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1 Introduction

Decentralised labour markets are full of search frictions. Currently unemployed
individuals search for jobs, employed individuals search for better jobs, and
�rms with vacancies search for employees. Social networks, spanned by rela-
tives, friends and acquaintances are important informal channels through which
information about job opportunities are transmitted.1 It is well known that
such networks are particularly important to immigrants, since they often lack
country speci�c skills such as language or knowledge of institutions, and as new
arrivals are newcomers to the local labour market.2

While network theory is well-developed, empirical investigations are often
hampered by the lack of suitable data. The principal challenge for the empirical
analyses of network e¤ects is the fact that neither the network, nor the actual
use of the network, nor the causal connection of the outcome to network use
are commonly observed. The common approach is then to assume that (A.i) a
speci�c individual is part of a postulated network; in the migrant context it is
typically assumed that networks are de�ned by ethnicity or country or region of
origin,3 (A.ii) that this individual will actually make use of this network, i.e. be
an active network user, and (A.iii) that the achieved labour market outcome is
directly linked to the use of the network. The typical mode of analysis is then to
regress labour market outcomes on measures of characteristics of the assumed
network, which are in turn proxied geographic attributes. More generally, social
space is proxied by geographical space. Recent examples of this approach are
Munshi (2003), Patacchini and Zenou (2004), and Dustmann et al (2010).
In contrast to this, our empirical analysis is based on a data set in which

unemployed respondents report on whether they use social networks to search
for jobs, and recently employed respondents are asked whether obtaining this job
was the result of having used the social network. Below we use as a convenient
shorthand the event indicator SN for the former, and REF for the latter. Hence
we do not have to invoke assumptions (A.ii) and (A.iii). At the same time
examining the events fSN = 1g and fREF = 1g enables us to examine the
validity of such assumptions, at least in the country-speci�c UK context, and to
dispel some common myths and received wisdoms. Moreover, following common
practice and making assumption (Ai), i.e. the social networks of migrants are

1 Indeed Granovetter (1995) and Ioannides and Datcher Loury (2004) report that between
30% and 60% of jobs in the US are found through social networks.

2 It is also well known that network membership positively in�uences the migration decision,
and that, typically, migrants prefer to settle in localities in the host country in which members
of their network already reside.

3For instance, Munishi(2003) considers the case of Mexican migration to the US. Finding
that migrants from the same region of origin cluster in distinct destinations justi�es assump-
tion (i). However, other investigations work at far larger levels of aggregation, calling into
questions the validity of assumption (i). For instance, Patacchini & Zenou (2004) and Dust-
mann et al. (2010) assume that networks are exclusively ethnicity based, i.e. all members
of the same ethnic group are members of the same network. Is it valid to assume that, say,
Indians in the UK only interact with Indians, or, given the nationality of the authors of the
current paper, that Italians (/ Germans / Egyptians) only interact with Italians (/ Germans
/ Egyptians) ?
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exclusively de�ned by ethnicity, and relating the events fSN = 1g and fREF =
1g to standard measures of the characteristic of the assumed network, we can
investigate the extent to which conventional measures of social networks are
good proxies for their use. We demonstrate how tenuous the hypothecated links
between (A.i), (A.ii), and (A.iii) are. At the same time we are able to con�rm
empirically some observations that have been made in the theoretical literature.
To be more speci�c, we use the UK Special Licence Quarterly Labour Force

Survey (SLQLFS) in which individuals are observed at a high level of geo-
graphic disaggregation, namely the Local Authority (LAD) level. This enables
us to control for many local labour market characteristics, enriched by Census
data, which potentially confound analyses of network e¤ects at higher level of
geographic aggregation. The sampling design is such that migrants are well
represented. We distinguish between several groups of non-white foreign born
individuals, namely Indians, Pakistanis and Bangladeshis, and Blacks. These
are the principal ethnic minority migrant groups which are the usual focus of
policy concerns in the UK. It is well known that the �rst three ethnic minority
groups have a tendency to cluster geographically in urban enclaves (but also
that the extent of this, while substantial, is smaller than in the US).
The outline of the paper is as follows. After considering some of the related

literature next, in Section 2 we consider evidence from 2001 Census. Based on
this census, for each ethnic group g, we select the top 15 LADs in terms of pop-
ulations. This de�nes the spatial units used in the subsequent SLQLFS-based
analysis. We provide evidence of clustering, segregation, as well some charac-
terisations of the LADs. As a preliminary descriptive analysis, and to establish
benchmarks for the subsequent investigation, we examine regressions of labour
market outcomes on network characteristics, such as relative size, commonly
encountered in the empirical literature. Moreover, we reveal the importance
of controlling for locality-level characteristics, as well as for the endogeneity of
network size. In Section 3 we present the survey data the principal part of our
analysis is based on. In particular, we consider the e¤ects of social networks
on labour market outcomes in Section 4. Our basic decomposition relating out-
comes and network characteristics makes clear the importance to consider the
constituent parts; hence, in Section 4.1 the analysis of outcomes is conditioned
on network use, while Section 4.2 examines in detail the determinants of network
use.

1.1 The Related Literature

The theoretical literature on social network, as surveyed in e.g. Jackson (forth-
coming), has identi�ed two main channels through which informal networks can
a¤ect labour market outcomes of network members. The network can transmit
information about job opportunities to its unemployed members, and informa-
tional asymmetries about job applicants� quality are reduced when employed
network members make referrals and recommend fellow network members to
their employers. The two channels have in common that the size and the qual-
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ity of the network4 should matter for labour market outcomes, and we consider
both in our empirical investigation. For instance, Montgomery (1991) assumes
assortative matching and shows that individuals who possess social ties to those
in high-paying jobs obtain better matches and thus higher wages than less well
connected job seekers. Focussing instead on lower ability workers, the same
mechanism is used in Datcher Loury (2006) to show that only workers who do
not obtain better job o¤ers through formal channels use social networks as a
last resort to �nd better jobs, and hence network users obtain lower wages.
In our empirical investigation we are agnostic about the precise channels

which link labour market outcomes of network users and network characteristics.
Most empirical investigations have to take a stand on this, and focus on one
channel in opposition to others, since network use is usually not observed in their
data nor whether a job was in fact obtained through the network. We do not
have to disentangle such linkages from the myriad of possible confounding e¤ects
which plague the empirical literature since these two key pieces of information
are reported in our survey.
One of the principal challenges for empirical analyses is the fact the network

is never observed. The empirical literature has therefore focused on population
subgroups which are well known to be cohesive and clustered geographically, i.e.
ethnic minorities and immigrants. Hence group membership is equated with
active network membership. For instance, Munshi (2003) considers network
e¤ects for Mexican migrants to the US, Falcon and Melendez (1996) consider
Latinos and Blacks in the US, Zenou and co-workers consider ethnic minorities
in the UK. We consider network e¤ects of migrants as well.
The existing body of empirical evidence about network e¤ects on labour

market outcomes concerns principally the US ( e.g. Granovetter (1983, 1995),
Holzer (1988), and Ioannides and Datcher Loury (2004)). When specialised to
migrant and ethnic minority networks it is also well known that segregation
and geographic clustering in the US is substantial. By contrast, the particular
geographic focus of our investigation is the UK, which has also been considered
in related work. 5 We brie�y discuss some relevant aspects of this work and de-
lineate our approach. Frijters et. al. (2005) seek to explain the determination
of the principal job search method. Using Roy type models, individuals make a
mutually exclusive choice from a set of alternatives, and social network search
is one possible choice. E¢ ciency is judged with reference to the associated un-
employment durations. It is questionable whether modelling the choice problem
as one between mutually exclusive alternatives is the most appropriate for sets
which include social networks, given the social network search is usually con-

4Whilst the theoretical literature has explicitly considered the quality issue (e.g. Calvo-
Armengol and Jackson (2004, 2007)), this has largely been neglected in the empirical literature.
An exception is Wahba and Zenou (2005).

5Complementary empirical work, not discussed here for reasons of space, is based on the
Ethnic Minority Survey. While the level of geographic resolution is the ward, so smaller
than LADs, the sample sizes are too small to permit comparisons between distinct immigrant
groups. Moreover, social network use for job search and job mathcing are not observed. The
literature has thus mainly focused on language pro�ciency and questions of cultural identity
and assimilation.
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sidered to be cheap and can be done alongside more formal methods. Similarly,
Battu et al. (2005) use a multinomial logit model to explain the choice of the job
search method. Both teams of authors compare migrants and natives, and base
their investigation on the standard LFS. We consider di¤erent labour market
outcomes, are not concerned with the optimality of a chosen search method, and
use the SLQLFS which allows us to control carefully for potentially confounding
locality e¤ects.
Rather than using individual level data, Patacchini and Zenou (2008) ag-

gregate LFS data at the level of LADs, and construct an annual panel for 301
LADs spanning ten years. Unlike our data, they do not observe social net-
work use (SN), nor actual job �nding methods (REF ), and hence focus on
unemployment rates of speci�c migrant groups in LADs. Proxying social space
by geographic space, they consider the distance between LADs, and construct
migrant group densities as a function of distance. The estimating equation re-
lates LAD level employment rates to these banded population densities, lagged
employment and LAD �xed e¤ects, and the measuring of the network e¤ect is
based on assumptions A.i to A.iii discussed above.
In a cross-country comparative analysis, Pellizzari (2010) uses data from

the European Community Household Panel and regresses log hourly wages on
the indicator REF indicator and individual controls. No attempt is made to
control for network characteristics, nor whether social network use could fail in
delivering a job. He reports a wage penalty in the case of the UK.
Ethnicity based networks are also considered in Dustmann et a. (2010) in a

setting that focuses on job referrals. Assuming that job referrals provide more
precise information about the quality of an applicant than unsolicited applica-
tions, it is immediate that the larger the share of network members working
at a �rm, the larger is the hiring from this network (here the ethnic group).
Using German social security employee-employer data for four metropolitan ar-
eas in 1990-2001, the authors regress at �rm level labour market outcomes on
employment shares, and �rm and individual �xed e¤ects.

2 Evidence from the Census

Our analysis focuses on the three principal immigrant groups in the UK de�ned
in terms of ethnicity, namely Indians (I), Pakistanis and Bangladeshis (P/B),
and Blacks (B). Since social networks commonly operate locally, and these mi-
grant groups are well known to cluster spatially, we consider the immigrants in
the smallest spatial unit available to us in the UK Special Licence Quarterly
Labour Force Survey (SLQLFS), which is the Local Authority (LAD) which
represent local government areas in Great Britain.6 As a shorthand we refer to
immigrant i of ethnic group g in locality l.

6These LADs di¤er vastly in terms of population density and geographic coverage. For
instance, the city of Southampton is one LAD, while London consists of 32 LADs. See the
Data Appendix for a more detailed discussion.
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Locality level characteristics are most accurately captured by the Census to
which we turn �rst. The objectives of this Section are threefold. (i) to de�ne
the localities using immigrant population shares in 2001, which will be analysed
in the subsequent sections; (ii) to describe the principal characteristics of these
localities, which will be merged with our survey data; and (iii) to provide a
preliminary analysis of the type usually undertaken in the empirical literature,
which relates individual labour market outcomes to measures of network charac-
teristics, such as measures of relative network size. This exercise will also serve
as a benchmark for the subsequent analysis, whilst at the same time elucidating
the extent to which locality e¤ects can confound network e¤ects.

2.1 Spatial Concentration

For an observer to be able to isolate any systematic e¤ects of locally operating
social networks on labour market outcomes, the network needs to be su¢ ciently
dense. We therefore consider, for each of the three immigrant groups g, the top
15 LADs which host the largest immigrant populations in 2001. The Census
does not distinguish between foreign born and British born co-ethnics, but the
2% sample of the Census (SAM) does, we use the latter to determine the LADs.
Table 1 reports the results. Column 1 ranks the LADs by the size immigrant
population of group g in SAM2001, which itself is reported in Column 3. Column
4 reports the Census population counts but cannot distinguish between whether
the individual is foreign or British born. A comparison between these two
columns reveals that the population rankings are very similar. We defer the
discussion of the results for the entire SLQLFS and our working sample to the
next Section. As all selected LADs turn out to lie in England, we will benchmark
each group against English LADs.
The Table con�rms that the three immigrant groups are spatially highly

clustered as for each group g the top 5 LADs contain more than 25%, and the top
15 LADs about 50% of each group�s population. Moreover, a comparison of LAD
names shows that there is only very limited overlap in the LADs between the
di¤erent ethnic groups, so the groups tend to segregate spatially. In particular,
Blacks are well known to settle predominately in London. All 45 LADs are
located in London, the midlands, and the north.
Table 2 reports selected characteristics for these LADs.7 focusing on mea-

sures of deprivation, including the government provided deprivation index, the
locality level unemployment rate ul and the group speci�c unemployment rate
ug;l in that locality. It is evident that immigrants from the three ethnic groups
live in some of the most deprived LADs (Manchester, Hackney, Tower Hamlets,
Newham). Almost all of the 45 LADs exhibit higher than average deprivation,
incidence of social housing, and both local and group speci�c unemployment

7Wages (year 2003) and vacancies (year 2004) are derived from nomsiweb.co.uk.
House prices (year 2003) and deprivation index (2004) are from the website
http://www.communities.gov.uk. The % of council houses and LAD unemployment rate are
derived from the 2001 Census (ONS). The foreign born ethnic unemployment rate is computed
using SAM 2001.
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ul and ug;l. However, there are important di¤erence between the three groups.
Speci�cally, Indians experience lower unemployment rates in the localities than
other residents, ug=I;l < ul, and often perform better than the LAD average
across England of �l = 5:46 (the exception is Sandwell). By contrast, Pakistanis
and Bangladeshis and Blacks perform dramatically worse, both locally and na-
tionwide, their unemployment rates ug;l being between two (Kirklees) and �ve
times (Tower Hamlets) the average rate �l.
We follow the literature and assume that networks are ethnicity and locality

based. As regards measures of the relative size of the network, several measures
have been proposed and we consider three such measures.8 We de�ne the �rst
exposure measure as the population share of group g in locality l of the total
population in l (nl), and the second as the population share of group g in locality
l of the total group g population (ng),

Exp1g;l =
ng;l
nl

, Exp2g;l =
ng;l
ng

and Exp3g;l =
Exp1g;l
ng=n

1

100
: (1)

The third measure normalises the �rst by the share of the ethnic group g in the
total population (N).
By construction, Exp2g;l correlates perfectly with the population rank re-

ported in the Table, and by construction Exp1g;l and Exp3g;l are highly cor-
related. The correlation between Exp1g;l and Exp2g;l across all selected LADs
is :56, but the table also shows that whilst there are some LADs in which the
three group predominate as a population (e.g. Brent, Newham, Ealing), in
other LADs large ethnic subpopulation also coincide with a large white popu-
lation (e.g. Manchester).

2.2 Employment Outcomes and Network Characteristics

To what extent do network characteristics in�uence labour market outcomes
of network users such as obtaining a job through the network? The principal
problem in the empirical literature is the fact that typically neither network use
nor the actual job matching method is observed, so researchers usually regress
labour market outcomes, such as the employment indicator of immigrant i of
group g in locality l, eigl, on individual characteristics (Xi), locality speci�c
characteristics (Zl), and measures of network characteristics (Ng;l) such as the
exposure measures. I.e. the common practice is to estimate a regression of the
type

Pr feigl = 1j [XiZlNgl]g : (2)

Alternatively, the regression is often run at the level of the locality. Below we
examine in Section 4 what can be learned from such a regression about the
importance of social networks.
Here, we simply implement the usual approach using the individual level

SAM 2001 in order to establish some benchmarks. Table 3 reports the results

8For instance, Borjas (2005) and Warman (2005) consider measures 1 and 3, Munshi
(2003) and Damm (2009) consider versions of the second measure.
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of various experiments using the three exposure measures (1) and linear prob-
ability models. Column 1 reports the results of a naive OLS in which employ-
ment outcomes are regressed on individual characteristics (Xi), in Column 2 we
add locality level characteristics (Zl), and Column 3 considers the potentially
remaining endogeneity of exposure and uses instrumental variables. In partic-
ular, following the reasoning in Card and Lewis (2005), we instrument relative
stocks with historical changes in stocks9 (e.g. we instrument Exp1g;l;2001 with
Exp1g;l;1991�Exp1g;l;1981): areas that experienced larger relative changes in the
past are areas which are more exposed today, while present shocks are unlikely
to be correlated with changes in the past. Across all exposure measures, the
results are fairly similar. The naive OLS suggests that exposure has typically
a highly signi�cant negative impact on employment outcomes. However, the
estimate is confounded by local characteristics, and including our measures Zl
substantially reduces the magnitude of the exposure coe¢ cient. Controlling for
the endogeneity of exposure (the instrument being relevant in the �rst stage)
reduces the magnitude of the �rst and third exposure coe¢ cient. In all exper-
iments the IV estimate is statistically insigni�cant. Across all experiments the
ethnicity dummies are very similar, and stable once Zl is included. In particular,
Black immigrants experience signi�cantly worse employment outcomes.
It is possible that a particular observed network e¤ect is simply due to the

selection of particular spatial units. For instance, Orepopolous (2003) �nds that
neighbourhood quality no longer plays little role in the US once neighbourhoods
are not selected. To this end, we have repeated the experiments 1-3 for all
LADs. It turns out that the same qualitative and quantitative results obtain.
While naive OLS results in a seeming signi�cant e¤ect, this is annihilated in the
subsequent re�nements. Column 4 of the Table only reports the IV estimate for
reasons of space.
Finally, we benchmark the experiments based on SAM 2001 for the restricted

LADs with the dataset used in the subsequent analysis, the SLQLFS. The by
now familiar pattern obtains, the signi�cant naive OLS point estimate being
annihilated by the re�nements. Moreover, SAM 2001 and SLQLFS yield also
quantitatively very similar results.
We conclude that, following the usual interpretation in the literature based

on (2), network size, as measured by exposure, is not a determinant of labour
market outcomes, at least at the level of LADs once locality characteristics
and the endogeneity of the network measure are controlled for. Of course, an
important caveat is that network size could be relevant for spatial units that
are smaller than LADs.

3 The SLQLFS

The principal part of the analysis in this paper is based individual level sur-
vey data taken from the UK Special Licence Quarterly Labour Force Survey

9To be precise, the main di¤erence between our and Card and Lewis� implementation is
that we use changes to predict stocks, while they use stocks to predict changes.
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(SLQLFS) for the quarters January-March 2003 to July-September 2009, which,
unlike the standard edition of the LFS, contains information at Local Authority
(LAD) level.10 Migrants and ethnic minorities are well captured by this survey
since sampling is strati�ed. Column 5 of Table 1 compares the pooled SLQLFS
sample for our period in the selected 45 LADs to both SAM2001 and the Census,
but considers only male immigrants aged 16-64 in the labour force. The popu-
lation shares in the three data sets are in good agreement; some di¤erences are
partly attributable to the passage of time, and the strati�cation of the SLQLFS.
We turn to our sample selection rules. As we are concerned with labour mar-

ket outcomes, we follow the literature and consider only males aged between 16
and 64. Focussing on waged employment, we drop the self-employed. In order
to isolate network e¤ects and to be able to ignore learning e¤ects, we consider
only recent unemployment spells and recent job matches; i.e. the network re-
ports discussed below are only available for individuals with recent transitions.
To be precise, unemployed who in the �rst quarter of their survey were unem-
ployed for more than twelve months are dropped, and a recent transition from
unemployment to employment must have happened in the last twelve months.11

We also exclude individuals with job-to-job transitions from our analysis, since
their labour market outcomes and the e¤ects of the network are likely to be
substantially di¤erent to individuals who seek to transit or have transited from
unemployment to employment. In our analysis of employment e¤ects we pool
the two groups of recently unemployed and recently employed, since both are
subgroups of a population with strong labour market attachments but also have
experienced episodes of unemployment; it also turns out that they are fairly
similar in terms of observable characteristics. Finally, we exclude persons who
have moved within the period covered by the network report since it is not clear
whether this report refers to the old or the new network. We control for outliers
in the wage data by excluding individuals who report hourly wages below £ 1 or
above £ 99.
Our analysis is spell-based since wage data are only available in waves 1

and 5, and in order to reduce high frequency noise and measurement error. Al-
though an individual can contribute potentially more than one spell if his labour
market status changes frequently during the 5 quarter observation window, this
occurrence is fairly small Therefore it is not practical to implement standard
panel data modelling.
Note that our data is not representative of migrants in the population, and

that the focus on recently unemployed and recent escapees from unemployment
means that the majority of the sample is, by design, unemployed. Column 6
of Table 1 compares our sample to the pooled SLQLFS and the census counts.
Again, the population shares are well reproduced. Our sample of male immi-

10Earlier micro data at LAD level is not available. Although Patacchini and Zenou (2004)
consider the period 1993-2003, they use macro data at the LAD level which have been aggre-
gated by the data providers (ONS).
11Until Spring 2005, the reference period of this question for the employed was 3 months

or less rather than 12 months or less. Robustness checks excluding observations before this
period were conducted.
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grants having experienced recently labour market transitions consists thus of
192 Indians, 287 Pakistanis and Bangladeshis, and 228 Blacks.
Table 4 reports some summary statistics for our immigrant sample of recent

labour market transits by ethnic group. As the sample focusses on recently
unemployed and employed, the majority of individuals in the sample are unem-
ployed by construction. The foreign born ethnic minorities are similar across
many of the reported covariates. One principal di¤erence is in terms of years
since migration and thus age, which re�ects the di¤erence in the timing of the
distinct migration waves to the UK. Bangladeshi and Pakistani perform the
worst in terms of education and hourly wage rate. London hosts a large share
of immigrants, and speci�cally the majority of Black immigrants, which empha-
sises the role of the city as a pole of attraction.
Turning to the indicators of social network use (SN), the survey contains

two complementary questions. Unemployed individuals are asked about their
main and secondary search methods in the past four weeks, and this question is
repeated in each wave if the individual remains unemployed. We therefore de-
�ne as social network users those individuals who report having �asked relatives,
friends and acquaintances�at least once during their observed unemployment
spell. As regards the recently employed individuals, we consider �rst only those
who transited into employment after wave one. Hence they are unemployed in
wave one, and we thus observe the report on the job search method. Work-
ers who recently found employment are asked about the main method through
which they obtained the current job. We assume that the event of successfully
obtaining the job through the social network, i.e. fREF = 1g, is described
by the answer of having �hearing from someone who worked there�. Finally we
also include those individuals who have found a job in wave one through the
social network, and postulate naturally that fSN = 1g for this group for the
preceding unemployment spell. For individuals with fREF = 0g we do not
know whether they have used social networks during search, so we cannot in-
clude them. It turns out that this inclusion does not introduce biases in our
multivariate analyses below but increases e¢ ciency. The data Appendix con-
tains are more detailed description of alternative job search and actual matching
methods.12

Table 5 reports, by population subgroup, the incidence of social network
use among the recently unemployed and, conditional on social network use,
the incidence of obtaining the job through the social network. As regards the
recently employed, we consider in Panel B only those individuals who found a job
after wave 1, since this gives us an unbiased estimate of the success probability of
�nding a job through the social network Pr fREF = 1jSN = 1g. The sample we
12For the unemployed, we could consider a more stringent de�nition of social network use.

We de�ne �intensive�social network users as those individuals who have used social networks
as their main job search method. Our main sample thus includes both intensive and extensive
users. However, the share of intensive social network users among the unemployed is less
than 10% and hence fairly small. The principal reason for not focussing on intensive users
throughout is the fact that the REF indicator relates to overall social network use, and
does not permit making a distinction between intensive and extensive network use during job
search.
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use in our multivariate analysis of marginal e¤ects oversamples successful social
network users in order to improve estimation e¢ ciency, as we include individuals
who found jobs through their social network in wave 1. The success probability
is thus upwardly biased, and reported here in Panel C only for completeness.
These simple bivariate cross-tabulations help to quantify the extent to which

some of the common working assumptions made in the empirical literature,
such as A.ii and A.iii discussed in the Introduction, are met in the case of
the UK. Panel A shows that a large share of non-white unemployed migrants
do use social networks to search for jobs, so the incidence of network use is
substantial but far from universal. Hence not everyone uses social networks
despite the fact that such use is often considered to be fairly cheap. Variation
exits between the migrant groups, as Bangladeshi and Pakistani report the
largest (66%), and Indians the lowest incidence (48%). Panel B considers the
sample of migrants who found employment after wave 1. Compared to the
sample of unemployed, the incidence of using social networks as a job search
method is in fact higher for all groups. However, the most important result of
Panel B is the low success rate among social network users in obtaining their
job through the social network, which ranges between 36 and 44%. The sample
for Panel C contains the oversample of successful social network users, and thus
leads to an upward bias of the success rates. Despite this, the success rate only
doubles.
Finally, Table 6 considers the individual characteristics of social network

users across all ethnic groups, as well as, conditional of having transited into
employment, of successful social network users. The table reveals that across
the three ethnic immigrant groups Pakistanis and Bangladeshis exhibit an sig-
ni�cant above average use of social networks. Moreover, it is less established
and lower skilled immigrants who are more likely to use social networks, and to
do so successfully.

4 Analysis: The E¤ects of Social Networks

We turn to our principal questions of interest, i.e. how important are social
networks for labour market outcomes? What can we learn about networks from
usual regressions of the type Pr feigl = 1j [XisZlNgl]g ? Denoting social network
use by SNigl and job matching through the network by the event {REFigl = 1},
it is immediate that this probability can be decomposed as follows:

Pr feigl = 1j [XisZlNgl]g = Pr f(eigl = 1 and REFigl = 1) jSNigl = 1; [XisZlNgl]g
�Pr fSNigl = 1j [XisZlNgl]g
+Pr f(eigl = 1 and REFigl = 0) jSNigl = 1; [XisZlNgl]g
�Pr fSNigl = 1j [XisZlNgl]g
+Pr f(eigl = 1 and REFigl = 0) jSNigl = 0; [XisZlNgl]g
�Pr fSNigl = 0j [XisZlNgl]g (3)
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Hence the regression (2) is problematic to truly identify network e¤ects on em-
ployment outcome since it is possible that the network e¤ects are confounded by
e.g. locality level e¤ects. In particular we have shown already in Table 5 that the
likelihood of network failures, either in obtaining a job altogether or despite us-
ing social networks matching through other methods, Pr f(eigl = 1 and REFigl = 0) jSNigl = 1g,
are substantial, and the Table 3 has revealed the importance of controlling for
Zl.
The decomposition (3) reveals that our principal question of interest is in

fact multi-facetted. One particular aspect is the extent to which social network
characteristics are important to social network users in obtaining the job through
the social network,

Pr f(eigl = 1 and REFigl = 1) jSNigl = 1; [XisZlNgl]g : (4)

An alternative interpretation focusses exclusively on successful social network
use,

Pr fREFigl = 1jeigl = 1; [XisZlNgl]g ; (5)

i.e. it considers only the second stage outcome (the matching method) by con-
ditioning on the transition into employment and does not restrict the question
to social network users.

4.1 Social Network Characteristics and Employment Out-
comes

Table 7 reports the results of the implementations of both equations (4) and
(5),using OLS and IV while controlling for locality level e¤ects (which the pre-
liminary analysis of Section2 using Census data has revealed to be of statistical
importance). First, consider the relevance of relative network size on employ-
ment outcomes, as measured by the three exposure measures. The overall �nd-
ings is that across all estimating equations and estimation methods, none of the
exposure measures are signi�cant. Relative to the OLS estimate, the magni-
tude of the exposure coe¢ cient, using changes in exposure as an instrument,
is smaller for exposure measures one and three in equation (4), and somewhat
larger in equation (5). In case of exposure measure two the large standard error
indicates that the considered instrument is weak and thus somewhat problem-
atic. We conclude that conditional on social network use, network size is not a
determinant of the labour market outcome; nor, conditional on having transited
into employment, does it a¤ect the matching method.

[work in progress: network quality as measured by the group speci�c employment rate egl]

4.2 The Use of Social Networks in Job Search

Social network characteristics, while not a¤ecting labour market outcomes con-
ditional on network use, might determine the choice of using social networks.

12



The decomposition (3) reveals how network characteristics might drive the re-
duced form through the choice probability, Pr fSNigl = 1j [XiZlNgl]g. We con-
sider this probability now in greater detail.
The choice of social networks as a job search method is likely to be a func-

tion of expected labour market outcomes, such as an exit from unemployment,
feigl = 1g. After all, who would use this method if it were independent of the
sought outcome ? Considering then both social network use and unemployment
exits can give rise to a simultaneity bias. In particular, the bias is prominent
in a (Roy-modelled) situation in which individuals have to make one mutually
exclusive choice of job search method from a given set. However, this concern
is signi�cantly lessened in our empirical application, since individuals can and
do use several search methods at the same time, and using social networks as a
job search method is fairly cheap.
One plausible model is 1 (SNigl = 1) = 1 (Pr feigl = 1jSNigl = 1; [XiZlNgl]g > �i):

social network users are individuals who expect that this search method has a
chance (of a least �i) of yielding an unemployment exit. The person-speci�c
cut-o¤ level.�i is positive since Table 5 has revealed that not everyone is using
social networks. Alternatively, the probability of using social networks is an
increasing function of the expected employment transition. Finally, there might
be network or locality related covariates Wgl which directly in�uence the choice
of social networks as a search method, rather than work through expected em-
ployment e¤ects, such as traditions for group g in locality l. Note that the
e¤ects of network characteristics such as size and quality on the use of social
networks di¤er according to the underlying model. For instance, in the �rst
model, unless individuals change from not using social networks to using social
networks, then @1 (SNigl = 1) =@Ngl = 0.
Table 8 reports the results of estimating the reduced form choice probability

equation, and focusses again on network characteristics. The table makes clear,
once again, that relative network size, as measured by exposure, is statistically
insigni�cant. By contrast, measures which relate to socio-economic cohesion
and interaction, such as the indicator for practising one�s religion, deprivation
and living in social housing exhibit positive explanatory power.
However, it is still surprising that social network use is not better explained

by the set of covariates. One important caveat is that social networks could op-
erate in spatial units smaller than LADs, such as neighbourhoods. Investigating
this possibility is the subject of ongoing research.
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A Data Appendix

A.1 Local Authority Districts (LADs)

Local government in the UK is represented by Local Authority Districts (LADs).
In Great Britain, there are a total of 408 LADs (354 districts in England, 22 in
Wales and 32 Coucil Areas in Scotland). These areas are not uniform in terms
of population and size: there are populated LADs such as Birmingham (about
980,000 individuals according to 2001 Census) and areas far less populous, such
as City of London (less than 8,000 persons in 2001). The average population,
according to the last Census, is about 140,000. The largest LADs in terms of
geographical extension are situated in Scotland, where the population density
is the lowest of Great Britain. By contrary, most of the 32 London boroughs, as
well as many regional centres such as Southampton and Leicester, are relatively
small in terms of size, but with the highest population densities.
As discussed extensively in Section 2, we have selected, for each ethnic im-

migrant group g, the top 15 LADs in terms of population sizes. Tables 1 and
2 have reported the names of these LADs, as well as some selected LAD char-
acteristics. A comparison of LAD names across immigant groups reveals that
these not only spatially cluster, but also segregate. This is made visual in Figure
1, which depicts a map of these LADS.
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Indian
Pop. Rank LAD SAM 2001 Census 2001 SLQLFS 2003-9 Sample

1 Leicester 661 40,768 877 52
2 Brent 498 30,923 407 16
3 Ealing 448 27,599 471 16
4 Harrow 419 28,365 450 16
5 Birmingham 394 25,713 519 18

% England 0.26 0.28 0.23 0.32
6 Hounslow 362 20,811 400 11
7 Redbridge 299 17,383 481 5
8 Barnet 277 17,183 230 4
9 Newham 264 15,873 308 13

10 Croydon 236 13,889 243 9
% England 0.41 0.43 0.38 0.44

11 Hillingdon 207 11,930 234 7
12 Wolverhampton 185 12,611 221 3
13 Coventry 166 11,458 269 9
14 Sandwell 160 10,990 213 6
15 Slough 160 8,622 179 7

% England 0.51 0.53 0.39 0.43
Total 4,736 294,118 5,502 192

Pakistani and Bangladeshi
LAD SAM 2001 Census 2001 SLQLFS 2003-9 Sample

1 Birmingham 774 54,513 1,032 54
2 Tower Hamlets 469 36,020 697 65
3 Bradford 424 31,012 826 47
4 Newham 351 21,990 517 19
5 Luton 229 11,991 248 11

% England 0.31 0.33 0.34 0.38
6 Manchester 182 12,255 242 16
7 Oldham 172 10,884 209 12
8 Kirklees 162 11,562 272 12
9 Redbridge 150 9,104 162 6

10 Sheffield 136 8,011 176 8
% England 0.42 0.45 0.44 0.49

11 Waltham Forest 123 9,336 252 5
12 Rochdale 118 8,570 163 7
13 Camden 110 7,699 79 4
14 Leeds 107 7,593 199 15
15 Ealing 105 6,547 128 6

% England 0.49 0.53 0.47 0.51
Total 3,612 247,087 5,202 287

Black
LAD SAM 2001 Census 2001 SLQLFS 2003-9 Sample

1 Lambeth 436 32,854 388 24
2 Southwark 404 33,440 476 22
3 Newham 334 28,529 303 13
4 Lewisham 324 25,536 397 27
5 Hackney 265 26,153 257 11

% England 0.26 0.26 0.20 0.18
6 Brent 260 26,754 187 15
7 Haringey 257 22,621 255 15
8 Birmingham 250 23,900 413 28
9 Croydon 236 19,165 298 18

10 Waltham Forest 191 15,812 294 16
% England 0.43 0.45 0.35 0.35

11 Greenwich 173 12,483 292 11
12 Ealing 162 13,982 154 9
13 Enfield 150 14,022 214 15
14 Barnet 141 11,311 74 0
15 Wandsworth 132 12,192 94 4

% England 0.54 0.56 0.37 0.37
Total 3,715 318,754 4,096 228

Table 1: Top immigrant destinations: Evidence from the Census



Indian
Pop. Rank LAD Idepriv s.hous wage vl ul ug,l Exp1g,l Exp2g,l Exp3g,l

1 Leicester 32.80 0.28 7.45 7.17 9.25 6.66 0.03 0.07 0.37
2 Brent 25.95 0.24 10.09 6.69 9.44 4.02 0.20 0.05 0.26
3 Ealing 23.40 0.19 11.29 6.84 6.86 5.01 0.09 0.05 0.24
4 Harrow 13.50 0.11 10.51 6.32 5.50 4.91 0.06 0.04 0.31
5 Birmingham 37.57 0.28 8.18 8.56 11.01 9.64 0.06 0.05 0.08
6 Hounslow 23.25 0.23 10.38 6.60 5.55 3.59 0.04 0.04 0.25
7 Redbridge 17.77 0.10 10.62 6.38 6.77 6.35 0.08 0.03 0.20
8 Barnet 16.09 0.15 12.03 7.05 6.44 3.97 0.06 0.03 0.12
9 Newham 40.41 0.36 8.70 6.76 13.59 8.90 0.22 0.03 0.17

10 Croydon 19.85 0.17 10.45 6.99 6.54 4.55 0.13 0.02 0.09
11 Hillingdon 17.68 0.17 10.57 7.06 4.65 1.93 0.03 0.02 0.14
12 Wolverhampton 32.19 0.29 7.46 7.18 9.82 6.49 0.05 0.03 0.18
13 Coventry 28.15 0.18 7.77 7.36 7.30 5.00 0.02 0.02 0.12
14 Sandwell 35.39 0.30 7.31 7.35 9.46 11.45 0.04 0.03 0.13
15 Slough 20.87 0.21 9.15 6.10 5.49 2.50 0.05 0.02 0.20

Pakistani and Bangladeshi
1 Birmingham 37.57 0.28 8.18 8.56 11.01 18.22 0.06 0.13 0.19
2 Tower Hamlets 45.88 0.53 11.26 6.65 13.28 26.44 0.02 0.07 0.51
3 Bradford 32.93 0.16 7.91 7.81 8.08 19.34 0.03 0.07 0.23
4 Newham 40.41 0.36 8.70 6.76 13.59 18.23 0.12 0.04 0.26
5 Luton 23.27 0.16 8.63 6.46 6.78 17.03 0.04 0.03 0.20
6 Manchester 48.91 0.39 8.18 8.23 10.74 15.93 0.01 0.03 0.10
7 Oldham 30.73 0.23 7.87 7.01 6.60 14.81 0.01 0.02 0.16
8 Kirklees 26.15 0.17 7.87 7.43 5.98 10.47 0.04 0.03 0.10
9 Redbridge 17.77 0.10 10.62 6.38 6.77 11.33 0.14 0.02 0.12

10 Sheffield 28.42 0.30 7.95 8.17 7.80 25.00 0.01 0.02 0.05
11 Waltham Forest 30.24 0.24 10.14 6.40 8.71 16.95 0.04 0.02 0.13
12 Rochdale 33.69 0.25 7.55 7.22 7.08 17.27 0.00 0.02 0.13
13 Camden 34.71 0.37 14.14 6.98 9.86 14.29 0.02 0.01 0.10
14 Leeds 27.68 0.25 8.39 8.55 5.95 18.70 0.02 0.02 0.04
15 Ealing 23.40 0.19 11.29 6.84 6.86 14.02 0.17 0.01 0.06

Black
1 Lambeth 34.18 0.41 11.06 6.55 10.26 22.48 0.02 0.06 0.34
2 Southwark 35.38 0.54 11.28 6.70 11.26 18.81 0.02 0.06 0.34
3 Newham 40.41 0.36 8.70 6.76 13.59 19.16 0.17 0.05 0.28
4 Lewisham 28.55 0.36 11.53 6.30 9.74 14.81 0.01 0.05 0.30
5 Hackney 45.06 0.51 10.14 6.28 13.79 22.26 0.04 0.04 0.32
6 Brent 25.95 0.24 10.09 6.69 9.44 15.56 0.04 0.05 0.26
7 Haringey 37.70 0.30 12.28 6.37 10.99 20.40 0.02 0.04 0.26
8 Birmingham 37.57 0.28 8.18 8.56 11.01 24.58 0.13 0.05 0.08
9 Croydon 19.85 0.17 10.45 6.99 6.54 11.92 0.03 0.04 0.17

10 Waltham Forest 30.24 0.24 10.14 6.40 8.71 21.99 0.09 0.03 0.20
11 Greenwich 31.47 0.39 10.38 6.46 9.84 17.90 0.01 0.02 0.14
12 Ealing 23.40 0.19 11.29 6.84 6.86 18.50 0.04 0.02 0.11
13 Enfield 23.05 0.17 10.07 6.73 7.65 14.67 0.02 0.03 0.14
14 Barnet 16.09 0.15 12.03 7.05 6.44 17.73 0.02 0.02 0.08
15 Wandsworth 20.89 0.23 13.73 6.84 6.26 15.91 0.03 0.02 0.13

England
average 18.88 0.17 8.84 6.06 5.46
st. dev 9.15 0.08 1.76 0.77 2.24

min 4.17 0.06 6.26 4.19 2.41
max 49.78 0.54 21.23 8.56 13.79

Table 2: Top immigrant destinations in 2001: Select LAD characteristics.



1.OLS 2.OLS 3.IV 4.IV 5.IV
all LADs SLQLFS

A. Exp1gl
Exp1gl –0.126*** –0.065 –0.063 –0.015 –0.073

(0.039) (0.050) (0.050) (0.025) (0.078)
Pak & Bangl –0.049*** –0.024 –0.024 –0.006 –0.027*

(0.006) (0.017) (0.017) (0.006) (0.014)
Black –0.057*** –0.039*** –0.039*** –0.026*** –0.026*

(0.006) (0.011) (0.011) (0.005) (0.015)
B. Exp2gl

Exp2gl –0.077 0.090 –0.294 –0.052 0.519
(0.103) (0.129) (0.219) (0.140) (0.794)

Pak & Bangl –0.046*** –0.013 –0.030 –0.006 –0.030*
(0.006) (0.017) (0.019) (0.007) (0.016)

Black –0.060*** –0.032*** –0.041*** –0.026*** –0.025*
(0.006) (0.011) (0.012) (0.005) (0.015)

C. Exp3gl
Exp3gl –0.084*** –0.026 –0.052 –0.023 0.061

(0.016) (0.018) (0.037) (0.018) (0.067)
Pak & Bangl –0.033*** –0.008 –0.025 –0.008 –0.024

(0.004) (0.006) (0.017) (0.006) (0.014)
Black –0.045*** –0.027*** –0.041*** –0.027*** –0.026

(0.004) (0.005) (0.011) (0.005) (0.015)
D. egl

egl 0.219*** 0.179*
(0.043) (0.102)

Pak & Bangl –0.005 –0.017
(0.006) (0.016)

Black –0.026*** –0.034***
(0.005) (0.010)

Xi yes yes yes yes yes
Zi no yes yes yes yes

Table 3: Employment probabilities of immigrants and network size. Notes:
Based on SAM 2001 restricted for each immigrant group to the top 15 LADs,
except for Column 4. Zl includes the deprivation index, ul, average wages,
house prices, and the incidence of social housing; Xi includes demographics and
human capital variables. N=11,337 for restricted LADs, N=22,113 for Column
4, N=9,600 for Column 5.



I P/B Black

Employed recently (share) 0.33 0.27 0.18
(0.47) (0.45) (0.39)

Hourly wage 8.20 7.22 8.67
(6.44) (6.71) (6.43)

Age 42.14 36.03 39.52
(10.69) (9.86) (10.82)

Education 12.59 11.47 13.22
(3.7) (3.89) (4.69)

Married (share) 0.75 0.77 0.38
(0.43) (0.42) (0.49)

Number of children 2.19 5.38 2.29
(3.03) (4.61) (3.65)

Years since migration 20.91 16.33 15.67
(14.14) (11.86) (12.48)

Living in London (share) 0.51 0.38 0.88
(0.5) (0.49) (0.33)

Living in council houses (share) 0.23 0.31 0.33
(0.07) (0.14) (0.11)

N 187 269 217

Table 4: Summary Statistics.

A. Unemployed B. Employed: wave>= 2 C. Employed: all
SN=1 SN=1 REF=1 | SN=1 SN=1 REF=1 | SN=1

I 0.48 0.73 0.36 0.87 0.74
P/B 0.66 0.82 0.44 0.92 0.78

Black 0.53 0.86 0.42 0.93 0.70

Table 5: Social network use: Incidence and success rates.



SN=1 SN=0 REF=1 REF=0
All All All All

Age 38.41 39.87 36.02 37.91
(10.51) (10.94) (9.78) (9.61)

Education 12.12 12.80 11.66 13.04
(4.27) (3.98) (3.92) (3.54)

Years since migration 16.61 19.01 12.60 18.18
(12.65) (13.27) (11.36) (12.98)

Living in London (share) 0.51 0.71 0.42 0.60
(0.5) (0.46) (0.5) (0.49)

managers and senior officials 0.05 0.10 0.03 0.11
(0.23) (0.28) (0.18) (0.33)

professional occupations 0.04 0.12 0.02 0.04
(0.19) (0.32) (0.13) (0.19)

associate professional and technical 0.04 0.07 0.04 0.02
(0.2) (0.26) (0.2) (0.13)

administrative and secretarial 0.07 0.03 0.03 0.12
(0.25) (0.17) (0.18) (0.33)

skilled trades occupations 0.20 0.17 0.23 0.12
(0.4) (0.38) (0.42) (0.33)

personal service occupations 0.03 0.03 0.04 0.09
(0.16) (0.16) (0.2) (0.29)

sales and customer service occupation 0.09 0.06 0.09 0.11
(0.28) (0.24) (0.28) (0.31)

process, plant and machine operatives 0.20 0.17 0.15 0.16
(0.4) (0.38) (0.36) (0.37)

elementary occupations 0.28 0.25 0.36 0.25
(0.45) (0.43) (0.48) (0.43)

I 0.26 0.32 0.34 0.39
P/B 0.44 0.31 0.44 0.37

I 0.30 0.37 0.22 0.24
Total 440 230 116 57

Table 6: Social network use, its success, and human capital measures.



Prob{E = 1|SN = 1} Prob{REF = 1|E = 1}
1.OLS 2.IV 3.OLS 4.IV

A. Exp1gl
Exp1gl –0.135 –0.029 0.225 0.318

(0.330) (0.338) (0.645) (0.657)
P/B –0.112 –0.101 –0.039 0.004

(0.070) (0.072) (0.133) (0.127)
B –0.129** –0.115 0.063 0.068

(0.065) (0.070) (0.125) (0.126)
B. Exp2gl

Exp2gl –0.819 –1.665 0.979 1.471
(0.901) (6.940) (1.665) (19.637)

P/B –0.096 –0.082 –0.062 –0.029
(0.070) (0.101) (0.127) (0.152)

B –0.121* –0.112* 0.055 0.055
(0.063) (0.067) (0.126) (0.128)

C. Exp3gl
Exp3gl –0.129 0.032 0.113 0.131

(0.228) (0.351) (0.448) (0.767)
P/B –0.114* –0.097 –0.045 –0.007

(0.069) (0.076) (0.131) (0.143)
B –0.135** –0.110 0.062 0.065

(0.066) (0.079) (0.127) (0.140)
D. egl

egl –0.523 –2.994**
(0.815) (1.411)

P/B –0.172 –0.454**
(0.133) (0.225)

B –0.156** –0.139
(0.078) (0.183)

Xi yes yes yes yes
Zi yes yes yes yes

Table 7: Employment probabilities of immigrants and network size, conditional
on SN=1 (col 1-2) and probability of success (col3-4). Notes: Based on SLQLFS
restricted for each immigrant group to the top 15 LADs. Zl includes the de-
privation index, ul, average wages, house prices, and the incidence of social
housing; Xi includes demographics and human capital variables. N=441 for
Columns 1-2, N=174 for Columns 3-4.



Exp1gl Exp2gl Exp3gl

Expgl 0.228 –1.193 –0.073
(0.355) (3.834) (0.325)

religion 0.165* 0.170* 0.169*
(0.099) (0.099) (0.099)

kids under 16 0.014 0.016 0.016
(0.016) (0.016) (0.017)

hhold size –0.004 –0.005 –0.004
(0.016) (0.017) (0.016)

P/B 0.181 0.074 0.131
(0.142) (0.272) (0.148)

B 0.085 0.023 0.052
(0.098) (0.162) (0.107)

years of education –0.012 –0.011 –0.012
(0.012) (0.012) (0.012)

educsq 0.039 0.038 0.041
(0.045) (0.046) (0.046)

age 0.002 0.002 0.002
(0.003) (0.003) (0.003)

migrated recently –0.063 –0.089 –0.076
(0.110) (0.123) (0.112)

years in the UK –0.004* –0.004* –0.004*
(0.002) (0.002) (0.002)

occ II –0.170 –0.174 –0.175
(0.119) (0.118) (0.119)

occ III 0.018 0.022 0.024
(0.127) (0.128) (0.128)

occ IV 0.367*** 0.384*** 0.375***
(0.110) (0.115) (0.111)

occ V 0.153 0.153 0.154
(0.100) (0.100) (0.100)

occ VI 0.124 0.126 0.129
(0.165) (0.167) (0.166)

occ VII 0.212* 0.213* 0.217*
(0.112) (0.113) (0.113)

occ VIII 0.134 0.139 0.142
(0.101) (0.102) (0.102)

occ IX 0.153 0.156 0.156
(0.099) (0.099) (0.099)

egl 0.322 –0.403 0.075
(0.770) (1.932) (0.805)

deprivation –0.009** –0.008** –0.008**
(0.004) (0.004) (0.004)

wages –0.007 –0.133 0.013
(1.351) (1.440) (1.350)

house price –0.284 –0.215 –0.235
(0.256) (0.277) (0.259)

soc. houses 0.110** 0.102* 0.110**
(0.052) (0.056) (0.052)

Table 8: Probability of SN=1. Notes: Based on SLQLFS restricted for each
immigrant group to the top 15 LADs. All models are estimated by IV. N=584



Top 15 LADs - Indians

Figure 1: Top 15 LADs - Indians. Source: LFS (data) and edina.ac.uk/ukborders
(boundaries)



Top 15 LADs - Pak. & Bang.

Figure 2: Top 15 LADs - Pakistani and Bangladeshi. Source: LFS (data) and
edina.ac.uk/ukborders (boundaries)



Top 15 LADs - Black

Figure 3: Top 15 LADs - Blacks. Source: LFS (data) and edina.ac.uk/ukborders
(boundaries)


	part 1.pdf
	Tables_v3
	PSE_networkpaper_figures

