdottir et al., 2015).
The microbiome is therefore increasingly considered a target for clinical intervention. Whilst the
extent of its influence on health is still being debated, there is evidence that it can be considered a
biomarker and potential mediator of environmental exposures and health (Cresci and Bawden, 2015).
Indeed, because of the relatively low influence of genetics on its composition, environmental factors
are key to understanding the forces shaping its composition (Rothschild et al., 2018). Whilst
influences such as diet, medication use and disease status have been more widely studied (for
example: Ordiz et al., 2015; Shreiner, Kao and Young, 2015; Jackson et al., 2016; Belzer et al., 2017;
Weersma, Zhernakova and Fu, 2020), the influence of environmental factors more distal to the host
on microbiota composition, such as where an individual lives, are less well understood (Schmidt et al.,
2018). This is despite both the emerging importance of the microbiome and increasing evidence that

exposures from the environment influence health.

High levels of exposure to natural environments may, for certain conditions, have similar therapeutic
benefits equivalent in magnitude to some drug treatments (Twohig-Bennett and Jones, 2018) and
consequently, urban greenspaces have been proposed as a means to mitigate the negative health
impacts of urbanisation. Whilst frequently proposed because of the association of inflammatory and
chronic immunological disease and urbanisation, it is unclear whether the mode of action for the
observed benefit is mediated by the gut microbiota (Rook, 2013; Rook et al., 2013). Previous studies
have suggested differences in the microbiota by urbanicity (Obregon-Tito et al., 2015), but have not

assessed the relative importance of exposure to different types of environment.
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Associations between any health trait and greenspace are likely confounded by the complex
interdependency of social and behavioural factors that contribute to an individual’s greenspace
exposure (Robinson and Jorgensen, 2020; Stamper et al., 2016). This study makes use of the
TwinsUK cohort, the UK’s largest registry of twins, and aims to investigate how microbiota

assemblages differ by greenspace or urbanicity.

Methods

Participants

Participants were members of TwinsUK, the UK's largest registry of mono and dizygotic twins, run
out of the Department of Twin Research & Genetic Epidemiology, King’s College London. Incepted
to study the heritability of osteoarthritis and osteoporosis, the registry has grown to be one of the most
clinically detailed twin cohorts worldwide (Verdi et al., 2019). Data from twins is collected
approximately every four years either upon visit to the Clinical Research Facility, or via questionnaire
collected on a more frequent basis over the telephone, sent in the post, or filled in and brought to
visits. For the purposes of this analysis, all measures were matched based on date unless otherwise
stated. 3218 samples from 2707 individuals from within the TwinsUK cohort with appropriately
collected and processed 16S rRNA gene sequence data were considered for this analysis. 3010
samples were successfully geocoded; those where a postcode match could not be found were likely
due to an administrative error, recording of a now disused postcode, or because the participant lived
abroad. Participants were spread across the UK, with the majority in England (96.5%), of which
43.8% were living in South East of England or Greater London at time of microbiota sample. For
primary analysis, the earliest sample provided by individuals was used where applicable with repeat
samples provided by the same individual on the same day removed (sample chosen at random for

removal), resulting in 2443 samples/individuals considered in this analysis.
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Microbiome samples

Profiles of gut microbiota composition for each twin were available as a subset generated from faecal
samples as previously described (Goodrich et al., 2016). Samples were collected and sequenced on a
rolling basis between November 2011 and 2015. Participants stored samples in sealed ice packs and
either posted them to the research department or provided them during clinical visit. Samples were
stored at —80 °C and shipped frozen to Cornell University for DNA extraction and amplification of
the V4 variable region of the 16S rRNA gene amplified in duplicate by PCR using 515F and 806R
primers, following isolation of genomic DNA using the ‘MoBio PowerSoil htp DNA isolation kit’
from an aliquot of ~100mg of each sample. As described by Goodrich and colleagues 2014, PCR
reactions comprised 2.5 U Easy-A high-fidelity enzyme, 1 x buffer, 10-100 ng DNA template, and
0.05 uM of each primer. Initial denaturation was carried out at 94°C for 3 min followed by 25 cycles
of denaturation at 94°C for 45 seconds, followed by annealing at 50°C for 60 seconds, extension at
72°C for 90 seconds, and a final extension at 72°C for 10 minutes. A magnetic bead system was used
to combine and purify the PCR reactions and washout contaminants. The QuantiT PicoGreen dsDNA
Assay Kit was used to quantify the PCR amplicons, aliquots of which were combined for a final
concentration of approximately 15 ng/p. This 16S rRNA gene is a unit of the bacterial genome that
exhibits extreme sequence conservation whilst containing 9 hypervariable regions that can be targeted
for broad differentiation between microbial lineages (Tringe and Hugenholtz, 2008). For the

limitations and advantages to this approach see Weinstock (2012) and Pollock et al. (2018).

The resulting sequences were analysed as amplicon sequence variants (ASVs) following the DADA2
pipeline (Callahan et al., 2016). Briefly, DNA sequences were demultiplexed, and separate forward
and reverse read files were generated for each sample using QIIME (Caporaso et al., 2010). Quality of
sequences was assessed, with ends trimmed to remove poor quality reads, error estimated within-
sample for forward and reverse reads, and then the ASV algorithm applied. Forward and reverse
ASVs were joined, and the total dataset merged. Chimeras were removed. Taxonomic assignment was

via SILVA 1.3.2. Samples with less than 10,000 sequences or with only one viable read direction
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were removed. ASVs can be considered as a ‘taxonomic unit’ of the microbiome, akin to a species of
microorganism as best estimated using the 16S rRNA gene sequencing method, with taxonomic
description at the lowest resolution possible for that sequence (i.e. some ASVs will be mapped to a

species, others will only be assigned to a taxonomic order or family).

Residential location

To maximise the likelihood that the participant was living at the address when the sample was
provided, residential postcodes (zipcodes) of study participants were linked to microbiota samples by
the nearest date of a provided postcode prior to the sample date rather than the date outright. Matched
postcodes were then geocoded based on their centroids (centre points) in R using package
‘PostcodesioR’ (Walczak, 2019), a wrapper that allows R interface with Postcodes.io and maps

postcodes to Ordnance Survey postcode centroids.

Key predictor variables

The environmental exposure variables considered in this study were measures of urbanicity and

greenspace, computed as follows.

To measure urbanicity, the Rural-Urban 2-fold classification (RUC) was linked to each individual’s
postcode as a measure of the urbanicity of their local area. The RUC was defined at the 2011 UK
Census ‘output-area’ level (For data sources, please refer to data availability). The measure was
included to compare whether simply urbanicity, rather than greenspace, might shape microbiota

composition.

For the measurement of greenspace in the residential vicinity of each study participant, buffer zones
around each postcode were calculated using the Ordnance Survey Open Roads dataset that indicates

the footpath and roads network across the UK. Using the QGIS 3.4.2 package, the area covering the
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800m, 3000m and 5000m road and path networks from postcode centroids was converted to a
polygon (closed geographical unit) representing the area surrounding an individual’s home based on
travel distance. Buffer distances were chosen to represent the effect of the immediate environment
surrounding the home as well as the wider environment an individual might move through on a daily

basis (Hillsdon et al., 2015).

The 25m? Land Cover Map of Great Britain 2015 (LCM, version 1.2) was downloaded from the
Centre for Ecology & Hydrology via the ‘Digimap’ data portal. The LCM uses satellite data to
classify landcover across the UK into 21 classes. Buffer polygons were overlaid with the LCM, and
percentage of each landcover type falling within each was calculated, with all the 21 classes that were
not considered as “urban’ or ‘suburban’ being considered as greenspace. For the purposes of this
analysis, greenspace percentages were defined as within-population quantiles. For details on the data

sources please refer to the data availability section.

Statistical analysis

All statistical analyses were undertaken in RStudio using R version 3.6.3. Missing covariate data
(Body Mass Index BMI, frailty, diet and antibiotic use) were imputed using the ‘missForest” R
package, an iterative imputation method based on random forest, that can impute both continuous and
categorical data (Stekhoven and Buhlmann, 2012). Covariates were compared for their differences by
the key outcome variables (urbanicity and greenspace) using pairwise Wilcoxon rank sum tests or chi-
squared tests depending on the variable. Means, standard deviations (for continuous variables) and

percentage of the dominant class (factor variables) were calculated.

Compositional (beta diversity) analysis

A compositional framework was favoured for comparison of inter-individual community composition

(sometimes referred to as ‘Beta diversity’) (Gloor et al., 2017). Hypothesising that the composition
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and presence of rarer microbes were more likely to differ geographically than ubiquitous ones, and
equally, that it was of interest to understand whether the composition of the conserved microbial
function differed spatially, ASVs were subset to those ‘abundant’ (>20% of the population, a
frequently used cut off in microbiota analysis) and ‘rare’ (ASVs in between 7.5-20% of the
population). As a noise-reduction strategy, abundant ASV table were ‘collapsed’ to genus (i.e.
transformed counts were grouped together where their taxonomic assignment suggested they belonged

to the same genera).

For this aspect of the analysis, following methods of Tipton et al. (2018), a pseudocount was added to
the ASV table (prior to subsetting) using a Bayesian-multiplicative replacement of count zeros via the
‘zCompositions’ package (Palarea-Albaladejo and Martin-Fernandez, 2015). Samples were subset as

described above (i.e. rare, abundant and genus), and relative abundance of the samples was calculated
in ‘phyloseq’ (McMurdie et al., 2013), followed by a centred-log ratio (CLR) transformation. Finally,

Aitchison’s distance calculated on each table.

Our analysis was framed by the use of permutational analysis of variance (PERMANOVA) using the
vegan package (Oksanen et al., 2015) to assess variation in microbiota composition in association
with outcome variables (i.e. how different are microbial assemblages in individuals living in areas of
high greenspace compared to low greenspace). The model works by comparing group with the null
hypothesis that group centroids and dispersion (defined by a distance matrix) are equivalent for all
groups (Anderson, 2001). Homogeneity of variance and pairwise comparison of factors were assessed

using beta.dispers and pairwise.adonis respectively.

PERMANOVA describes how variation of (in this case) a distance matrix can be attributed to
different factors and variables. When specifying the model, terms are added sequentially, and
therefore where factors are correlated, the extent of variance that they explain diminishes if they are
added after a corollary (Anderson, 2001). Therefore, a nested approach was taken, as follows -
Model 1: where models were performed with the habitat variable adjusted for family structure (to

account for twin relatedness) and library size (a technical variable representing the number of
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sequences per sample). Model 2: models adjusted as in Model 1 with the addition of their geographic
region (to account for differences simply as a facet of distance/location, with the regions grouped as
follows: 1. East Midlands, 2. East of England, 3. London, 4. North England & Scotland, 5. South East,
6. South West, 7. West Midlands and 8. Yorkshire and the Humber). Model 3: A saturated model, as
in Model 2 with the inclusion of potential mediatory and confounding biological variables, all of
which have previously been shown to associate with microbiota composition in this cohort. They
were: body mass index (BMI), a measure of dietary quality in the form of the healthy eating index
(HEI) (Bowyer et al., 2018), the frailty index — a measure of health deficit derived using Rockwood’s
method (Searle et al., 2008), age at microbiota sample, antibiotic use in the previous month, highest
educational attainment and the area-based Index of Multiple Deprivation (IMD). The final two were
considered as key measures of socioeconomic status, with the latter being an important capture of
area-level deprivation. To understand the relative variance explained by each variable comparatively,

where statistically significant Model 3 was repeated to include all terms marginally.

As a result of the above methodology, three outcome measures were assessed in the sequential
manner as laid out above based on Aitchinson’s distance matrix calculated on abundant ASVs, rare
ASVs and genera, with the four key variables of interest as: 1) RUC, 2) 800m greenspace quantiles, 3)
3000m greenspace quantiles and 4) 5000m greenspace quantiles, totalling 36 models. Therefore the
multiple-testing alpha threshold was set as 0.004 for the PERMANOVAS, by assuming very
conservatively independence of the 3 Aitchinson’s distances and 4 outcome variables, but not

adjusting to account for the sequential design (i.e. 0.05/(3x4)).

Differences in ASV and genera abundances

Differences in ASV abundances were assessed using the DESeq?2 pipeline (Ben J Callahan et al.,
2016; Love et al., 2014) using both the abundant ASVs and genera tables described above,
transformed using the variance stabilising method internal to DESeq2. Models were fitted both
unadjusted and adjusted for sequencing depth, antibiotics in the month prior to sample collection,

Body Mass Index, frailty, age, diet, index of multiple deprivation, highest educational attainment and
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region of living. Results were false-discovery rate adjusted using the the Benjamini—Hochberg

procedure.

Twin-pair differences

Twin pair differences were assessed in two ways. First, the within-in pair dissimilarity was extracted
from the ‘abundant’ distance matrix (described above) and used as the outcome variable in linear
regressions, adjusting for within-pair difference in antibiotic use, BMI, education attainment, frailty,
diet, index of multiple deprivation and library size. Difference was calculated as the absolute value
between each individual and their co-twin; all covariates are as described above. Second, variance
stabilised genus abundances (derived within the DESeq2 pipeline) for those statistically significant in
the population wide analysis were tested for difference between twins discordant for the relevant
factor of interest using paired Wilcox rank sum tests. Discordance was defined as where one twin
lived in a rural area versus one twin living in an urban area for RUC, and where one twin lived in a

different quantile of greenspace.

Results

From the 3218 samples from 2707 individuals considered for analysis, 3010 were successfully
geocoded and, after removal of repeats, 2433 samples were used in this analysis. Descriptive statistics
(Table 1) suggest broadly the same sub-populations were observed across each quantile and by
rural/urban differences, although there were some key differences: age was significantly lower in Q1
of 3000m greenspace and 5000m quantiles compared to all four other quantiles (p<0.001) and to a
lesser extent in 800m greenspace quantiles (Q1:Q3 p = 0.0022, Q1:Q4 p= 0.008) and in urban
dwellers compared with rural (p=0.002) and IMD differed by quantiles of 3000m and 5000m
greenspace, primarily the most deprived compared to the others (Q1:Q2,Q3,Q4 p<0.001, Q2:Q3

p=0.01, Q3:Q4 p=0.007, Q1:Q2,Q3,Q4 p<0.01, Q2:Q3 p=0.0003, Q3:Q4 p=0.00125).
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‘Out-of-bag’ imputation error (OOB error) was: 0.000169 (normalised root mean squared error,
NRMSE - continuous variables) and 0.0131 (Proportion of falsely classified- PFC — categorical

variables) suggesting the imputed dataset was suitable for analysis.

Percentage greenspace in buffers surrounding homes was highly correlated between the different
distances (Figure S1), although there were many more individuals with <5% estimated greenspace

within the 800m buffer (Figure S2).

Microbiota differences are observable in association with greenspace and to a lesser extent

urbanicity

Whilst there were statistically significant associations in unadjusted models for all greenspace buffers
and rare and abundant microbiota compositions, (Table S3) saturated models did not generally show
differences between any greenspace buffers nor urban-rural categories apart from a nominally
significant association with 800m and rare microbiota composition (p=0.02). However, when
considering genus differences, there were statistically significant differences observed according to
urban-rural status and across quartiles of all neighbourhood sizes (Table 2). Only 3000m greenspace
buffers showed statistically significant differences across quartiles in microbiota compositions in
saturated models, with post-hoc pairwise comparisons suggesting the association was primarily driven
by the fourth quantile representing the highest amount of greenspace. Comparison of the relative
variance explained by each included variable (marginal model) suggested that whilst overall variance
explained was low, greenspace composition explained nearly as much as diet (HEI) and more than the
included measures of socioeconomic status and health deficit (Figure 1i). Sensitivity analysis where
one twin was removed at random in each pair suggested diminished associations, with few models

passing the calculated multiple testing threshold of 0.004 (Sensitivity analysis S1).

---- Figure 1 here -----
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Differences in abundance of ASVs and genus were observed by urbanicity and greenspace

Results of DESeq? tests of differences of ASV (n=297) and genus (n=87) abundances suggested
suggested increase in abundance of Escherichia/Shigella with urbanicity, which was replicated across
models of adjusted and unadjusted ASVs and genus (Genus, adjusted: logFC = 0.73742, padj <
0.001). Genera annotated as Streptococcus and Prevotella_9 also increased in association with
urbanicity, whereas Ruminiclostridium also decreased in unadjusted models, but these signals were
not replicated in adjusted models. Only nominal significance was observed in unadjusted ASV models
of greenspace, whereas ASVs were associated with adjusted models of 3000m and 5000m greenspace
buffer, including one annotated at species level Roseburia inulinivorans with 3000m (logFC=
0.19951, padj=0.03957) and Lachnoclostridium with 5000m; the latter was replicated when

observed in association with all three greenspace buffers in adjusted models; Haemophilus decreased
in association with 800m greenspace.; Escherichia/Shigella decreased in association with 3000m
greenspace and Ruminococcaceae_ UCG_014 increased; Anaerostipes increased in association with

5000m greenspace (Figureliii, Table S4)

Modest twin pair differences in greenspace and urbanicity reflect observations of difference in
microbiota composition

There were 975 twin pairs within the subset used for this analysis. Within-pair difference in
microbiota composition was associated with within-pair difference in 800m greenspace at factor level
(Twin pair regression, factor level significance in association with greatest difference, B= 0.08, p=
0.0162, but comparison with null model not statistically significant at p=0.055), but not RUC or other
greenspace buffers. This suggests a small, statistically significant difference in microbiota comparison
between twins where one lives in an area of low greenspace immediate to their home compared with

the co-twin who lives in an area of high greenspace immediate to their home. The only other variable
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that was statistically significant in these twin pair models apart from sequencing depth was within-
pair difference in IMD.

Of the five genus that were significant in the population-wide analysis, Escherichia/Shigella
abundances were statistically significantly different between twins discordant for rural-urban living

(Wilcox rank, paired, V = 125, p-value = 0.02) (Figure 2).

---Figure 2 here---

Discussion

Subtle differences of microbiota in association with the environmental composition around an
individual’s home postcode were observed. The microbiota signature of those with a greater
neighbourhood exposure to greenspacewas distinct from other individuals, and a difference in ASV
and genus abundance was observed particularly between rural and urban dwelling individuals.
Differences in microbiota composition and geographic factors have previously been cited. In a study
of traditional populations in India, Dehingia and colleagues observed microbiota variation differed
within geographic region (Dehingia et al., 2016). He et al. note regional differences explained the
greatest variance in their study of microbiota divergence between districts of China (He et al., 2018).
In this study’s PERMANOVA analysis, findings of He and colleagues were not replicated, instead
observing factors other than environmental influences to explain a greater variance of microbiota
composition. This may in part be explained by differences in how covariates were measured, such as
diet which was included as a single composite measure whereas He and colleagues included 19
different dietary ‘items’ which by themselves would individually capture less variance than a
composite. Reflecting this, and as observed previously in this data (Bowyer et al., 2019), adonis-R?
values are low which suggests that whilst statistically significant, variation explained by all factors is

low. Indeed, because of the high inter-individual variation in the microbiota, measured factors in
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general explain low proportions of microbiota variance and so should be considered relatively to one

another (Falony et al., 2016; Rothschild et al., 2018).

Compositional differences in rarer species were associated with local greenspace availability. This
could indicate an increase of exposure to rarer microbes in association with more greenspace
(although compositional differences assessed in this manner do not reflect directional differences), but
this was not reflected in subsequent twin-pair analysis, and importantly did not pass the multiple
testing threshold in saturated models. This suggests that other confounders could explain a degree of
variance associated with greenspace and microbiota. Area-level socioeconomic deprivation, included
in saturated models via the Index of Multiple Deprivation (IMD) could in part explain this as IMD
and greenspace are correlated, and has previously been cited as a confounder to studies of greenspace
and health. Unpicking this should be the focus of future work. Of particular interest in the twin-pair
models was that difference in IMD, along with 800m greenspace difference, was significantly
associated with twin dissimilarity. Importantly, being a composite area-based measure, the IMD does
not necessarily reflect the socioeconomic status of an individual living in an area (this is known as the
‘ecological fallacy’) but rather the area-level socio-economics at the population level (i.e.
environmental deprivation). Considered together therefore, this strengthens the suggestion that the

physical environment might exert pressures that shape the microbiota.

Little compositional difference by explicitly measured urbanicity (as opposed to high greenspace
exposure) was observed, despite the existence of previous evidence to suggest the microbiota differs
between rural and urban environments. For example, a comparison between Russian cities and
villages observed differences in the associated microbiota, with the rural microbiome being more
health associated (Tyakht et al., 2014). The difference between urban and rural living in the UK
however may be small compared to the environment in that study. Nevertheless, the increase of
Escherichia/Shigella in association with urbanicity both in population-wide and twin pair models does
suggest subtle differences in microbiota between urban and rural individuals. Escherichia and
Shigella are genetically closely related pathogens (and not differentiable by a 16s rRNA marker gene
approach) and whilst these species are commonly observed as members of the commensal microbiota,
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they are known pathogens and generally not associated with health. The increased colonisation in
urban individuals could suggest that the resistance to pathogens conferred by a healthy microbiota is

diminished in these areas.

The strengths of this study lie in the investigation of an understudied influencer of microbiota
variance using samples taken from a large and well characterised population cohort integrated with
environmental measures computed within a geographical information system, and the use of twin
structure to do so. There are however several limitations. Sensitivity analysis re-running
PERMANOVAs revealed that whilst nominal statistical significance remains and R? values are
similar, the results no longer pass our multiple testing threshold of 0.004. This may be due to the
reduction in numbers, but we cannot exclude that there might be an effect of twin relatedness. Where
the outcome of interest is only moderately heritable as in the case of the microbiota (Rothschild et al.,
2018) the twin design has limited power and thus analysis is paired with a population-wide approach.
Observations were weak and certain geographic variables of interest that may correlated with
greenspace and therefore act as confounders were not included. For example, air pollution could
promote negative health consequences by influencing the microbiota; exposure to nitro-polycyclic
aromatic hydrocarbons through diesel fuel emissions have been suggested to promote nitroreduction
by the bacteria that results in a microbiota dependent increase in carcinogenesis (Claus et al., 2016).
Whilst the complex interdependency between socioeconomics, health and environmental exposure is
partially mitigated via the use of twin pair and adjustment this may not fully account for these
potential confounders, and inferences are limited by use of static data to capture environmental
exposure. Dynamic data reflecting the behaviour of an individual, and direct measurement of their use
and time spent in greenspace would address some of the uncertainties raised here. A further limitation
was the inclusive definition of “greenspace” as being any area of non-urban environment, which
therefore does not consider factors such as the accessibility of land or the types of habitat present. A
final limitation is the use of 16S rRNA data, which whilst appropriate for initial observational studies

such as this, gives less insight than whole genome sequencing data which would better be able to
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confirm the differences in microbial-induced immunoregulation between individuals via functional

annotation, and additionally allow capture of non-bacterial microorganisms.

Conclusion

This study has observed difference in the microbiota of twin pairs with different environmental
exposures, suggesting elements of the host’s habitat may contribute to the complex compositions of
microbial assemblages. Considered together, results are suggestive that there are geographic patterns
in the microbiota observable in this dataset which do not seem to be accounted for by diet, BMI and
frailty. Modest microbiota variance may be attributable to greenspace within a close to moderate
distance to an individual’s home and urbanicity. Findings highlight the potential importance of
considering non-lifestyle factors that influence the composition of the microbiota and add to the

literature exploring the microbiome-environment-health axis.
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Figure legends

Figure 1.i. Comparison of adonis-R? values from saturated Genera PERMANOVA (adonis) marginal
model, demonstrating the comparative variance of each variable in a saturated model. Stars indicate
statistical significance at 2000 permutations; ***= p<0.0001, ** =p <0.001, *= p< 0.004. ii.
Volcano plots of differences in abundance of ASVs adjusted for sample sequence depth, antibiotics in
the month prior to sample collection, Body Mass Index, frailty, age, diet, index of multiple
deprivation, highest educational attainment and region. Log fold change (logFC) represent change in
relation to A. Urban living, B. Higher greenspace percentage in 800m, C. Higher greenspace
percentage in 3000m and D. Higher greenspace percentage in 5000m. Grey point = non-significant
(n.s), blue point = nominal significance (p<0.05) and red point = fdr-adjusted significance (q<0.05)
iii. Differences in abundance of genus adjusted as in ii.

Figure 2. Escherichia/Shigella variance stabilised abundances in twins discordant for rural-
urban living. Dashed lines link pairs.

Supplementary figure legends

Figure S1. Correlation of percentage greenspace within 800m, 3000m and 5000m of an

individual’s residence.

Figure S2. Estimate greenspace percentage within 800m, 3000m and 5000m of an

individual’s residence.
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Availability of data and material

The environmental exposures used in this paper were calculated thanks to several open-

source geographic datasets, as follows:

e The Rural-Urban classification:

o England/Wales 2011 (Office for National Statistics):
https://www.ons.gov.uk/methodology/geography/geographicalproducts/ruralur
banclassifications/2011ruralurbanclassification

o Scotland 2016 (Scottish Government):
https://www.gov.scot/publications/scottish-government-urban-rural-
classification-2016/

e OS open roads 2017 (Ordnance Survey): https://www.ordnancesurvey.co.uk/business-
government/products/open-map-roads

e 25m?Land Cover Map of Great Britain 2015 (UK Centre for Ecology & Hydrology):

https://www.ceh.ac.uk/services/land-cover-map-2015
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e The Index of Multiple Deprivation
o English (2019): https://www.gov.uk/government/statistics/english-indices-of-
deprivation
o Scottish (2016): https://www2.gov.scot/Topics/Statistics/SIMD
o  Welsh (2019): https://statswales.gov.wales/Catalogue/Community-Safety-

and-Social70 Inclusion/Welsh-Index-of-Multiple-Deprivation/WIMD-2019

The European Bioinformatics Institute (EBI) accession numbers for the microbial DNA

sequences reported in this paper is ERP015317.

The processed ASV data, along with phenotypic data that can be used to recreate this analysis
is available following reasonable request to the TwinsUK data access committee. Information
on data access and how to apply is available at http://www.twinsuk.ac.uk/data-

access/submission-procedure-2/. Please contact the corresponding author for further detail.
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