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B Project Aims

Overview

1. Using data collected by the Monitor of Engagement with the Natural
Environment (MENE survey), this project aims to determine whether
Small Area Estimation (SAE) techniques can be used by Natural Eng-
land to improve upon the accuracy and precision of survey-based
estimates of the extent to which local populations engage with the
natural environment. More specifically, it is concerned with quantify-
ing improvements in accuracy and precision and determining what
savings (in terms of effective sample sizes) can be achieved when
applying SAE techniques at Local Authority level as well as illustrating
the potential for use at the Middle Layer Census Super Output Area
(MSOA).

2. Specifically for this evaluation, the request was to model responses
to “Q1: Volume of visits per day over last 7 days” and “Q17: Frequency
of visits during last 12 months”. Whilst an interesting range of attitu-
dinal and other questions are asked which may be associated with
these responses, in order to conduct small area estimation we have
to match predictor variables which ones which can be found in some
auxiliary data. The variables identified as being of potential interest
were:

+ Age

+ Sex

+ Ethnicity

+ Marital status
+ Working status

+ Socio-economic group



« Lifestage

+ Household size

+ Children in household
+ Adults in household

* Tenure

It is also possible to use the geographical information provided.

MENE survey data

3. As currently available to us, the MENE survey comprises 420,790 re-
sponses. These have been accumulated over nine years of the survey.

Dates Responses Table 1.1: Number of responses in the
March 2009 - February 2010 48,514 MENE survey data by year of survey
March 2010 - February 2011 46,099

March 2011 - February 2012 47,418

March 2012 - February 2013 46,749

March 2013 - February 2014 46,785

March 2014 - February 2015 45,225

March 2015 - February 2016 45,965

March 2016 - February 2017 46,558

March 2017 - February 2018 47 477

Comparison of variables in MENE survey and Census Small
Area Microdata

4. In order to perform small area estimation it is necessary to match
relevant predictor variables within the survey data with comparable
variables in the auxiliary data. The hope is that by applying statistical
evidence from the survey (with limited coverage) to auxiliary data with
universal coverage it is poissble to obtain small area estimates based
on the survey which have universal coverage. This feasibility study
concentrates on using 2011 census Small Area Microdata (SAM) as
auxiliary data. These SAM data allows for a full cross-classification of
all predictor variables. This can be helpful in the event of interactions
between predictor variables. The problem is that there are often differ-
ences in the way different variables are classified in different census



outputs. For example, age can be banded in very different ways. Social
factors (such as occupation types) can be collapsed in different ways.
The first task is therefore to review the potential matches between the
potential auxiliary variables and survey variables.

Age

5. As noted above, even a clearly conceptualised variable such as age
can be banded differently in different census tables. Tables 1.2 and
1.3 record the number of respondents in the MENE survey and the
SAM by designated age band. It can be seen that more age bands are
available in the SAM data, however there is a direct 1:1 mapping of a
collapsed version of the SAM age bands onto the MENE categoriza-

MENE SURVEY:. SMALL AREA ESTIMATES

tion.
16-24 56,032
25-34 69,405
35-44 65,721
45-54 62,452
55-64 57,812
65+ 109,368
16-18 175,525
19-24 158,461
25-29 201,523
30-34 110,051
35-39 255,949
40-44 194,748
44-49 1857159
50-54 187,354
55-59 205,389
60-64 205,093
65-69 179,955
70-74 158,954
75-79 169,477
80-84 133,764
85-89 108,696
90+ 88,494

Table 1.2: MENE Respondents by age
band

Table 1.3: SAM respondents by age band



Sex

Tables 1.4 and 1.5 (perhaps obviously) match well in terms of sex.
It does look as if the MENE survey response rate might have been
slightly higher amongst females.

Female 222849 Table 1.4: MENE Respondents by sex
Male 197,941

Female 1446402 Table 1.5: SAM respondents by sex
Male 1,401,747
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Car ownership

6. Tables 1.6 and 1.7 tabulate the responses to questions on car own-
ership in the MENE survey and SAM data respectively. These are very
likely key predictor variables for access to the environment. The MENE
survey data only records whether or not a car is available, the census
microdata are more granular. However, it is clearly possible to map the
SAM data to the MENE survey and use presence or absence of a car
as both a predictor variable in modelling the survey response as well
as an auxiliary variable.

No 98,871 Table 1.6: MENE Respondents by car
) h
Yes 232,270 ownership
NA. 89,649
0 539,626 Table 1.7: SAM respondents by car
1 1,084,978 ovnership
2 859,943
3 221,962

4 or more 88,511

7. However, an obvious problem with the car ownership variable ap-
pears to be in relation to the years when this variable was recorded.
Table 1.8 illustrates the problem. Car ownership stopped being recorded
after survey year 2015/2016.

No Yes NA Table 1.8: MENE Respondents by car
Y0910 13,768 34,746 ownership by year
Y1011 12,893 33,206
Y1112 13915 33,503
Y1213 14668 32,081
Y1314 14,105 32,680
Y1415 14,346 30,879
Y1516 13913 32,052
Y1617 1263 3123 42172
Y1718 0 0 47477

O O OO oo o




Self reported health

8. Tables 1.9 and 1.10 tabulate the responses to the census and MENE

survey in relation to self reported general health. These variables

appear to match up well in terms of definition, however, there appears
to be a large number of non-responses in the MENE data which limits
the potentially use of this variable for small area estimation.

9. Table 1.11 breaks down the MENE responses by year, showing
firstly, that this question only started to be asked in 2014/2015 and

Don t know 11
Very bad 503
Bad 2,396
Fair 8,482
Good 18,592
Very good 11,830
NA 378,946
Bad 121,091
Fair 369,581
Good 956,602
Very bad 35,840
Very good 1,330,176
NA 34,859

secondly that only around 10% of respondents had a response recorded.

Dontknow Verybad Bad Fair Good Very good NA
Y0910 0 0 0 0 0 0 48514
Y1011 0 0 0 0 0 0 46,099
Y1112 0 0 0 0 0 0 47418
Y1213 0 0 0 0 0 0 46,749
Y1314 0 0 0 0 0 0 46,785
Y1415 9 84 535 1915 4,286 2,778 35,618
Y1516 10 132 577 2203 4769 2,985 35,289
Y1617 13 127 616 2,144 4,813 3,002 35843
Y1718 9 160 668 2,220 4724 3,065 36,631

Working status

10.Tables 1.12 and 1.13 record some information on working status. It
would appear that it might be possible to collapse both variables to
some form of Student, Unemployed, Part Time Work, Full Time Work,
Retired if that is necessary. Figure 1.14 provides further details on the
working hours for those census respondents where this is relevant.

Table 1.9: MENE Respondents by health
status

Table 1.10: SAM respondents by health
status

Table 1.11: MENE Respondents by
general health by year
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It might be possible to provide a mapping for the MENE survey data,
but it is not clear that a perfect mapping is possible and given the time
limitations on this feasibility study it will not be considered further
here.

Full time 144,933 Table 1.12: MENE Respondents by

king h
In Education 25,967 working hours
Not working 73,234

Part time 52,774
Retired 123,882
Employee F Economical 795,670 Tablg 1.13:. SAM respondents by eco-
Employee P Economical 285,961 nomic activity
Full time Economical 71,437
Looking af Economical 90,131
Other Economical 49,482
Permanentl Economical 88,703
Retired Economical 485,756

Seeking or Economical 89,846
Self emplo Economical 201,934

Student Economical 124,287
NA 564,942
Full time 31 to 48 hours 769,355 Table 1.14: SAM respondents by working

h
Full time 49 or more hours 177,317 ours

Part time 15 hours or less 129,589
Part time 16 to 30 hours 261,719
NA 1,510,169
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Socio-economic grouping

11.Tables 1.15 and 1.16 shows that the MENE survey and SAM data
match in usage of the shorter version of Socio-economic groupings.
The MENE survey does have a fuller listing (shown in table 1.17) but
there is insufficient information in the SAM to match.

AB 76,756 Table 1.15: MENE Respondents by
socio-economic group
C1 111,873
C2 85,766
DE 146,395
AB 404,351 Table 1.16: SAM respondents by socio-
economic group
C1 539,826
C2 393,856
DE 444,695
NA. 1,065,421
A 12123 Table 1.17: MENE Respondents by
! socio-economic group (full listing)
B 64,633
C1 111,873
C2 85766
D 67,074

E 79,321
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Tenure

12.The MENE survey uses a shorter form of tenure classification (ta-
ble 1.18) which does not match exactly the shorter form of the SAM
tenure classification (table 1.19). However, there is a longer version of
the tenure classification in the SAM (table 1.20) and it may be possi-
ble to get a reasonable mapping. For the purposes of this feasibility
study, this will not be pursued further. For example, there is a need to
determine whether the SAM "Rented from registered social landlord or
housing association" maps onto the MENE "Rent local authority" or the
MENE "Rent Private".

Mortgage 102,790 Table 1.18: MENE Respondents by
Other 17,339 renure
Owned outright 137,973
Rent local authority 78,197
Rent private 84,491
Owns outright 717,054 Table 1.19: SAM respondents by tenure
Owns with mortgage 1,103,200
Rent free 30,594
Rents 925,056
Shared ownership 19,116
NA 53,129
Employer of household member 8,112 (Tab'j 1k~20)1 SAM respondents by tenure
tenduk11
Other 7,819
Owns outright 717,598
Owns with mortgage 1,103,584
Private landlord or letting agency 427,365
Relative or friend of household member 24177
Rent free 30,395
Rented council 247,163
Rented registered social landlord or housing assoc 207,239
Shared ownership 19,177

NA 55,520
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Ethnicity

13.Tables 1.21 and 1.22 denote responses on the census as tabu-
lated in the SAM and the MENE survey in relation to ethnicity. These
are possibly not identical, but it appears that it would be possible to
match on a collapsed, simplified classification.

African 0749 Table 1.21: MENE Respondents by
’ h . e

Any other 1,791 ethnicity

Any other Asian backgrund 6,067

Any other Black background 1,055
Any other mixed background 1,286
Any other white background 27,812

Bangladeshi 3,831
Caribbean 6,601
Chinese 1,738
Indian 11,678
Pakistani 8,703
Refused 2,008
White & Asian 925
White & Black African 787
White & Black Carib bean 1,800
White British 331,276
White Irish 3,683
Asian Bangladeshi 22,297 Table 1.22: SAM respondents by ethnic-
Asian Chinese 20,825 v
Asian Indian 71,919
Asian Other 42,750
Asian Pakistani 56,670
Black African 49,745
Black Caribbean or Other 43,846
Mixed White and Asian or Other 31,670
Mixed White and Black 29,556
Other Other 28,729
White Irish 26,741
White Other 131,211
White UK 2,257,331
NA 34,859

14 Consequently, the MENE and SAM variables will be mapped onto a
standard five level ethnic classification; “White British”, “White Other”,
“Black”, “Asian”, “Other” as shown in table 1.23



asian 32,017
black 17,405
other 8,597

white_british 331,276
white_other 31,495
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Table 1.23: MENE Respondents by
ethnicity, mapped to five categories

13
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Marital Status

15.Tables 1.24 and 1.25 depict the classification of marital status by
the two surveys. There is no perfect match, but it appears possible to
apply a simpler mapping.

Married 238230 Table 1.24: MENE Respondents by
NA ! A1 marital status
Sep/Wid/div 73,469
Single 109,050
Divorced or from legally dissolved civil partnership 204,529 Tft;'e 1.25: SAM respondents by marital
status
Married 1,060,915 !
Registered civil partnership 5,394
Separated 59,938
Single (never married/never partnership) 1,358,769

Widowed or Surviving partner of civil partnership 158,604
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il Disability

16.Tables 1.26 and 1.27 depict the classification of self reported dis-
ability status by MENE survey and SAM. These could be difficult to
reconcile, as we have no way of understanding how a person who en-
tered some limitations on the census would have recorded a binary
indicator on the MENE survey. Specifically, it may be that some people
who on the census regard themselves as “limited a little” would not
indicate “Yes” to a question on disability in the MENE survey. This is a
known problem when attemption to reconcile the 2001 census (which
also has a yes/no classification for limiting long term illness) with the
2011 census. For the feasibility study, this variable will be ignored. If,
as seems likely, it is an important predictor of engagement with the
natural environment it could be included in future use, but this would
require a degree of validation as to how best to map “disabled / not
disabled” MENE responses onto “limited a little”, “limited a lot”, “not
limited” SAM responses. This could potentially be possibly using a
latent variable construnction (where we posit an underlying latent or
hidden variable which “measures” disability level on a continuous nu-
meric scale and attempt to estimate cut points which identify above
and below which someone on MENE identifies as having a disabil-

ity and someone on SAM reports themself as having no, little or very
limiting long term illness. The conclusions will recommend that there
could be great value in ensuring in future that MENE survey questions
align closely with definitions found in such auxiliary data as the cen-

sus.
No 260,144 Table 1.26: MENE Respondents by
Yes 70:997 self-reported disability status
NA. 89,649
Limited a little 263,047 Table 1.27: SAM respondents by self-

reported disability status

Limited a lot 238,435
Not limited 2,311,808
NA 34,859

17.However, a bigger problem with the use of this variable is that the
question has not been asked in all years. Table 1.29 shows that the
question was only asked until 2015/16.

18 However, a bigger problem with the use of this variable is that the
question has not been asked in all years. Table 1.29 shows that the
question was only asked until 2015/16.
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No Yes NA
Y0910 38,220 10,294 0
Y1011 36,674 9,425 0
Y1112 37,421 9,997 0
Y1213 36,874 9,875 0
Y1314 36,867 9,918 0
Y1415 35304 9,921 0
Y1516 35,427 10,538 0
Y1617 3,357 1,029 42172
Y1718 0 0 47477

No Yes NA
Y0910 38,220 10,294 0
Y1011 36,674 9,425 0
Y1112 37,421 9,997 0
Y1213 36,874 9,875 0
Y1314 36,867 9,918 0
Y1415 35304 9,921 0
Y1516 35,427 10,538 0
Y1617 3,357 1,029 42172
Y1718 0 0 47477

Table 1.28: MENE Respondents by
disability status by year

Table 1.29: MENE Respondents by
disability status by year



MENE SURVEY: SMALL AREA ESTIMATES

(heiikl  Family structure

19.Tables 1.30 and 1.31 are comparable in terms of indicating the num-
ber of members of a household up until 4. The MENE then records all
households of 5 and more together whereas the SAM breaks down

5 person, 6 person and 7 and more person households. Clearly, it is
possible to map the SAM data to the MENE classification. Further
variables record number of children and family structure. It may be
possible to provide some reduced common variable on family struc-
ture if that is important.

1 91,416 Table 1.30: MENE Respondents by
2 141,593 number in household

3 74,636

4 69,202

5+ 43943

358,268 Table 1.31: SAM respondents by num-
811,083 bers in household
558,114
613,164
273,641
116,467
or more 60,913

No oabhowpN-=

17
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20There are further variables in the MENE dataset which break down
households by the numbers of children and adults in a household
(figures 1.32 and 1.33). It is perhaps possible to compare the first
table (number of children) with data given by the census shown in ta-
ble 1.34. The census further more gives information on a respondents
status within a househol. However, such mappings are not trivial and

will not be pursued for this feasibility study.

Any 123,588
None 297,202

1 109,755
2 208,801
3 58,534
4 30,138
5+ 13,562

None

Oneaged 09

One aged 10 18

Three or more youngest aged 0 9
Three or more youngest aged 10 18
Two youngest aged 0 9

Two youngest aged 10 18

NA

1,010,346
218,407
228,977
244,047

42,000
331,787
163,605
608,980

Table 1.32: MENE Respondents by
number of children in household

Table 1.33: MENE Respondents by
number of adults in household

Table 1.34: SAM respondents by number
of children in household
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il Lifestage

21.The MENE survey contains a demographic variable “lifestage”.
There is no simple mapping onto any variable in the census SAM re-
lease, although it may be possible to construct some kind of common
variable.

helik)  Areal level variables

22Further variables are available in the MENE survey describing the
area rather than the individual. It is our view that given we are provided
with the respondent postcode sector, it is possible to obtain a much
wider range of geospatial information than that already contained

in the MENE survey. This would also, by definition, be immediately
available as an auxiliary variable. It would also be possible to incorpo-
rate this in a multilevel model, where we could allow for the fact that
person-types in a similar area might have some commonality in their
tendency to engage with the natural environment. More importantly,
with a little more development time, it would be possible to develop
these in a fully spatial model, and allow for a spatial correlation in the
way people engage with the environment as well as explicitly using
geographical factor, such as ease of access to green space to inform
a modelling exercise. These are not considered here further due to the
time restrictions on the feasibility study, but in our view would provide
powerful additional insight in their own right, as well as strengthening
the small area estimation.



20

e f Missing data

23A dominant feature of this exploration is that there are a number
of systematically missing responses. Table 1.35 lists the variables
that will be considered for this feasibility study. The inclusion of Car
Ownerhip means that, for modelling purposes, we will only consider
data up until the survey year 2015/2016.

Age All years Table 1.35: Summary of variables
Sex All years considered for modelling purposes
Car Ownership Until 2015/16

Socio-economic grouping  All years

Ethnicity All years (Map to 5 groups)

Marital status All years (map to MENE)

Children in household All years (create binary indicator)

Number in household All years (map to MENE)

24In Bayesian models, it is relatively straightforward to include a
data imputation stage to handle missing data. This can easily deal
with small numbers of randomly missing responses from individual
responses. It cannot however be assumed that it magically corrects
two years of systematic non-response. As this study is intended as a
quick feasibility study, the data will be subsetted to include data from
survey year 2009/2010 through to 2015/2016 for variable screening
and local small area prediction. For overall sample size work, it will
use just data from 2015/2016.

lei 5l Response variables

25Finally, table 1.36 and table 1.37 summarise the responses of inter-
est for Question 1 and Question 17 respectively. For Q1 the responses
have been dichotomised to indicate whether a respondent stated they
had taken a trip to the natural environment in the last week. Question
17 has been dichotomised to indicate whether in the past year the
respondent reported having taken a trip at least once a month.

26Most apparent from table 1.37 is that only around a quarter to a
fifth of respondents answer the question on trips in the previous year.
Clearly, this reduces the sample size for the analysis considerably for
this response variable. However, a modelling approach can help with
this if it is reasonable to use data from more than one year at a time
assuming any underlying trends can be modelled accurately.



No Yes NA

Y0910 28,140 20,374 0
Y1011 28,710 17,389 0
Y1112 28,404 19,014 0
Y1213 28,564 18,185 0
Y1314 27,977 18,808 0
Y1415 26,567 18,658 0
Y1516 27,536 18,429 0
Y1617 25,958 20,600 0
Y1718 24,471 23,006 0
No Yes NA

Y0910 37121 7,986 37,407
Y1011 2,889 7,741 35,469
Y1112 2,742 7,845 36,831
Y1213 2,864 7,680 36,205
Y1314 2,642 7910 36,233
Y1415 2,554 7,917 34,754
Y1516 2,680 7,996 35,289
Y1617 2180 8,535 35,843
Y1718 2,186 8,660 36,631
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Table 1.36: MENE trips in last week

Table 1.37: MENE at least one trip a
month in previous twelve months by
year
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Exploratory Modelling

27Exploratory modelling has been carried out using the R software'
version 3.5.3 “Great Truth”.

28The AIC (An Information Criterion?) is an overall metric which as-
sesses comparative model fit, models with a lower AIC are better
fitting than those with a higher AIC. It contains a fit term and a penalty
term. It is always possible to improve model fit by adding more vari-
ables, the penalty term acts as a deterrent against including too many
variables. As implemented here, the automated model search starts
with a full model (all possible terms) and checks sequentially whether
removal of any one variable would notably improve the AIC, and if so
which variable is the best to remove. The final model is one which has
as few variables as possible, but retains comparable predictive power
to the full model.

29For the purposes of the feasibility study, given the complexity of
dealing with seven years of survey data® a quick variable selection
method based on AIC was applied. Specifically, the stepAIC() func-
tion from the MASS package?. This choice was made on pragmatic
grounds; in order to identify candidate models within the scope the
feasibility study. The aim is to select a model which can provide an
adequate representation of the survey data and which is sufficient
to give a realistic prospect for a small area estimation process to be
accurate. Using the AIC provides a reasonable method for variable
selection which can find a candidate model without overfitting to the
specific dataset examined.

Model fitting to two dichotomised outcomes

30The response to MENE survey Question 1 records the number of

trips taken in the past seven days. Question 17 has been dichotomised

as at least one trip a month. A much smaller number of respondents
reply to Q17 than do to Q1. For the purposes of this feasibility study,
we have modelled both as a binary indicator, equal to 0 if either no
trips in the last seven days, or a trip frequency of less than once a
month in the previous year. The outcome was denoted as 1 if at least
one trip had been made in the last seven days or the trip frequency
was at least one trip a month in the previous year. A response “1”
therefore indicates the positive outcome and all parameter estimates
can be interpreted in that regard.

"R Core Team (2019). R: A language and
environment for statistical computing.

R Foundation for Statistical Computing,
Vienna, Austria. URL https://www.R-
project.org/.

2 Akaike, H. (1973), “Information theory
and an extension of the maximum like-
lihood principle”, in Petroy, B. N.; Csaki,
F. (eds.), 2nd International Symposium
on Information Theory, Tsahkadsor,
Armenia, USSR, September 2-8, 1971, Bu-
dapest: Akademiai Kiado, pp. 267-281.
Republished in Kotz, S.; Johnson, N. L.,
eds. (1992), Breakthroughs in Statistics,
|, Springer-Verlag, pp. 610-624.

3 As noted in the previous section, the
most recent two years of data were
disregarded as key questions on car
ownership had not been asked
“Venables, W. N. & Ripley, B. D. (2002)
Modern Applied Statistics with S. Fourth
Edition. Springer, New York. ISBN 0-387-
95457-0
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31All the available predictors were examined, including two way in-
teractions. Parameter estimates from the finally selected model are
given in table 1.1 and a visual summary is subsequently given in fig-
ure 1.2 (along with 95% and 90% confidence intervals for the parame-
ter estimates).

Parameter estimates for predicting Q1 Parameter estimates for predicting Q17

Estimate  Std. Error ~ zvalue Pr(>|z|) Estimate  Std. Error  zvalue Pr(>|z|)
(Intercept) -0.974 0.027 -36.341 0.000 0.851 0.062 13.772 0.000
age25-34 0.064 0.020 3.242 0.001 -0.172 0.050 -3.446 0.001
age35-44 0.002 0.020 0.112 0.910 -0.405 0.051 -8.023 0.000
age45-54 -0.112 0.021 -5.428 0.000 -0.670 0.050 -13.304 0.000
age55-64 -0.103 0.022 -4.714 0.000 -0.787 0.053 -14.889 0.000
age65+ -0.524 0.021 -24.742 0.000 -1.190 0.050 -23.818 0.000
sexMale 0.138 0.020 6.849 0.000 0.225 0.051 4.374 0.000
carYes 0.444 0.009  46.953 0.000 0.579 0.021  28.086 0.000
segC1 -0.300 0.011 -27.218 0.000 -0.321 0.030 -10.585 0.000
segC2 -0.513 0.012 -43.895 0.000 -0.599 0.031 -19.317 0.000
segDE -0.720 0.011 -64.582 0.000 -0.840 0.029 -29.295 0.000
marstatMarried 0.060 0.013 4.643 0.000 0.153 0.030 5112 0.000
marstatSep/Wid/div -0.027 0.014 -1.901 0.057 -0.084 0.032 -2.656 0.008
ethnicity_5black 0.144 0.025 5.741 0.000 0.097 0.049 1.994 0.046
ethnicity_5other 0.551 0.031 17.971 0.000 0.457 0.067 6.822 0.000
ethnicity_5white_british 0.898 0.016  56.665 0.000 0.860 0.032  26.884 0.000
ethnicity_5white_other 0.720 0.020  35.405 0.000 0.641 0.044  14.706 0.000
child_in_hhAny 0.220 0.010  21.966 0.000 0.248 0.025 9.819 0.000
adults_in_hh2 0.014 0.013 1.076 0.282 -0.034 0.029 -1.148 0.251
adults_in_hh3 -0.086 0.015 -5.820 0.000 -0.175 0.034 -5.121 0.000
adults_in_hh4 -0.072 0.018 -4.002 0.000 -0.109 0.043 -2.571 0.010
adults_in_hh5+ -0.114 0.025 -4.634 0.000 -0.173 0.055 -3.160 0.002
survey_yearY1011 -0.193 0.014 -14.054 0.000 0.054 0.032 1.693 0.090
survey_yearY1112 -0.072 0.014 -5.281 0.000 0.132 0.032 4.109 0.000
survey_yearY1213 -0.101 0.014 -7.364 0.000 0.081 0.032 2.532 0.011
survey_yearY1314 -0.051 0.014 -3.720 0.000 0.211 0.032 6.522 0.000
survey_yearY1415 0.020 0.014 1.435 0.151 0.269 0.033 8.265 0.000
survey_yearY1516 -0.036 0.014 -2.648 0.008 0.215 0.032 6.678 0.000
age25-34:sexMale -0.257 0.027 -9.501 0.000 -0.342 0.069 -4.954 0.000
age35-44:sexMale -0.191 0.027 -7.002 0.000 -0.284 0.070 -4.055 0.000
age45-54:sexMale -0.098 0.028 -3.540 0.000 -0.164 0.069 -2.375 0.018
age55-64:sexMale -0.123 0.028 -4.401 0.000 -0.202 0.069 -2.947 0.003
age65+:sexMale 0.022 0.025 0.858 0.391 -0.066 0.061 -1.091 0.275

In total, 326727 data points were used to fit this model. In total, 74559 data points were used to fit this model.

Figure 1.1: Parameter estimates from
fitting model to Q1 (first four columns)
and Q17 (last four columns)
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32To illustrate what these estimates are saying, the following should
be noted:

+ For every categorical variable considered, the parameter estimates
indicate “log odds” relative to the reference case.

log-odds An appendix is available which explains the reason for us-
ing a model which gives the effects of different variables in units
of “log-odds”. A key point to note is that any parameter estimate
below zero indicates that those characteristics are associated
with a decrease in the chances that such an individual reported
a trip relative to the reference case. Conversely, with parameter
estimates above zero they are more likely to have reported a trip.

reference case The “reference case” is a level of the variable which
can be seen in the previous section but not given in the table
of model parameter estimates 1.1. All other estimates are to
be understood as the effect relative to this reference case. For
example, as this table gives parameter estimates for “Male”,
the parameter estimates provided are comparing the difference
between respondents who select “Male” with the reference re-
sponse “Female”.

+ The reference case then is therefore Female, 16-24 year old, in
social group AB, without a car, single, Asian, living with no other
adults in the household and having no children in the household.
The log odds that such a person would have reported a trip in the
last seven days are given as -0.974 These values are taken from the
first row in table 1.1.

+ The probability that this person (she) would be have reported a trip
in the last week can be computed as % or about 0.274.
Full details on the origin of this equation are appended.

+ Likewise, the odds that they reported taking at least one trip a
month over the last year are estimated as 0.851, and hence the
probability that would be have reported at least one trip a month in

the last year was % or about 0.701.

33Hence, for example, when a parameter estimate is indicated for
males of 0.1378, this indicates that the log-odds ratio for males in-
dicating they had made a trip in the last seven days was 0.1378 the
value of that for females. This means that their odd ratio was 1.1478
times those of females, indicating that, for all other variables held
constant, males were more likely to have reported a trip.
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34The effects of different predictors are readily seen in figure 1.2. This
shows the log odds ratio of having made a trip in the last seven days
or one trip a month in the last year increased where there was access
to a car relative to not having a car or when the respondent was male.
Trip taking progressively decreased as the social class went from
group C1to C2 to DE relative to the reference group AB. Respondents
who indicated that they had children in a household were more likely
to have reported a trip for either question, but three or more adults

in a household were consistent with being less likely to report a trip.
Figure 1.2 also gives a visual summary of the confidence intervals for
each parameter estimate, and compares the models fitted to Q1 and
Q17. It can be seen for example that the interval estimates are wider
when fitting a model to Q17, reflecting greater uncertainty in the pa-
rameter estimate as a result of the smaller sample size. In an informal
sense, this plot also captures a sense of “statistical significance”. In-
terval estimates which do not overlap zero would conventionally be
regarded as “statistically significant”. However, the further the esti-
mate is away from zero, the stronger the relationship between that
level of the explanatory variable and the response variable of interest
(Q1 or Q17). The width of the interval estimate also visualises the pre-
cision or otherwise by which the parameter has been estimated, with
wide lines indicating that there is relatively less evidence in the survey
sample to estimate the relationship with precision.

35There does appear to be an uneven trend over time, with the odds
for having reported a trip increasing over the seven years of the sur-
vey. However, this is largely regarded as a nuisance parameter. In this
analysis, the trend over time is not of interest in its own right. Time is
included to allow strength to be borrowed from the data over all years
without misrepresenting current respondent replies.

36The parameter estimates for age and sex a slightly more complex
as they “interact”. In other words, the “effect” of being male is slightly
different at different ages. This is perhaps best illustrated visually in
figure 1.3. The interaction effects are modest, and mainly appear to
relate to either end of the age range. Young males are far more likely
to have reported a trip in the last week than would have been the case
without an interaction, and old females are less likely to have reported
a trip without an interaction effect..
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37This brief summary therefore represents the model that will be
taken forward and used for small area estimation in the next section.
Clearly it would be possible to include Bayesian imputation methods
for the missing responses to cars availability and use more recent
data as well, however this will introduce uncertainty which could im-
pact the precision of the small area estimates.



B Summary of Methodology

Small area estimation

38Small Area Estimation (SAE) techniques have gained increasing

acceptance over the last 3 decades’. There are a variety of well estab- 'Rao, J.N.K. (2003) Small Area Estima-
lished approaches, the ones used here draw from model-based survey tion New York, Wiley

analysis and seek to “pool” evidence drawn from across a wider sam-

ple in order to “enhance” local estimates?. They are considered to 2 Gelman, A. and Hill, J. (2007) Data
have some similarities with a post-stratification based approach in Analysis Using Regression and Multi-

) level/Hierarchical Models Cambridge,
design based survey methods. CUP

39The core idea of this approach to small area estimation is set out in

figure 2.1.
There are similarities to post-stratification (a very well established
design based approach to survey estimation)3. The advantages of % Andrew Gelman and Thomas C. Little
a modelling based approach (Bayesian or otherwise) are the way (1997), “Post-stratification Into Many

. i . Categories Using Hierarchical Logistic
additional multilevel data can be structured. Auxiliary data can be Regression”, Technical report, University
taken from a variety of sources including the relative spatial structure of Columbia

of the sampling points. An advantage of Bayesian methods are that
provided the variables used for conventional weighting are used in
fitting the models, this accounts for the sampling pattern.

40Focusing on the behaviour of individual respondents nested within
local authorities — a classic “multilevel” scenario - this study has
adopted a conventional approach to dealing with hierarchically struc-
tured data with a simple count response; namely generalized linear
mixed-effects regression modelling. It is an approach that aims to
capture, as far as possible, the relationship between the response (or
dependent variable) and a number of independent variables which
include categorical variables describing individuals’ tenure, age, sex,
ethnicity, disability, marital status, work status, social classification,
lifestage, adults / children in household, size of household, working

status, car ownership and their self reported general health* The mul- 4n order to achieve some parsimony,
different models draw upon different
sets of categorical variables, for ex-
ample age may be split into different
bands.
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Predictor variables x; and
auxiliary data z; must
have same definition

Apply parameter es-
timates from model
to auxiliary data

Figure 2.1: Basic outline of synthetic
small area prediction
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tilevel models are thus used to estimate individual level parameters
that explain the relationship between these categorical variables and
the response, whilst simultaneously allowing for a random intercept
that is unique for each local authority and which describes any sys-
tematic authority-by-authority variation in the response that is not
explained by the individual-level model.

41.Thus for each individual i in area j, the outcome reports the number
of trips made to the natural environment in either the last week or the
last year We model this as a Bernoulli distributed random variable so
that:

Yij ~ Bernoulli(p;j) (2.7)

where the propensity that individual i in area j has reported a given
number of trips is given by:

logit(pij) = x;B+ (2.2)

where B denotes the model parameters and x denote individual
characteristics recorded in the survey (such as age, gender, etc.) clas-
sified as categorical variables and (in the Bayesian models) ¢ denotes
the local authority specific random effects.

42Throughout this report we have assumed that the intercept term
varies by local authority, but with the constraint that all these random
intercepts are drawn from a common Normal distribution with zero
mean and unknown variance. We further extend this model to allow
the local authority random intercepts themselves to have a linear
predictor. This could be used to capture contextual information that
varies by residence rather than by individual. If this were to be under-
taken the intercept for Local Authority j would be given as: z]TZ where
¢ denote the upper-level parameters and z denote area-level character-
istics which describe various aspects of the local authority as a whole.
The linear predictors could be further nested to include, for instance, a
term for smaller areas (such as MSOAs) within the local authority.

43Conventional (i.e. frequentist) approaches were employed for
model exploration, but for the final model fit (used to generate the
Local Authority estimates) a Bayesian approach was adopted. At this
stage each of the “fixed effects” (the parameters relating various fac-
tors to the response) were drawn from a Normal distribution with a
prior mean of zero and diffuse variance of 0.001. The variance term
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for the random intercept was assumed to be Uniform (0, 100). These

models have been fitted in R using the STAN software package®. 5 Stan Development Team (2018). RStan:
the R interface to Stan. R package
44Having obtained estimates of the individual level parameters, it version 2.18.2. http://mc-stan.org/.

is possible to apply these to the “known” population structure of a
given local authority to produce an estimate of the statistic of interest.
This would, in effect, represent the expected response for that local
authority given its specific socio-demographic composition. However,
the strength of multilevel modelling is that, by estimating individual
level effects for typical respondents of each type, the data is used

to estimate how responses in each local authority differ from the
expected national response. The resulting local authority “random
effects” are then used, along with the individual level responses, to
make “small area predictions” of the statistic of interest in each local
authority.

45By taking a modelling approach it is also possible to eliminate
“nuisance parameters”. For example, the trend over time for the years
that the survey has been running is obviously of interest in its own
right, but is not relevant to attempting to make small area predictions
in the same time frame as the most recent data. Consequently, time
can be regarded as a nuisance variable, and conditioned out of the
model so that all years data can be used to estimate the relationship
between predictors and the number of trips made.

46The Small Area Estimation approach requires that the number of
people in each LA with each unique combination of characteristics
used in the model is known, or can be estimated. Thus for the engage-
ment models used it is necessary to know how many people are aged
16-24, own a car, are employed, owner occupiers and have a profes-
sional occupation — and how many people there are with every other
possible combination of characteristics used in the model . This data
is obtained by taking the detailed socio-economic composition of
Local Authorities from the 2011 Census Small Area Microdata (SAM)
5% Sample, and constraining that distribution to mid-2016 age-sex
population totals.

Precision and accuracy

47 0Our concern with precision refers to the level of certainty which the
various methods attach to their estimates of self-reported engage-
ment with the natural environment. These are conventionally under-
stood with reference to the 95% Confidence Intervals (Cls) associated



MENE SURVEY. SMALL AREA ESTIMATES

with the various estimates. More precise measures will have narrower
95% Cls, and any improvement in precision can be measured by com-
paring the width of SAE-based modelled estimate 95% Cls with the
original sample-based direct estimate 95% Cls. Our specific goal here
is to express the impact of SAE-based modelling in terms of 'effective
sample sizes’ and thus predict how much smaller the MENE survey
samples would need to be in order to achieve the precision achieved
by design based survey methods.

48The measurement of accuracy is less straightforward in that we
do not know with any certainty the actual number of people engaging
with the natural environment in each Local Authority. There are thus
no definitive “correct” values against which to compare the direct and
modelled estimates produced using MENE survey data.

Engagement and LA-Level Estimates

49| ocal Authority random effects, are obviously to be included in

the model used to estimate rates of physical activity. These param-
eters, one for each local authority covered by the analysis effectively
measure the extent to which responses in each area differ from what
might be expected given the individual level (fixed effects) logistic
regression model. These LA-specific intercepts effectively describe
how much up or down the fixed effects logistic regression curve must
move to best fit the observed data for each local authority.

50Few of the LA-level fixed effects would be regarded as statistically
significant at the 95% level in a conventional analysis. However, this is
a mechanism for capturing uncertainty in the modelled responses,
and has the effect of reducing the level of uncertainty and hence
increasing the precision of many estimates. It would be possible to
use better models, such as allowing the random effects to be spatially
correlated. This may in turn increase the precision of the subsequent
small area estimates.

51Having obtained “fixed” and local authority “random effect” pa-
rameter estimates, these can applied to socio-demographic data for
Local Authorities and subsequently, by IPF, to MSOAs. These, as dis-
cussed above, are derived from 2011 Census Small Area Microdata,
constrained to mid-2016 ONS age-sex totals in local authorities and
MSOAs. Thus having determined how many people in each local au-
thority are in each unique 'person-type’ cell defined by the model, and
having multiplied those sub-populations by the likelihood that those

33



34

person-types will take a trip to the natural environment, the result-
ing counts are summed to obtain estimates of the overall number of
people in each local authority who took a trip.

52As already intimated, by modelling the relationship between a range
of independent covariates and the dependent variable (in this case
whether or not individuals have made a trip in the last week/year) al-
lowance is automatically made for any unintended and unknown bias
in the sample. For instance, it is very unlikely that whether or not an in-
dividual has a self reported health status of “bad” will ever be used as
either a sampling or weighting factor. Yet it is quite likely that among a
large number of relatively small sub-samples (which, in this case, are
the local authority subsets of the MENE survey there will be a number
instances in which a particular sample is very unrepresentative of its
underlying population. Given that general health has, as illustrated in

, a strong (and of course entirely expected) impact on engagement
with the environment, this inevitably means that at least some of the
sub-samples will return biased sample-based direct estimates of local
levels of physical activity.

Q1 (trips in the last week): fitting a model to the entire data set

53The first set of plots summarise the results of fitting a plot to the
entire data set from survey year 2009/2010 through to 2015/2016. In
other words, this uses data from all survey years where a question
was asked about car availability. Figure 2.2 is a visual summary of the
parameter estimates (in terms of log-odds) that have been obtained
from the conventional model reported in the previous section and a
fully Bayesian model used for small area estimation. It appears that
there is very good albeit not perfect agreement in terms of the param-
eter estimates. It should be noted however that perfect agreement
would not be expected as these are not exactly the same model. The
Bayesian model contains a random effect for each local authority.
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Figure 2.2: Question 1 (trips in last
week): comparison of parameter
(“fixed”) estimates from frequentist
(conventional) and multilevel Bayesian
model fitted to Question 1
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54Figure 2.3 depicts a so-called “caterpillar plot” of the random ef-
fects for each of the local authorities obtained from the Bayesian
model. This is a visual summary of the 95% posterior credible interval
of the random effect in units of “log odds”. Each horizontal line rep-
resents a 95% credible interval for the “random effect” for each local
authority. This represents the variation in outcomes that can be ex-
plained by a respondent coming from that authority. The names of the
individual local authorities are not given in this plot for cosmetic rea-
sons (they would be too small to read), however figure 2.4 will “zoom”
in on a subset of authorities. The reason for providing this plot is to
give some idea of the authority by authority random effects, and to
indicate how much variation in trip taking could be explained by well
chosen authority specific predictor variables. There are some data
anomalies. In some cases, the local authority has not been identified,
and the plot shows extremely wide intervals estimates. However, this
picture is intended as a way of evaluating the typical width of a cred-
ible interval for any unmodelled local authority specific effect on the
number of trips reported in the previous week.
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week): summary of interval estimates
for local Authority Random effects from
Bayesian model
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55As a means of making the results more interpretable, figure 2.4
summarises the posterior credible interval for an arbitrarily chosen
selection of local authorities®. The precision of the final small area
estimates is a function of the width of these intervals. As noted in the
previous section, it would be possible to model these in turn, using
predictor variables that have social or geographic relevance and even
to allow for spatial autocorrelation (to allow neighbouring areas to

be similar in ways that are not explained by explicit numerical vari-
ables). The random effects for Exeter have interval estimates which
are always above zero, whereas those for Hull have interval estimates
which are always below zero. This tells us that a particular person
type (of any combination of socio-demographic characteristics) is
more likely than the average person to have taken a trip in the previous
week if they were from Exeter and less likely if they were from Hull.
These authority specific effects are well worth further exploration,
both because they are of interest in their own right but also because
developed a multilevel model at a relevant aggregate level should yield
superior small area estimates by using relevant geographical informa-
tion.

ONS code, Name

E07000041 Exeter

E07000180  Vale of White Horse
E07000218  North Warwickshire
E07000122  Pendle

E06000010  Kingston upon Hull, City of
E09000027 Richmond upon Thames
E07000202 Ipswich

E07000205  Suffolk Coastal
E08000002 Bury

E07000028 Carlisle
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Figure 2.4: Question 1 (trips in previous
week): exploded view of posterior
random effects for some authorities
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Question 1 (trips in last week) 2015/2016 only

56In terms of evaluating the extent to which a reduced sample size,
combined with small area methodology, might be feasible, results are
next presented based solely on data from survey year 2015/16. Whilst
better small area estimates can be obtained from using as many years
data as possible, using data from a single year should give a more
conservative (more pessimistic) guide to the effect of potentially

reducing sample size for a single year.
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Figure 2.5: Question 1 (trips in last
week): comparison of parameter
(“fixed”) estimates from modelling

all years 2009/10 to 2015/16 and using
data solely for 2015/16
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57The “fixed” effects are plotted in figure 2.5. It can be seen that,
generally speaking, the estimates compare well.
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effects for survey year March 2015 to
February 2016
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58Again, a zoom is made available of the arbitrarily chosen authori-

ties’ Clearly as the subsamples reduce or remove respondents from ONScode,  Name

. - . . . . E07000041 Exeter
particular Io?al authorities, the width of the credible intervals can in- E07000180  Vale of White Horse
crease considerably. E07000218  North Warwickshire

E07000122  Pendle

7 E06000010  Kingston upon Hull, City of
E09000027 Richmond upon Thames
E07000202 Ipswich
E07000205  Suffolk Coastal
E08000002 Bury
E07000028 Carlisle
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Exploring the effect of reduced sample size

59A key outcome of this feasibility study was to determine whether
small area methods could allow a reduced sample size in future use.
To explain the impacts of reduced sample size, an illustrative study on
the modelling is presented. A random sub-sample of the 2015/2016
data are taken. Results presented here show an 80% sample and then
a 50% sample. It can be seen that the intervals are widening with the
50% sample.

45
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60Figure 2.8 compares the “fixed” effects estimates from the models
fitted to all the 2015/16 data, an 80% sample and a 50% sample. As
the interval width increases, the precision of any small area estimates
decreases.
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Figure 2.8: Question 1 (trips in last
week): comparison of “fixed” effects
for survey year March 2015 to February
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61Figures 2.20, 2.21 and 2.22 show the “caterpillar” plots for the ran-
dom effects based on all data, an 80% sub-sample and a 50% sub-
sample respectively. Again, a “zoomed” caterpillar plot of the posterior
random effects for the ten arbitrarily chosen local authorities is pre-
sented in figure 2.12
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Figure 2.9: Q1 (trips in last week): local
authority specific random effects for
survey year March 2017 to February
2018 based on all data
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Figure 2.10: Question 1 (trips in last
week): local authority specific random
effects for survey year March 2015 to
February 2016 based on 80% subsample
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Figure 2.11: Question 1 (trips in previous
week): local authority specific random
effects for survey year March 2015 to
February 2016 based on 50% subsample
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Figure 2.12: Question 1 (trips in last
week): expanded view of selected
local authority random effects from
2017/2018 survey year under all, 80%
and 50% sampling
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62Finally, it is illustrative to note the sample size attained by these
scenarios. This is given in table 2.1.

Sample Number of rows of data Table 2.1: Sample size (number of data
B point from MENE survey used to fit

2009/10 - 2015/16 326755 models to Q1

2015/16 100% sample 45965

2015/16 80% sample 36772

2015/16 50% sample 22982
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Q17 (at least monthly trips in the last year): Bayesian modelling and
reduced sample size

63Similar results are briefly presented for Question 17 to those given
earlier for Question 1.

64 As before, the first set of plots summarise the results of fitting

a plot to the entire data set from survey year 2009/2010 through to
2015/2016. Figure 2.16 contrasts the conventional model reported in
the previous section and a fully Bayesian model used for small area
estimation. As before, it appears that there is good but not perfect
agreement in terms of the parameter estimates.



age65+:sexMale
ageb5-64:sexMale
age45-54:sexMale
age35-44:sexMale
age25-34:sexMale
survey_yearY1516
survey_yearY1415
survey_yearY1314
survey_yearY1213
survey_yearY1112
survey_yearY1011
adults_in_hh5+
adults_in_hh4
adults_in_hh3
adults_in_hh2
child_in_hhAny
ethnicity_5white_other
ethnicity_5white_british
ethnicity 5other
ethnicity 5black
marstatSep/Wid/div
marstatMarried
segDE

segC2

segCl

carYes

sexMale

age65+

age55-64
age45-54
age35-44
age25-34

MENE SURVEY. SMALL AREA ESTIMATES

log Odds Ratio

-0.5 0.0 0.5
| | |
! — Conventional
—T"— —— Multilevel Bayesian
——
———, |
——
T —e— :
! ————
_I, ————
-~ : ———
- |
- : ————
. :+
|
:
- :
-
: -
! —— ———
: -~ -
: _ﬁ—_-_
|
~
-
-~ |
- :
= :
| -
: ————
———— :
—— ——— |
———— ——y— :
- -+
——— [p—

55

Figure 2.13: Question 17 (previous year,
more than monthly trips): comparison

of parameter (“fixed”) estimates from

frequentist (conventional) and multilevel

Bayesian model fitted to Question 1
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65Figure 2.14 illustrates the “caterpillar plot” of the random effects for
each of the local authorities obtained from the Bayesian model. and
figure 2.15 provides a “zoom” view of the subset of authorities.
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Figure 2.14: Question 17 (previous year,
more than monthly trips): summary of
interval estimates for local Authority
Random effects from Bayesian model
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Figure 2.15: Question 17 (previous year,
more than monthly trips): exploded view
of posterior random effects for some
authorities
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Question 17 (previous year, more than monthly trips) 2015/2016 only

66For small area predictions, as before, results are based solely on
data from survey year 2015/16.
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Figure 2.16: Question 17 (previous year,
more than monthly trips): comparison
of parameter (“fixed”) estimates from
modelling all years 2009/10 to 2015/16
and using data solely for 2015/16
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67 Figure 2.17 depicts the random effects, and figure 2.18 shows the
exploded view for the same arbitrarily chosen authorities as before for
a model fitted to the 2015/16 only data.
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Figure 2.17: Question 17 (previous year,
more than monthly trips): local authority
specific random effects for survey year
March 2017 to February 2018
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Exploring the effect of reduced sample size

68For illustration purposes, a random sub-sample of the 2015/2016
data are taken. Results presented here show an 80% sample and then
a 50% sample. Figure 2.19 compares the “fixed” effects estimates
from the models fitted to all the 2015/16 data, an 80% sample and

a 50% sample. As the interval width increases, the precision of any
small area estimates decreases. It can be seen that the intervals are
widening with the 50% sample.

69Figure 2.8 compares the “fixed” effects estimates from the models
fitted to all the 2015/16 data, an 80% sample and a 50% sample. As
the interval width increases, the precision of any small area estimates
decreases.
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Figure 2.18: Question 17 (previous year,
more than monthly trips): expanded
view of some local authority random
effects from 2015/2016 survey year
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Figure 2.19: Question 17 (previous year,
more than monthly trips): fixed effects
estimates from 100%, 80% and 50%
subsamples from 2015/16
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Figure 2.20: Q17 (previous year, more
than monthly trips): local authority
specific random effects for survey year
March 2017 to February 2018 based on
all data
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Figure 2.21: Question 17 (previous year,
more than monthly trips): local authority
specific random effects for survey year
March 2015 to February 2016 based on
80% subsample
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Figure 2.22: Question 17 (previous year,
more than monthly trips): local authority
specific random effects for survey year
March 2015 to February 2016 based on
50% subsample
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Figure 2.23: Question 17 (previous year,
more than monthly trips): expanded
view of selected local authority random
effects from 2017/2018 survey year
under all, 80% and 50% sampling
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70Finally, the sample sizes on the which the Question 17 model fits are
based are given in table 2.2

Sample Number of rows of data Table 2.2: Sample size (number of data
B point from MENE survey used to fit

2009710 - 2015/16 74567 models to Q17 (previous year, more than

2015/16 100% sample 10676 monthly trips)

2015/16 80% sample 8558

2015/16 50% sample 5291
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71.An extensive study has been conducted whereby small area pre-
dictions are created in the form of a predicted count for each local
authority. The process is as follows:

1. Small area predictions are generated for each individual in the SAM
data as described in figure 2.1 above.

2. The SAM data are a 5% sample of the population. The small area
predictions for each authority are collapsed to a count in each age-
sex band.

3. The ratio of the number of respondents in the 2019 ONS population
projection for each authority-age-band to the number of respon-
dents in each SAM authority-age-band is used as a weight.

4. The small area predictions from the SAM are then upweighted
using this ratio to generate a count for each local authority.

This process is repeated for a range of scenarios, where a random
subsample is taken of the 2015/16 MENE survey data is taken. The
Residual Mean Square Error, calculated as:

Y (@i —vi)?

n

RMS = (2.3)

where y; denotes the small area estimated number of individuals
taking a trip in a given local authority, and i denotes the estimated
number of individuals based on a random subsample.

Sample size relative to full dataset Residual Mean Square Error Table 2.3: Q1: Root mean square error of
95% Sample 1528.28 sub-sample predictions

80% Sample 2918.92

75% Sample 3031.13

50% Sample 3788.14

30% Sample 7149.77

10% Sample 11672.91

72Clearly it is not ideal to use a small area estimate itself to calibrate
the RMS, but this may be suitable for internal use and suggests that
an 80% sample can be taken with little substantial increase in RMS
error.
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RMS by sample size
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Figure 2.24: Q1 (trips in last week):
estimates Residual Mean Square for
random sub-samples relative to whole
dataset for 2015/16
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73Whilst full results are given in a csv file, figure 2.25 presents a
choropleth map of the number of people in each authority area who
had made a trip to the natural environment in the previous week.

Estimated number of trip makers (1000)
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— 150
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Figure 2.25: Small area estimate of the
number of people in each lower level
authority reporting a trip to the natural
environment based on 2015/16 MENE
data
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Question 17: effect of reducing sample size

74The same procedure is repeated on Question 17. The significant
point here is that considerably fewer people have been asked this

question.
Sample size relative to full dataset Residual Mean Square Error Table 2.4: Q17: Root mean square error
95% Sample 2836.8 of sub-sample predictions
80% Sample 4135.37
75% Sample 5041.6
50% Sample 6501.36
30% Sample 11746.22

10% Sample 23309.9
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Figure 2.26: Q17 (more than monthly
trips in last year): estimates Residual
Mean Square for random sub-samples
relative to whole dataset for 2015/16
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75Whilst full results are given in a csv file, figure 2.27 presents a
choropleth map of the number of people in each authority area who
had made a trip to the natural environment in the previous week.
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Figure 2.27: Q17: Small area estimate of
the number of people in each lower level
authority reporting at least one trip a
month to the natural environment in the
previous year based on 2015/16 MENE
data
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Synthetic small area estimates

76.The synthetic small area estimates for the two outcome variables
(Q1 and Q17) are made available as a set of . csv files giving the ONS
code for the small area (Local Authority and MSOA) along the poste-
rior median and 95% credible intervals for the estimated number of
people who made a trip in the last week, or who made a trip more than
once of twice in the last year. The R code necessary to reproduce this
analysis is available in a github repository.

77 This feasibility study has demonstrated the viability of a small

area approach to the MENE survey. Tables 2.3 and 2.4 indicate a con-
structed Residual Mean Square Error (RMS) estimate to illustrate

the likely effect of reducing sample size. It can be seen that sample
size reductions have less impact in terms of Q1 (trips in the previ-
ous week) than Q17 (at least monthly trips in previous year). There
are two points to note. Firstly, the RMS is computed using the entire
dataset for 2015/16 as the “gold standard”. Clearly, it would be prefer-
able to have an actual “gold standard”; most methodological studies
in small area estimation conduct an entirely simulation based exer-
cise where the entire population is synthesised, a sample taken and
the small area estimates compared the the simulated “gold standard”
or “ground truth”. Therefore these RMS estimates can not be used

to compare this method with any other; they can only be used inter-
nally, to demonstrate how the quality of the estimates decreases with
sample size.

781t is apparent from several of the caterpillar plots presented that,
when using data from 2015/16, the interval estimates for several local
authorities are extremely wide. This is because there were few or no
respondents from those local authorities in that year. There are two
solutions to this problem. The first is to establish an upper level model
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for the survey geography. Allowing spatially correlated random effects
would mean that the random effect for any local authority would be
based on its neighbours values as well as its own. A more data driven
approach would be to develop an upper level model based on local
authority specific predictor variables. We would further recommend
for any subsequent small area estimation that all available years’ data
should be used, which would allow a data driven model to use pat-
terns between individuals and areas to be established, even allowing
for changes over time.

79There are some data challenges to be reconciled. Firstly, ownership
of a car is a strong predictor of engagement with the natural environ-
ment, yet does not seem to be recorded in the most recent two years
of the available survey. This reduces the precision by which small
area estimation methods can predict a response. We would recom-
mend that this question be restored in subsequent years. It is possible
to incorporate missing data imputation methods within a Bayesian
framework and this could be done in a definitive study and data from
2016/17 and 2017/2018 could be used to get stronger evidence on the
relationship between other person type variables and geographical
information. However, whilst Bayesian methods are powerful, they are
not a magic wand and data would always be preferred to any compen-
satory technique.

80There are other questions (general health) which are also only
available for certain years. More significantly, there are other survey
questions which have drifted from the census definitions; for example
limiting long term illness in the census now records at three levels but
the MENE survey has a simple yes/no question in response to disabil-
ity. Small area estimation, and many techniques around non-random
sampling which aim to weight a sample after the event (e.g. post-
stratification) require that auxiliary variables are available which match
the variables in the survey of interest. It is always a balance between
maintaining a consistent data collection over time and keeping up to
date with external changes. However, we would suggest that a mod-
elling based approach allows any changes to be modelled and hence
the advantages seem to lie more with consistency between the MENE
survey and external data. If the MENE survey were ever to be based

on a non-random sampling frame (such as happens in web-surveys)
we would suggest that the need to match respondent information with
auxiliary data becomes even more important.

81.t would seem that, using appropriate small area estimation meth-
ods, a reduction in sample size is possible. The challenge in this work
is that it assumes that the model is essentially correct. It assumes
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that specific person types generally behave the same wherever they
are in the country with the exception of an overall local effect cap-
tured by the local authority specific random effects. This is rarely a
popular assumption with local authorities being judged on the out-
put of such a modelling exercise. It is possible with more judicious
modelling (such as spatial random effects models using the postcode
sector of the respondent) to better estimate local authority specific
random effects. Clearly this requires both further technical work and
further discussions with stakeholders as to the likely acceptability of
such modelling. Similarly, producing more granular geographical re-
sults such as MSOA level small area estimates, while feasible perhaps
merits further work looking at local specific effects.

82t is possible to produce small area estimates for finer domains,
such as MSOAs. These results are given in a csv file. These may be
useful in terms of identifying groups of people who are not making the
most of contact with the natural environment. We would however sug-
gest that this does not necessarily require small area estimates, but
that the same understanding could be gained by carefully examining
the model results. For example, the “fixed effects” provide information
on types of people who have differential access to a natural environ-
ment. Local authority random effects provide information on areas of
the country where access might be higher or lower than the average,
assuming every part of the country had the same mix of people types.

79






I Appendix

Technical clarifications

0dds and odds ratios

The proportion is a well recognised summary metric:

Number of individuals responding with ‘yes’

roportion Total number of individuals surveyed

In many fields (including medicine) it is common to use odds
as a summary metric:

Number of individuals responding with ‘yes’

Odds = Number of individuals responding with ‘no’

The odds ratio is a less commonly used summary measure of
treatment / exposure effect. It is defined as:

0dds of ‘yes’ for group A

Odds ratio = 0Odds of ‘yes’ for group B

An odds ratio with value of (almost) 0 indicates that the odds of
replying ‘yes’ for group ‘A’ are either very low (almost zero respondents
replied ‘yes’) or the odds of replying ‘yes’ for group ‘B’ are very high
(almost every respondent replied ‘yes’) or both. An odds ratio of 1
indicates that the odds of replying ‘yes’ are the same in both groups,
regardless of the relative number in each group who replied ‘yes’.
0Odds ratios above 1 indicate that relatively more respondents in group
‘A’ replied yes than did respondents in group ‘B’.

The log-odds ratio is the (natural) logarithm of the odds ratio.
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LogOdds ratio = log, (Odds of ‘yes’ for group A>

0dds of ‘yes’ for group B

The effect of using a log-odds ratio might be for visual or interpre-
tative reasons. An odds ratio of 0.5 and an odds ratio of 2 indicate
that the odds of replying ‘yes’ in group ‘A’ are either half of twice the
odds of group ‘B’. There is a symmetry here which cannot be seen
if these effects were to be plotted. Another reason, is that standard
modelling approaches naturally work with the log-odds ratio for their
own reasons.

As a point of clarification for later, it is possible to convert a
proportion into an odds using formula 4.1

Proportion

Odds = 1 — Proportion

(4.7)

Logistic regression models

This analysis considers two dichotomous outputs, namely whether a
respondent indicated that they have made at least one trip in the last
week, or whether over the course of the previous year they had made
more than one trip a month. Denoting the number of individuals by
n, and a single individual with a subscript i (wherei = 1,...,n). for
individual , the response variables are created as:

Question 1

v — 1 if if one or more trips have been made in the last week
10 otherwise

Question 17

v — 1 if if trips have been made more than once a month in the last year
1o otherwise

For technical reasons, the standard statistical method for fitting a
model to such data is the so-called logistic regression. There are three
elements to these models.
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1. Assume that the response variable Y; is a realisation of a Bernoulli
random variable where the probability Y = 1 is given by 6;.

2. Next assume that there it is resonable to relate the outcome to
a standard linear predictor of the form#; = Bg + B1xn + ... +
Bpxi, where B; (with the subscript j = 1,..., p denoting a distinct
predictor variable from 1 to p) are the parameters to be estimated
and x; = (x;1,...,x;,) are the values of the predictor variables for
individual i.

3. In many ways, the #; values are similar to the 7 values of a stan-
dard linear regression. However, we need a way of mapping these
linear predictor values onto the probability 6; that individual i re-
ported having taken trip in the last week, or a trip more than once a
month in the last year. To do this, a so-called logistic link function is
used.

o \
log (1 — 9i> =i (4.2)

Equation 4.2 is referred to as the logistic link function and is the
reason these models are referred to as “logistic regression” models.
It is something of a default in medical research where they have been

used for over a century. In 1972 1 developed a flexible framework for a "Nelder, J. A. and R. W. Wedderburn
range of related models. From the point of view of someone wishing (1972). Generalized linear models.

. . Lo . Journal of the Royal Statistical Society:
to interpret the parameter estimates from a logistic regression model, Series A (General) 135(3), 370-384

it can be seen that there is a similarity between this function and the
formula given in equation 4.1. What this means is that the entire linear
predictor (and the intercept on its own) are effectively the (natural)

log odds of a respondent answering a question with ‘yes’. The other
parameters are the (natural) log-odds ratio for a 'yes’ response for a
member of the group described by that predictor variable relative to
the baseline. For example, the log-odds ratio of a male respondent
relative to a female replying ‘yes’ to the question about trips.

For reference purposes, the inverse function to the logistic link 4.2
is as follows:

__exp(ni)
" T4exp(n)

In other words, we can use this to calculate the probability that a
particular respondent replied ‘yes’ to the dichotomised trip question.
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