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Abstract		

	Although	ecological	cognitive	social	capital	is	an	important	predictor	of	mental	health,	

measurement	remains	crude.	Multi-level	regression	with	post-stratification	(MRP)	is	a	

technique	for	computing	small	area	estimates	of	survey	responses,	used	in	political	

science	but	hitherto	not	for	estimating	ecological	protective	factors	in	epidemiology.		

National	Survey	for	Wales	2016-17	data	(N=10,486)	were	used	to	produce	MRP	

estimates	of	belonging	and	generalised	trust	for	410	middle	super	output	areas	

covering	Wales.	These	estimates	were	used	to	predict	psychiatric	admission	rates	in	

2017	(N=9978	cases).		

Low	belonging	and	trust	are	ecological	risk	factors	for	psychiatric	admissions,	with	a	

29%	(25-33%)	and	25%	(22-29%)	increase	in	admissions	per	standard	deviation	

decrease	respectively.	Equivalent	results	for	using	standard	simple	aggregation	of	

survey	data	by	area	suggest	8%	(4-12%)	and	10%	(6-14%)	increases	in	risk	per	

standard	deviation.		

MRP	has	potential	for	studying	ecological	risk	factors	based	on	self-report	measures,	

with	greater	predictive	validity	for	incidence	of	psychiatric	admissions	than	current	

methods.	

Keywords:	Spatial	epidemiology;	Small-Area	Analysis;	Generalized	trust;	Belonging;	

Social	epidemiology	
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Cognitive	social	capital,	one’s	beliefs	about	the	community	where	they	live[1],	is	an	

important	predictor	of	health[2].	A	systematic	review	found	that	low	cognitive	social	

capital,	but	not	structural	social	capital	–	formal	structures	and	practices	underpinning	

community[1],	is	a	risk	factor	for	mental	health	problems[3].	Individual-level	cognitive	

social	capital	partly	accounts	for	this–	people	with	low	cognitive	social	capital	have	poor	

health	outcomes[4]	–	but	some	risk	appears	to	be	ecological.	After	accounting	for	

individual	cognitive	social	capital,	living	in	a	community	where	others	have	low	

cognitive	social	capital,	namely	ecological	social	capital,	is	itself	a	risk	factor	for	poor	

mental	health[5].		

	

The	causal	mechanisms	underpinning	this	association	are	less	clear.	Explanations	can	

be	broadly	divided	into	compositional	and	contextual	accounts[e.g.	6].	Compositional	

accounts	suggest	that	people	predisposed	to,	or	with	existing,	mental	health	problems	

move	to	particular	types	of	area,	causing	a	decline	in	social	and	economic	capital[7].	

Contextual	accounts,	by	contrast,	propose	the	opposite	causal	direction,	with	areas	with	

high	social	capital	promoting	good	mental	health	by	facilitating	and	enriching	residents’	

lives[3,8].		

	

Although	its	theoretical	and	empirical	importance	is	clear,	measuring	ecological	social	

capital	is	challenging.	Unlike	other	social	risk	factors	like	material	deprivation,	it	is	not	

captured	by	administrative	data	and	must	be	measured	using	self-report	surveys.	Even	

large-scale	surveys,	however,	sample	a	tiny	proportion	of	the	population,	so	the	way	

such	data	are	transformed	from	the	individual	to	the	ecological	level	is	important.	

Previous	ecological	analyses	of	cognitive	social	capital	have	simply	averaged	survey	

responses	within	geographical	units,	a	method	hereafter	called	simple	aggregation.		
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This	is	problematic	for	two	reasons.	Firstly,	unless	the	sample	is	unusually	large,	the	

margin	of	error	for	each	area	is	likely	to	be	unacceptably	wide	due	to	sampling	variation	

–	an	area	where	~25	of	~6000	residents	were	sampled	(the	average	situation	for	the	

data	described	below)	would	have	a	95%	margin	of	error	of	15-20	percentage	points	

either	way.	Secondly,	attempts	to	make	a	sample	representative,	either	in	terms	of	data	

collection	or	in	terms	of	reweighting,	typically	focus	on	making	the	overall	sample	

representative	of	the	population,	rather	than	each	ad	hoc	geographical	subset	of	

respondents.	Thus	the	respondents	for	each	geographical	unit	will	be	a)	far	too	few	in	

number	and	b)	potentially	systematically	unrepresentative	to	estimate	the	variable	of	

interest	at	the	local	level.		

	

Multi-level	regression	with	post-stratification	

Techniques	to	solve	these	problems	exist	in	political	science.	Multi-level	regression	with	

post-stratification	(MRP)[9,10]	is	a	method	for	estimating	average	responses	to	a	

survey	item	at	smaller	units	of	geography	than	the	survey	was	designed	for.	It	has	

generally	been	applied	to	voting	intention	data,	but	the	same	principles	hold	for	other	

types	of	survey	data.		

	

MRP	involves	fitting	a	multi-level	regression	model	to	the	survey	item	of	interest	using	

individual-level	(e.g.	sex,	national	identity)	and	area-level	(e.g.	unemployment	rate)	

variables	as	random	and	fixed	effects	respectively.	Random	effect	terms	are	also	fitted	

for	each	geographical	unit	to	capture	additional	variance	unaccounted	for	by	the	

predictors	identified.		
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An	estimate	for	the	average	response	of	each	combination	of	the	individual	variables	

(e.g.	British-identifying	women	aged	20-24)	can	then	be	made	and	these	values	can	be	

summed	for	each	geographic	unit,	weighted	by	their	share	of	the	population	there	

(based	on	census	data	or	similar),	and	combined	with	area-level	predictors	to	produce	

estimated	average	responses	for	each	geographical	unit.	

	

Applications	using	simulated	and	real	data	show	that	MRP	outperforms	simple	

aggregation[11].	Instead	of	considering	respondents	from	each	geographical	unit	

separately,	MRP	uses	the	entire	sample	to	model	the	target	response.	Area-level	

predictors	have	also	been	shown	to	greatly	improve	estimates[12].	MRP	estimates	can	

theoretically	be	made	for	geographical	units	which	have	no	respondents	at	all	in	the	

original	survey,	by	assuming	that	the	individual-level	and	area-level	predictors	are	valid	

out	of	sample.	Furthermore,	it	has	been	shown	to	yield	reasonable	results	even	with	

non-representative	samples[13].	

	

The	present	study	

The	present	study	produces	MRP	estimates	of	neighbourhood	cognitive	social	capital	

and	uses	them	to	predict	psychiatric	admission	rates	in	Wales.	Cognitive	social	capital	is	

operationalised	using	questions	measuring	sense	of	belonging	and	generalised	trust.	

Which	constructs	comprise	social	capital	and	which	do	not	is	a	contested	topic	[14,15].	

Trust	is	a	key	part	of	Putnam’s	influential	conception	of	social	capital	[16]	and	is	a	

feature	of	most	measures	of	social	capital	[17],	while	sense	of	belonging,	although	

arguably	more	of	a	product	of	a	Durkheimian	concept	of	social	cohesion	than	of	social	

capital[18],	is	widely	deployed	as	a	measure	of	social	capital	in	social	epidemiology	and	

appears	well	correlated	with	network	measures	of	social	capital[14].		The	predictive	
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validity	of	MRP	estimates	is	compared	to	that	of	simple	aggregation	estimates.	Social	

capital	and	admission	rates	are	measured	independently	using	two	sources	of	data,	the	

2016-17	National	Survey	for	Wales	and	the	Patient	Episode	Database	for	Wales	

respectively.	

	

METHODS	

Ethical	approval	was	granted	by	the	School	of	Psychology,	Bangor	University	and	by	a	

National	Health	Service	Research	Ethics	Committee	(Wales	4).	

	

MRP	estimates	

The	2016-17	National	Survey	for	Wales[19],	was	used	to	produce	MRP	estimates	of	

sense	of	belonging	and	generalised	trust	for	middle	super	output	areas	(MSOA).	MSOAs	

are	units	of	UK	Census	geography	designed	to	provide	comparably	sized	and	fairly	

homogenous	areas	to	improve	small	area	statistical	reporting.	Their	populations,	when	

drawn	after	the	2011	census,	ranged	between	5000	and	15,000.		

	

Sample	

The	National	Survey	for	Wales	is	an	annual	survey	commissioned	by	the	Welsh	

Government,	examining	a	range	of	topics.	Sampling	was	based	on	a	random	selection	of	

postal	addresses,	stratified	by	local	authority,	with	a	54.6%	response	rate.	

	

The	total	N	was	10,493	but	after	removing	participants	with	missing	data	for	any	

variable	required	for	analysis,	10,486	respondents	(99.9%)	remained.	Respondents	

were	available	for	all	MSOAs,	with	a	mean	of	25.58	per	MSOA	(range:	6-103,	

interquartile	range:	17-29).	
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Demographic	variables	were	recoded	to	correspond	to	UK	Census	table	DC2203WA	

‘Ability	to	speak	Welsh	by	national	identity	by	sex	by	age’	as	follows.	Participant	ages	

were	reduced	to	five	year	age	bands	for	those	between	20	and	84,	plus	additional	16-17,	

18-19,	and	85	and	over	bands.	National	identity	was	coded	as	Welsh	only,	Welsh	and	

British,	British	only,	English	and	British,	English	only,	and	All	other	identities.	Ability	to	

speak	Welsh	was	already	dichotomised,	but	those	who	had	spontaneously	claimed	to	

have	‘some	speaking	ability’	(8%)	were	categorised	as	non-Welsh	speakers.	

	

	

Measures	

Cognitive	social	capital	was	operationalised	using	two	questions.	Belonging	was	

measured	using	responses	to	the	statement	‘I	belong	to	my	local	area’,	where	

respondents	rated	their	agreement	on	a	five-point	Likert	scale.	Responses	were	

dichotomised	(Likert	responses	are	not	interval	data)	so	those	who	responded	‘strongly	

disagree’	or	‘tend	to	disagree’	had	a	value	of	0	and	those	who	responded	‘strongly	

agree’,	‘tend	to	agree’,	or	‘neither	agree	nor	disagree’	had	a	value	of	1.	

	

	Generalised	trust	was	measured	using	the	question:	‘Would	you	say	that	most	people	

can	be	trusted?	Please	answer	on	a	scale	from	nought	to	10	where	nought	means	that	in	

general	you	do	not	trust	any	other	person	and	10	that	you	feel	most	people	can	be	

trusted.’	Here,	data	were	dichotomised	so	0-4	were	categorised	as	0	and	5-10	as	1.	This	

was	done	on	the	basis	of	a	clear	point	of	inflection	between	the	number	of	respondents	

answering	4	(<5%)	and	5	(>20%).	
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Churn	data[20],	measuring	the	proportion	of	households	in	each	lower	super	output	

area	where	the	occupant	had	changed	between	2017	and,	in	this	case,	2014,	were	

aggregated	at	MSOA	level	by	taking	the	mean	value	of	the	constituent	lower	super	

output	areas	for	each	MSOA.		

	

The	proportion	of	each	MSOA	in	receipt	of	unemployment-related	benefits	for	2017	was	

taken	from	the	Welsh	Government’s	Welsh	Index	of	Multiple	Deprivations	

(http://wimd.wales.gov.uk/)	indicator	data.	Population	density	and	the	proportion	of	

residents	aged	16+	with	no	formal	qualifications	were	taken	from	the	2011	UK	Census.	

	

Multi-level	regression	

Binomial	generalised	linear	mixed	effects	models	were	fitted	to	the	data	using	the	lme4	

package[21]	for	R[22].	The	belonging	and	trust	models	had	identical	random	effects	

structures:	Random	intercepts	of	MSOA,	age	band,	and	gender	were	included,	as	was	a	

random	slope	of	Welsh-speaking	and	national	identity	for	each	local	authority.	The	

cultural	significance	of	Welsh-speaking	and	national	identity	were	expected	to	vary	

throughout	Wales[23,24]	so	these	coefficients	were	allowed	to	vary	geographically[25].	

For	belonging,	fixed	effects	of	churn	and	unemployment	were	used	as	area-level	

predictors;	for	trust,	fixed	effects	of	population	density	and	proportion	of	residents	with	

no	formal	qualifications	were	used.		

	

These	variables	were	chosen	on	the	basis	of	theoretical	expectations	about	what	factors	

might	promote	or	disrupt	social	capital	(e.g.	churn,	Welsh	language	and	national	

identity	varying	by	local	authority),	on	the	basis	of	their	broader	prominence	in	social	

science	(e.g.	age,	sex,	rurality,	unemployment,	education),	and	on	the	availability	of	



 9 

cross-tabulated	census	data	for	the	variables	in	question	at	the	MSOA	level	(not	all	

combinations	of	census	data	are	available,	for	reasons	of	identifiability).	The	final	model	

specifications	were	based	on	a	small	amount	of	experimentation	into	what	variables	

helped	to	predict	belonging	and	trust	in	the	survey	data,	but	importantly	not	on	the	

basis	of	which	combination	of	variables	best	predicted	psychiatric	admissions.	Such	

decisions	were	undoubtably	assumption-laden	and	this	will	be	revisited	in	the	

discussion.	

	

Post-stratification	

The	coefficients	from	the	mixed	effects	models	were	then	post-stratified	using	census	

data	to	produce	estimates	of	belonging	and	trust	for	each	MSOA.	

Census	table	DC2203WA	was	downloaded	using	nomisr[26]	and	the	proportion	of	each	

MSOA’s	population	in	each	age*sex*national	identity*Welsh-speaking	stratum	was	

computed.		

	

Each	MSOA*age*sex*national	identity*Welsh-speaking	cell	of	the	census	had	the	

appropriate	level	of	the	age,	gender,	national	identity,	and	Welsh-speaking	random	

effects	from	the	mixed	effects	model	applied	to	it	(For	Welsh-speaking	and	national	

identity,	the	random	effect	for	the	relevant	local	authority	was	used),	before	values	for	

all	strata	within	each	MSOA	were	summed,	weighted	by	the	proportion	of	the	

population	of	the	MSOA	that	each	cell	represented,	so	that	where	a	demographic	group	

were	numerous	they	had	a	greater	influence	on	the	estimate.		

The	area-level	coefficients	were	then	multiplied	by	the	relevant	values	for	each	MSOA,	

and	added	to	the	demographic	random	effects,	as	was	the	random	effect	for	the	MSOA	in	

question.	Then	this	value	was	added	to	the	intercept	and	inverse	logit-transformed	to	
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derive	an	estimate	for	the	percentage	of	residents	of	each	MSOA	who	felt	they	belonged	

or	were	trusting*.	

	

Simple	aggregation	measures	of	belonging	and	trust	were	computed	by	computing	the	

percentage	of	respondents	in	each	MSOA	who	were	coded	as	belonging	or	trusting.	

	

MRP	results	

Belonging	

Table	1	provides	full	information	on	the	terms	of	the	individual	model	for	belonging,	but	

the	model	is	also	described	below.	

Be
lo

ng
in

g 

Fixed effects B SE 
Churn -3.351 1.364 
Unemployment -0.058 0.008 
Random effects SD   
Age 0.312   
Gender 0.000   
MSOA 0.196   
Local authority - Welsh-speakers 0.091   
Local authority - Non Welsh-speakers 0.009   
Local authority - Welsh only 0.429   
Local authority - Welsh and British only 0.737   
Local authority - English only 0.443   
Local authority - English and British 0.634   
Local authority - British only 0.187   
Local authority - All other identities 0.190   

Tr
us

t 

Fixed effects B SE 
No qualifications -0.032 0.004 
Density -0.006 0.002 
Random effects SD   
Age 0.403   

 
* The primer by Kastellec, Lax, and Phillips [33] is an extremely useful resource for applying MRP: 
http://www.princeton.edu/~jkastell/MRP_primer/mrp_primer.pdf  
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Gender 0.075   
MSOA 0.124   
Local authority - Welsh-speakers 0.213   
Local authority - Non Welsh-speakers 0.010   
Local authority - Welsh only 0.116   
Local authority - Welsh and British only 0.269   
Local authority - English only 0.245   
Local authority - English and British 0.179   
Local authority - British only 0.118   
Local authority - All other identities 0.129   

	Table	1.	Summary	of	terms	within	the	two	MRP	models.	

	

Living	in	areas	with	higher	levels	of	churn	and	unemployment	were	associated	with	

decreased	belonging.	Increasing	age	was	generally	associated	with	greater	belonging,	

and	gender	had	no	association.	The	terms	for	national	identity	and	Welsh-speaking	

varied	widely	by	local	authority.	Broadly,	Welsh	identities	were	protective,	English	and	

‘none	of	the	above’	identities	showed	decreased	belonging,	and	British	only	was	

intermediate.		

	

Trust	

Table	1	provides	full	information	on	the	terms	of	the	individual	model	for	trust,	but	the	

model	is	also	described	below.	

	

Living	in	areas	with	higher	proportions	of	people	with	no	formal	qualifications	and	

higher	population	density	were	associated	with	lower	trust.	Age	was	broadly	positively	

associated	with	trust	and	women	had	slightly	greater	trust	than	men.	National	identity’s	

association	with	trust	varied	widely	by	local	authority,	but	English-only	identity	was	a	
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consistent	risk	factor	for	low	trust.	Being	a	Welsh-speaker	was	protective	in	some	local	

authorities	and	neutral	elsewhere.		

	

Figure	1.	Maps	of	MRP-derived	(top	row)	and	simple	aggregation-derived	(bottom	

row)	estimates	of	belonging	(left-hand	column)	and	trust	(right-hand	column)	by	MSOA.	

	

Figure	1	shows	maps	of	MRP	and	simple	aggregation	estimates	of	the	prevalence	of	

belonging	and	trust	in	each	MSOA.	Both	are	lower	in	the	southern	valleys	and	along	the	

north	coast.		

	

MRP	estimates	range	from	73-95%	for	belonging	and	61-89%	for	trust,	while	simple	

aggregation	estimates	range	from	58-100%	for	belonging	and	33-100%	for	trust.	
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Although	it	impossible	to	be	sure	that	the	greater	range	of	simple	aggregation	estimates	

does	not	reflect	important	variance	between	MSOAs,	it	seems	likely	that	this	is	a	result	

of	the	huge	margin	of	error	associated	with	these	estimates.	Methodological	work	on	

MRP	suggests	that	one	reason	MRP	outperforms	simple	aggregation	is	by	smoothing	

unreliable	small	samples	towards	a	more	reliable	average[12].		More	broadly,	the	

geographical	variability	is	promising	as	previous	work	has	shown	that	this	is	an	

important	precondition	for	successful	application	of	MRP[11].	MRP	estimates	were	

correlated	with	simple	aggregation	measures	for	belonging	(r=.56),	and	trust	(r=.55).	

MRP	estimates	of	belonging	and	trust	were	substantially	correlated	(r=.75),	but	this	

correlation	was	lower	for	simple	aggregation	measures	(r=.28).		

	

Finally,	formal	estimates	of	margin	of	error,	including	finite	population	correction,	were	

computed	for	the	simple	aggregation	approach	for	each	MSOA.	Margins	of	error	for	

belonging	had	a	mean	of	12.6%,	ranging	5.7-23.8%.	Margins	of	error	for	trust	averaged	

15.7%,	ranging	7.1-29.7%.	

	

Psychiatric	data	

Data	

Psychiatric	admission	data	for	2017	from	the	Patient	Episode	Database	for	Wales	were	

obtained	from	NHS	Wales	Informatics	Service.	A	psychiatric	admission	was	defined	as	

an	inpatient	admission	with	a	psychiatric	treatment	code	under	the	Office	of	Population	

Censuses	and	Surveys	Classification	of	Surgical	Operations	and	Procedures	system.	

Thus	patients	were	defined	by	treatment,	rather	than	by	diagnosis	or	by	bed	type.		

Count	of	all	unique	individuals	admitted	in	each	MSOA,	stratified	by	sex	and	three	age	

bands	(18-34,	35-64,	65+),	were	computed.	Where	patients	were	admitted	on	multiple	
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occasions,	including	in	cases	where	they	were	admitted	from	multiple	MSOAs,	the	first	

admission	only	was	used.	Office	for	National	Statistics	population	estimates	for	2017,	

stratified	in	the	same	way,	were	used	to	measure	the	at-risk	population.	

	

Analyses	

Poisson	generalised	linear	mixed	effects	models	were	fitted	to	the	number	of	cases	in	

each	stratum	of	each	MSOA	with	an	offset	of	logged	population	at	that	stratum	(to	

model	cases	as	a	rate),	and	random	intercepts	of	MSOA,	sex,	age,	and	local	authority.	

Simple	models	were	fitted	including	a	fixed	effect	of	the	social	capital	estimate	(z-

scored)	for	each	MSOA	and	a	full	model	included	fixed	effects	of	social	capital	(z-

scored),	sex,	and	age;	and	all	of	their	interactions.	Separate	versions	of	the	two	models	

were	fitted	with	the	MRP	estimates	and	simple	aggregation	estimates	of	belonging	and	

trust,	for	a	total	of	eight	models.	

	

The	statistical	significance	of	terms	within	each	model	were	evaluated	using	p-values.	

The	predictive	validity	of	MRP	and	simple	aggregation	versions	of	each	construct	were	

compared	across	their	respective	simple	models	by	assessing	whether	95%	confidence	

intervals	of	their	rate	ratios	(RR)	overlapped.	

	

Data	Availability		

MRP	estimates	and	the	R	script	are	provided	in	the	supplementary	materials.	Raw	data	

were	obtained	from	third	parties.	The	National	Survey	for	Wales	is	available	from	the	

UK	Data	Service	(https://www.ukdataservice.ac.uk/)	but	MSOA	data	must	be	requested	

from	the	Welsh	Government	directly.	Psychiatric	admission	data	are	from	NHS	Wales	

Informatics	Service’s	PEDW	dataset,	and	can	be	requested	from	them,	following	
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necessary	ethical	permissions.	Churn	data	are	available	from	the	Consumer	Data	

Research	Centre	(https://www.cdrc.ac.uk/)	following	approval.		

	

RESULTS	

Figure	2	shows	a	map	of	psychiatric	admissions	rates	by	MSOA.	Striking	similarities	

with	the	maps	of	social	capital	are	apparent,	with	high	admission	rates	on	the	northern	

coast,	patches	of	the	southern	coast,	and	in	the	southern	valleys.	
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Figure	2.	Map	of	psychiatric	admission	rate	by	MSOA.	Light-coloured	areas	represent	

MSOAs	with	high	admission	rates	and	dark-coloured	areas	represent	lower	admission	

rates.	

	

All	model	parameter	are	presented	in	Table	1	and	scatterplots	summarising	the	results	

are	shown	in	Figure	3,	but	key	results	are	described	below.	

	

Belonging	

In	the	simple	model,	higher	MRP	estimates	of	belonging	predicted	lower	psychiatric	

admission	rates	(RR=.77[RR95%CI=.73-.81]).	In	the	full	model,	belonging	was	protective	

in	the	18-34	group	(RR=.86[RR95%CI=.79-.92],	reference	group)	and	more	so	in	the	35-

64	group	(RR=.71[RR95%CI=.62-82]).	The	slope	for	65+	year	olds	was	equivalent	to	the	

18-34	group.		

	

High	simple	aggregation	estimates	were	also	significant	predictor	of	lower	admission	

rates	in	the	simple	model,	but	with	much	lower	predictive	validity	(RR=.93[RR95%CI=.89-

.97]).	In	the	full	model,	simple	aggregation	estimates	were	not	protective	in	the	18-34	

group	(RR=1.01[RR95%CI=.94-1.08]),	but	were	modestly	protective	in	the	other	two	

groups	(35-64:	RR=.89[RR95%CI=.83-.95],	65+:	RR=.90[RR95%CI=.84-.97]).		

	

Trust	

In	the	simple	model	for	trust,	higher	MRP	estimates	were	also	associated	with	lower	

admission	rates	(RR=.80[RR95%CI=.77-.83]).	In	the	full	model,	trust	was	protective	in	the	

18-34	group	(RR=.87[RR95%CI=.81-.92])	and	was	stronger	in	the	35-64	group	

(RR=.76[RR95%CI=.66-87]).	
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Again,	simple	aggregation	measures	predicted	admissions	in	the	simple	model,	but	less	

well	than	MRP	measures	(RR=.91[RR95%CI=.87-.95]).	In	the	full	model,	the	simple	

aggregation	measure	did	not	predict	admissions	in	the	18-34	group	

(RR=.99[RR95%CI=.93-1.06])	but	did	in	the	35-64	group	(RR=.90[RR95%CI=.78-.1.03],	note	

p<.05	but	RR95%CI	crosses	0).	

	

	

Figure	3.	Scatterplots	of	social	capital	estimates	against	psychiatric	admission	rates	for	
all	stratified	MSOAs	
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**TABLE	2	HERE	(currently	at	end	of	article)**	

	

Post-hoc	control	analyses	

As	social	capital	and	poverty	are	clearly	intertwined[27,28],	controlling	for	poverty	in	

the	main	analysis	of	admission	rates	would	produce	results	without	a	clear	

interpretation.	That	said,	it	seems	worthwhile	to	assess	whether	the	estimates	have	

explanatory	power	beyond	what	measures	of	poverty	provide.		

	

The	simple	model	was	thus	refitted	including	a	term	measuring	the	proportion	of	an	

MSOA’s	population	receiving	low	income-related	benefits	(the	income	indicator	from	

the	Welsh	Index	of	Multiple	Deprivations).	This	reduced	the	slope	of	belonging,	but	it	

remained	significant	(RR=.91[RR95%CI=.85-.98]).	The	corresponding	analysis	with	the	

simple	aggregation	measure,	however,	found	no	relationship	with	belonging	

(RR=1.02[RR95%CI=.98-1.05]).	

	

For	the	equivalent	analyses	for	trust,	neither	the	MRP	(RR=1.06[RR95%CI=.98-1.14])	nor	

simple	aggregation	(RR=1.02[RR95%CI=.98-1.05)	terms	were	significant	in	their	

respective	models,	once	accounting	for	income	deprivation.	

	

Belonging	was	not	significant	in	the	full	model	for	belonging	including	income	

deprivation	in	the	youngest	age	group	(RR=1.01[RR95%CI=.93-1.09]),	but	its	interaction	

with	the	age	35-64	group	remained	significant	(RR=.84[RR95%CI=.72-.97]).	Doing	the	

same	with	the	simple	aggregation	measures	led	to	an	apparent	risk	from	belonging	in	

the	youngest	group	(RR=1.10[RR95%CI=.1.04-1.17]),	but	significant	interactions	with	the	
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35-64	(RR=.98[RR95%CI=.85-1.12])	and	65+	age	groups	(RR=1.00[RR95%CI=.86-1.14])	

suggested	that	slopes	for	these	groups	were	flat.	

	

The	equivalent	full	models	for	trust	found	that	high	MRP	estimates	were	a	risk	factor	in	

the	18-34	group	after	accounting	for	income	deprivation	(RR=1.15[RR95%CI=.1.05-

1.25]),	but	the	significant	interaction	with	the	35-64	group	(RR=1.01[RR95%CI=.85-1.20])	

meant	that	the	slope	was	largely	flat	in	this	group.	Equivalent	results	were	found	for	the	

simple	aggregation	measures	for	trust:	a	risk	factor	for	the	18-34	group	

(RR=1.10[RR95%CI=.1.04-1.17])	but	a	protective	interaction	with	the	35-64	group	

(RR=1.01[RR95%CI=.88-1.15]).	

	

MRP	belonging	estimates	were	more	correlated	with	low	income	rates	(r=-.76)	than	

simple	aggregation	estimates	(r=-.33).	MRP	trust	estimates	were	extremely	highly	

correlated	with	low	income	rates	(r=-.89),	with	simple	aggregation	measures	also	

correlated	(r=-.39).		

	

DISCUSSION	

MRP	neighbourhood	estimates	of	belonging	and	trust,	facets	of	cognitive	social	capital,	

were	computed	using	a	large	nationally	representative	survey.	These	estimates	were	

predictive	of	geographic	variability	in	psychiatric	admission	rates,	particularly	in	35-64	

year	olds.	This	technique	represents	a	methodological	advancement	on	existing	

approaches	for	estimating	ecological	cognitive	social	capital:	MRP	estimates	

outperformed	simple	aggregation	measures	in	predictive	validity,	suggesting	that	the	

latter	may	underestimate	low	cognitive	social	capital	as	a	risk	factor.		
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Simple	aggregation	measures	were	less	correlated	with	each	other	than	the	

corresponding	MRP	measures	were,	and	were	also	less	correlated	with	income	

deprivation.	The	simple	aggregation	estimates	also	had	a	wider	range,	including	

observations	at	100%.	Part	of	this	is	due	to	the	MRP	estimates	being	modelled	using	

some	of	the	same	data,	but	this	may	also	speak	to	poorer	reliability	of	the	simple	

aggregation	measures.	Supporting	this	interpretation,	margins	of	error	were	

considerable	for	the	simple	aggregation	approach	–	reaching	almost	30	percentage	

points	for	the	worst	cases,	but	generally	in	the	region	of	15	points.	

	

Clearly	trust	and	belonging	are	distinct	constructs	and	the	decision	to	consider	them	

both	as	facets	of	social	capital	is	somewhat	contentious.	Trust	is	the	subject	of	a	great	

deal	of	research	in	its	own	right	across	the	social	sciences,	while	sense	of	belonging	

could	be	argued	to	be	a	consequence	of	social	capital,	rather	than	a	facet	of	it.	Both	

measures	are	presented	separately	so	that	readers	who	are	sceptical	about	their	

appropriateness	as	measures	of	social	capital	can	evaluate	each	alone.	However,	the	

results	seem	fairly	qualitatively	similar	across	the	two	measures,	with	the	caveat	that	

belonging	appears	less	highly	correlated	with	poverty	than	trust.	

	

Limitations	

The	study	had	several	limitations.	Firstly,	it	is	difficult	to	determine	which	variables	

should	be	part	of	an	MRP	model	in	a	principled	fashion.	Here,	variables	were	used	that	

had	face	validity	for	being	related	to	the	strength	and	character	of	community	–	the	

turnover	in	residents,	language,	national	identity	–	as	well	as	demographic	factors	that	

are	important	in	contemporary	social	science	–	socioeconomic	deprivation,	rurality,	age.	

However,	variable	selection	is	a	black	box	that	may	be	vulnerable	to	p-hacking.		
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Secondly,	while	MRP’s	application	in	political	science	has	focused	on	predicting	future	

voting	behaviour	using	voting	intention,	here	the	outcome	–	psychiatric	admission	rates	

–	is	distinct	from	the	construct	being	modelled	–	social	capital.	There	is	thus	a	question	

of	construct	validity	that	does	not	exist	with	voting	intention.	This,	however	is	also	an	

issue	for	the	simple	aggregation	method.	

	

Thirdly,	this	study	did	not	measure	individual-level	social	capital	in	the	psychiatric	data	

and	thus	it	is	unclear	whether	the	protective	factor	is	truly	ecological,	or	whether	it	is	an	

aggregated	individual	level	protective	factor.	The	area	level	measures	may	be	predictive	

because	they	are	indicative	of	the	macro-level	nature	of	a	given	community,	or	it	may	be	

because	they	are	essentially	a	proxy	for	the	likely	individual-level	social	capital	of	any	

given	resident.	Other	studies	have	controlled	for	individual	cognitive	social	capital	while	

testing	for	ecological	effects[5],	but	this	was	not	possible	here.	That	said,	the	use	of	

independent	datasets	for	measuring	exposure	and	ascertaining	outcome	has	

advantages.	

	

Fourthly,	it	should	be	acknowledged	that	MRP	estimates	were	highly	correlated	with	

income	deprivation.	While	belonging	remained	protective	for	psychiatric	admission	

after	accounting	for	deprivation,	trust	did	not.	This	was	likely	due	to	multicollinearity	

(r~.9)	between	the	two	variables.	Neither	simple	aggregation	measures	were	protective	

after	accounting	for	income	deprivation,	so	this	is	not	a	limitation	of	MRP	specifically,	

rather	an	issue	with	examining	social	capital	without	considering	material	deprivation,	

found	elsewhere	in	the	literature[29].		
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Fifthly,	it	was	necessary	to	dichotomise	trust	and	belonging	in	the	individual	level	

models	because	models	predicting	the	raw	Likert	scale	data	had	convergence	issues	and	

strikingly	non-normal	residuals.	This	is	likely	because	Likert	scale	data	do	not	meet	the	

assumptions	of	interval	data	that	a	linear	model	makes.	Dichotomising	data	is	not	ideal,	

potentially	important	information	is	discarded	and	small	quantitative	differences	are	

reified	into	apparently	qualitative	differences,	but	major	violations	of	model	

assumptions	and	potential	simplifications	of	the	model	to	support	convergence	seemed	

a	worse	option,	so	data	were	dichotomised.	The	cut-offs	for	dichotomisation	were	

chosen	to	best	reflect	the	distribution	of	the	data	rather	than	in	order	to	maximise	the	

significance	of	the	modelling	of	psychiatric	data.	The	cut-off	for	trust	is	also	very	similar	

to	one	used	in	a	similar	project	in	Japan[5].	

	

Sixthly,	although	the	use	of	routinely	collected	admissions	data	has	advantages	of	being	

relatively	uniformly	and	comprehensively	collected	across	the	whole	of	Wales,	it	has	

drawbacks.	Only	a	tiny	minority	of	people	with	mental	health	problems	are	admitted	

and	these	are	based	on	clinical	judgments.	It	is	impossible	to	guarantee	that	the	same	

criteria	are	being	applied	across	Wales.	Likewise,	the	individual-level	social	capital	of	

patients	themselves	may	affect	their	odds	of	being	admitted	–	whether	or	not	their	

problems	can	be	managed	in	the	community	–	after	accounting	for	the	severity	of	their	

problems,	and	this	may	be	especially	important	in	cases	of	involuntary	admission.	

Geographical	disparities	may	also	exist	in	how	likely	patients	are	to	come	to	the	

attention	of	services	–	urban-rural	divides	for	example.	

	

Finally,	it	is	important	to	closely	examine	the	question	wording	of	the	items	used,	rather	

than	assuming	they	perfectly	map	onto	the	constructs	of	interest.	The	trust	item	is	not	
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the	widely-used	item	from	the	United	States	General	Social	Survey	(“Generally	speaking,	

would	you	say	that	most	people	can	be	trusted	or	that	you	can’t	be	too	careful	in	dealing	

with	people?”),	which	could	limit	the	comparability	of	these	analyses	with	other	papers.	

However	the	latter	item	has	been	criticised	for	conflating	trust	and	caution,	and	for	

having	non-mutually	exclusive	response	options[30].	The	item	featured	in	the	National	

Survey	for	Wales	was	taken	from	the	European	Union	Statistics	on	Income	and	Living	

Conditions	–	a	major	international	survey	series	–	so	a	great	deal	of	potential	

comparative	data	exist.	As	for	the	item	on	belonging,	the	item	is	drawn	from	the	

Community	Life	Survey,	a	UK-wide	government-commissioned	survey	on	social	action	

and	community.	It	could	be	argued	that	it	is	ambiguous	whether	it	measures	a	sense	of	

belonging	to	the	community	or	to	the	place	itself,	in	contrast	to	measures	used	

elsewhere[14],	and	thus	whether	it	captures	something	straightforwardly	social	or	a	

broader	sense	of	identity.		

	

Strengths	

The	major	strength	of	the	study	is	the	innovative	use	of	MRP	to	estimate	ecological	

social	capital.	A	key	feature	of	MRP		is	that	it	‘borrows	strength’	from	respondents	with	

similar	demographic	features	who	live	in	different	areas.	This	is	particularly	important	

where	respondents	are	unevenly	distributed,	as	was	the	case	here.	If	using	simple	

aggregation,	researchers	would	have	to	choose	between	dropping	areas	with	small	

sample	sizes	(e.g.	[31])	and	relying	on	extremely	unstable	and	unrepresentative	

averages.	Given	that	the	reasons	for	low	sample	sizes	–	if	driven	by	low	response	rates	–	

might	well	be	correlated	with	health	risk	factors,	this	could	be	particularly	problematic.	

Indeed,	another	similar	study	found	that	socially	disorganised	neighbourhoods	had	

lower	response	rates	to	a	questionnaire[32].	
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The	use	of	separate	datasets	to	measure	exposure	and	outcome	also	avoids	issues	of	

contamination	between	exposure	and	outcome	measures.	Many	studies	into	social	

capital	and	health	use	self-report	measures	to	measure	both	exposure	and	outcome	

simultaneously,	which	could	lead	to	correlated	errors.		

Finally,	both	datasets	cover	a	whole	country,	with	thousands	of	cases,	and	capture	both	

rural	and	urban	areas,	supporting	external	validity.	

	

Potential	criticisms	of	MRP	

One	concern	that	could	be	raised	about	MRP	is	whether	it	privileges	broader	

demographic	and	socioeconomic	factors	over	specific	local	factors.	This	concern	has	

some	substance	–	MRP	assumes	that	the	relationship	between	demographic	factors	and	

the	variable	of	interest	is	similar	across	different	areas.	That	said,	MRP	has	features	that	

recognise	the	importance	of	local	idiosyncrasies.	Firstly,	MRP	includes	random	effects	

for	each	area	to	captures	consistent	commonalities	across	respondents	from	the	area	

that	are	not	captured	by	the	demographic	factors	or	area	level	predictors.	Here,	random	

effects	for	each	MSOA	as	well	as	a	higher	level	term	for	each	local	authority	were	

included,	in	case	there	were	factors	that	were	detectable	at	a	regional	level	but	not	at	

the	MSOA	level.		Secondly,	it	is	possible	to	allow	demographic	factors	to	vary	in	their	

weights	across	different	areas.	In	this	study,	national	identity	and	ability	to	speak	Welsh	

were	expected	to	vary	in	their	value	as	cultural	signifiers	across	different	regions,	and	

this	was	modelled	using	random	slopes	of	these	variables	at	the	local	authority	level.		

	

Needless	to	say,	these	strategies	will	not	capture	all	local	variations	in	social	capital	–	

greater	social	capital	in	a	particular	subgroup	of	the	population	within	a	given	area	may	
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not	be	captured	because	not	enough	members	of	that	subgroup	are	captured,	because	

the	demographic	feature	that	unites	this	group	is	not	explicitly	modelled	(e.g.	an	active	

local	church),	or	because	high	bonding	capital	in	one	group	is	mirrored	by	poor	

cognitive	social	capital	in	an	outgroup	for	example.	That	said,	in	such	instances	it	is	not	

clear	that	simple	aggregation	would	do	a	better	job.	Given	simple	aggregation’s	

aforementioned	high	margin	of	error,	where	such	estimates	disagree	with	MRP	

estimates	it	would	be	dangerous	to	assume	that	MRP	is	failing	to	capture	something	

important	that	simple	aggregation	is	faithfully	measuring.	

	

Another	issue	is	that	MRP	requires	one	to	choose	appropriate	demographic	and	local	

factors	used	to	model	the	variable	of	interest,	whereas	simple	aggregation	appears	

relatively	assumption-free.	This	can	lead	to	difficult	conceptual	questions,	for	example,	

here	I	took	the	decision	to	include	area-level	measures	of	socioeconomic	deprivation	in	

the	model	(unemployment	and	proportion	of	residents	without	formal	qualifications)	

because	they	were	powerful	predictors	of	survey	respondents’	answers	and	because	I	

am	unconvinced	that	social	capital	levels	can	be	meaningfully	estimated	while	ignoring	

poverty,	but	this	arguably	leads	to	a	conceptual	blurring	of	different	forms	of	capital.	

With	simple	aggregation,	such	issues	do	not	arise,	at	least	not	explicitly.	

	

A	further	issue	of	an	explicitly	model-based	approach	like	MRP	is	epistemological.	As	

stated	above,	the	literature	shows	that	one	reason	that	MRP	outperforms	simple	

aggregation	is	by	smoothing	outliers	back	towards	the	average[12].	This,	arguably,	

amounts	to	trusting	the	model	more	than	one’s	data.	MRP	does	of	course	outperform	

simple	aggregation,	possibly	because	simple	aggregation	also	makes	(and	breaks)	

assumptions	about	survey	data,	that	the	point	estimates	it	produces	are	reasonable	
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values	given	the	margin	of	error	and	potentially	non-representative	samples	it	uses.	

That	said,	this	issue	should	not	be	dismissed	–	MRP’s	predictions	could	potentially	be	

systematically	wrong	if	the	demographic	structure	assumed	by	the	model	glosses	over	

meaningful	sub-group	variation,	or	if	the	predictive	value	of	demographic	markers	is	

not	constant	across	areas	(and	this	is	not	modelled	explicitly).	

	

Implications	for	policy	

Policymakers	frequently	make	decisions	about	where	to	situate	services	to	best	meet	

need,	and	relying	on	administrative	data	to	help	make	these	decisions	can	lead	to	

circular	decision-making	.	MRP	analyses	of	survey	data	represent	a	practical	option	to	

map	variables	which	suggest	need	and	disadvantage,	which	may	help	to	place	such	

decisions	on	a	surer	evidence	base.	

	

Conclusions	

Effect	sizes	for	MRP	estimates	were	2.5-3.6	times	the	size	of	those	for	simple	

aggregation	(29%	and	25%	vs	8%	and	10%	for	belonging	and	trust	respectively).	This	

suggests	that	ecological	social	capital	may	have	been	substantially	underestimated	as	a	

protective	factor	for	mental	health,	due	to	unreliable	estimates	of	exposure.	Simple	

aggregation	should	not	be	used	to	measure	ecological	social	capital,	or	indeed	other	

similar	ecological	constructs,	in	the	absence	of	explicit	margin	of	error		calculations.	

Where	margins	of	error	are	unacceptable,	MRP	represents	a	practical	alternative.	

Measurement	of	ecological	social	capital	is	an	under-recognised	issue	in	the	field.	MRP	

represents	a	novel	potential	solution.	
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  Belonging 

  MRP Simple Aggregation 

  Simple model Full model Simple model Full model 

  RR 95% CI Z p RR 95% CI Z p RR 95% CI Z p RR 95% CI Z p 

Intercept     -38.82 >.0001     -119.38 >.0001     -39.56 >.0001     -121.49 >.0001 

Belonging .77 .74-.80 -12.85 >.0001 .86 .81-.92 -4.62 >.0001 .93 .89-.97 -3.54 .0004 1.01 .94-1.08 .19 .8480 

35-64 group         .84 .77-.91 -4.44 >.0001         .86 .80-0.93 -3.82 .0001 

65+ group         1.59 1.47-1.71 11.72 >.0001         1.60 1.48-1.72 12.16 >.0001 

Male         1.16 1.07-1.26 3.48 .0005         1.17 1.08-1.27 3.83 .0001 

Belonging * 35-64 group         .83 .77-.89 -5.27 >.0001         .89 .83-.95 -3.22 .0013 

Belonging * 65+ group         .97 .91-1.05 -.70 .4857         .90 .84-.97 -2.64 .0082 

Belonging * Male         .96 .90-1.04 -.98 .3267         .97 .9-1.05 -.66 .5116 

35-64 group * Male         1.22 1.1-1.36 3.73 .0002         1.22 1.1-1.35 3.89 .0001 

65+ group * Male         .82 .73-.91 -3.68 .0002         .81 .73-.90 -3.91 .0001 

Belonging * 35-64 group* 
Male 

        1.03 .94-1.12 .56 .5781         1.05 
.95-1.16 

.99 .3214 

Belonging * 65+ group * Male         .99 .89-1.10 -.19 .8485         1.02 .92-1.14 .45 .6520 

  Trust 

  MRP Simple Aggregation 

  Simple model Full model Simple model Full model 

  RR 95% CI Z p RR 95% CI Z p RR 95% CI Z p RR 95% CI Z p 

Intercept     -40.05 >.0001     -143.75 >.0001     -39.71 >.0001     -124.46 >.0001 

Trust .80 .77-.83 -11.86 >.0001 .87 .81-.92 -4.34 >.0001 .91 .87-.95 -4.59 .7700 .99 .93-1.06 -.29 .7700 

35-64 group         .85 .79-.92 -4.09 >.0001         .86 .80-.93 -3.78 .0002 

65+ group         1.60 1.48-1.72 11.93 >.0001         1.59 1.48-1.72 12.12 >.0001 

Male         1.16 1.06-1.25 3.43 .0006         1.16 1.07-1.26 3.66 .0003 

Trust * 35-64 group         .88 .82-.94 -3.50 .0005         .91 .85-.98 -2.59 .0095 
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Trust * 65+ group         1.01 .94-1.09 .27 .7882         .94 .88-1.02 -1.51 .1323 

Trust * Male         .94 .87-1.02 -1.47 .1408         .94 .87-1.01 -1.79 .0732 

35-64 group * Male         1.22 1.10-1.35 3.69 .0002         1.22 1.1-1.35 3.82 .0001 

65+ group * Male         .82 .74-.91 -3.64 .0003         .82 .73-.91 -3.79 .0002 

Trust * 35-64 group* Male         1.01 .92-1.11 .19 .8492         1.02 .93-1.12 .39 .6952 

Trust * 65+ group * Male         1.03 .93-1.14 .52 .6055         1.04 .94-1.16 .83 .4080 

 
	


