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Abstract: 
Recent interest in the measurement of social capital has generated new suggestions for 
using survey data to measure basic indicators of social network formation. This paper 
considers the (2-mode) social networks created by people’s involvement in 
associations. Information on respondents’ participation in associations is collected 
often as an indicator of civic participation however it is also, potentially, a source of 
information about associational activity among the population or community being 
surveyed. I build from the work of McPherson (McPherson 1982) who showed how 
respondent reports on the size of the associations they are involved with, in addition to 
the fact of their involvement, yields the information necessary to estimate key 
parameters of network formation. McPherson theorised collective network structures 
as 2-mode networks, or ‘hypernetworks’. I conceptualise these collective entities as 
systems of association and present them in closely related set-theoretic visualisations, 
rather than the graph-theoretic visualisations used by SNA. I re-theorise the 
relationships between participation rates, association size and system parameters to 
develop indicators of associational coverage overlap and association overlap. 

 

 

Social capital research, social network analysis (SNA) and survey methods 

The concept of social capital is almost universally associated with concepts of social 

networks. Recent desire to measure social capital thus creates a demand from social 

researchers for measures of network density and individual embeddedness in social 

networks (often dubbed ‘connectedness) that can be generated from population 

surveys. However, the main community of social network analysts tends to see survey 

research as inimicable with their goals of mapping social networks and analysing their 

structural components and regions. Linton Freeman’s (Freeman 2004) account of the 

history of social network analysis (SNA) begins by quoting, approvingly, Allan 

Barton’s disparaging description of survey research: 

… as usually practiced, using a random sample of individuals, the survey is a 
sociological meatgrinder, tearing the individual from his social context… It is 
a little like a biologist putting his experimental animals through a hamburger 

James
Stamp
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machine and looking at every hundredth cell through a microscope; anatomy 
and physiology get lost, structure and function disappear… (p. 1) 

This mainstream approach to SNA leaves social network theory dealing only with 

information on whole networks, where we have information on every network 

participant. 

However social capital research has lead to a revival of interest among some social 

network researchers in the relatively neglected practices of local network (or ‘egonet’) 

surveys. These techniques use a ‘name generator’ to elicit the scope of respondent’s 

direct contacts, a method pioneered by Claude Fischer (Fischer 1982) and extended by 

Barry Wellman (Wellman 1999). An egonet module in the latest General Social 

Survey has recently produced noteworthy evidence of a significant decline in 

Americans ‘core discussion networks’ since the same module was last run in 1984 

(McPherson, Smith-Lovin et al. 2006). Dutch researchers are also making use of 

survey methodologies to refine and sharpen egonet methodologies (Van Der Gaag and 

Snijders 2005)i. 

Some social network analysts are now seriously exploring the methods whereby 

survey methods can yield useful information on social networks. Martina Morris 

(Morris and International Union for the Scientific Study of Population. 2004) who 

analyses social networks and STDs presents the main insight behind this rethinking: 

that it is the type of information collected that is the critical difference, not the 

research design. 

The key difference between a network study and more traditional behavioural 
studies is that data are needed on the relationships as well as the persons. … 
Individuals are still the source of information, of course, but the information 
they provide is not limited to their own attributes, it includes data that will 
help establish the pattern of relationships between them and everyone else. 
(p.8) 

The sociological meatgrinder referred to by Barton and Freeman is, thus, an artefact 

of the narrow, behavioural questions asked by much survey research, not a 

characteristic of survey research per se. 

Separately to its concern with networks social capital research has fostered a renewed 

interest in community surveys. Community surveys involve a sampling frame 

designed to allow comparisons of social indicators across communities. Robert 

Putnam initiated the The Social Capital Community Benchmark Survey in the US 
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(The Saguaro Seminar 2001). In Australia the Australian Community Survey was 

carried out as an ARC linkage project with the church backing through the Christian 

Research Association (Hughes, Bond et al. n.d.). The community survey identifies 

relatively bounded communities and then takes representative samples of the 

population within each communityii. These surveys thus allow us to compare 

indicators of network formation across communities if we have collected appropriate 

data on network relationships. 

This paper considers the social networks created by people’s involvement in 

associations. This information is often collected as an indicator of civic participation 

however it is also, potentially, a source of information about associational activity 

among the population or community being surveyed. I build from the work of 

McPherson (1982) who showed how respondent reports on the size of the associations 

they are involved with, in addition to the fact of their involvement, yields the 

information necessary to estimate key parameters of network formation. McPherson 

theorised collective network structures as 2-mode networks, or ‘hypernetworks’. I 

conceptualise these collective entities as systems of association and present them in 

set-theoretic visualisations (Venn diagrams), rather than the closely related graph-

theoretic visualisations used by SNA. I re-theorise the relationships between 

participation rates, association size and system parameters to develop indicators of 

associational coverage and association overlap. 

Visualising systems of association: Venn diagrams 

McPherson (1982) coined the term ‘hypernetwork’ to signal a connection with SNA 

analysis of ‘2-mode’ data (Borgatti and Everett 1997). The term, hypernetwork, is an 

extrapolation to social networks from the graph-theoretic concept of a ‘hypergraph’ 

(Berge 1989). In mathematical topography a graph is a two-dimensional diagram built 

only with points (or ‘nodes’) and connecting lines (or ‘edges’ or ‘arcs’). Such graphs 

are the standard SNA way of visualising social networks. They are a more formal 

form of the sociograms used by many social researchers in the 1930s and 1940s. A 

hypergraph is a formal graph-theoretic construct where multiple nodes are linked with 

‘hyper-edges’. In this paper however, I portray 2-mode social network data with the 

Venn diagrams of set theory. 
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2-mode data arises when social actors are networked via their memberships of 

associations. People meet within each association but persons who are members of 2 

or more associations create links between each associated group. These cross-

association links can then tie all the members of connected associations into a social 

network of chains of personal contact. The classic example of 2-mode datasets are 

company boardrooms with ‘interlocking directors’ creating social connections across 

the system. 2-mode data creates problems for SNA visualisation and analysis however 

since we cannot represent the associational entities within the limitations of a standard 

‘graph’ comprised of just points and lines. 

In this paper I visualise the overall unit of analysis (the community) as a system of 

association with overlapping (‘interlocking’) members. I use Venn diagrams rather 

than graphs to picture the system. The information and data is the same as SNA 

utilises for 2-mode analysis but a Venn diagram allows us to visualise associations 

and overlapping memberships directly. 

Figure One: Standard Venn Diagram: Example One 

 

 

In a Venn diagram the square frame represents the full population of elements (here, 

labelled with numbers). The circles are the sets and the overlap of circles show where 

elements belong to 2 or more sets. As a social system, the elements (or nodes/ 

elements) represent social actors and the circles (sets) represent associations. Thus the 

social actors/ elements in the frame but not in a circle represent social actors who are 
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not a member of any association. They are, thus, non-participants in the system of 

association. The proportion of elements/social actors within associations is the 

coverage of that system across the population represented by the outer frame. I will 

refer to this proportion as the associational (system) coverage. 

Where an element/ social actor belongs to 2 or 3 organisations, the overlapping circles 

create a space to represent these joint memberships. In this example, the space for 

joint membership of all three associations has one element in it. The spaces where 

each association overlaps with one other all have 2 elements/ social actors in them. 

The spaces for each association’s members who belong to it alone have 3 elements/ 

social actors in each. 

A survey of elements/ social actors within the population frame (or community) can 

yield a grouped frequency count of the numbers of memberships held by each 

element/ social actor. For a large population this can be extrapolated from a 

representative random sample. Survey data, asking the right questions, thus gives 

estimates of these distributions. 

Table One: Example One: Frequency count of actor membership levels 

Number of 

memberships held by 

a social actor 

Frequency 

count 

Total number of 

memberships 

0 4 0

1 9 9

2 6 12

3 1 3

Total 20 24

Average memberships per person 1.20

Individual level data allows us to calculate an individual ‘participation ratio’ as the 

mean number of memberships held per capita. In this example it is 24 memberships 

divided among 20 social actors i.e. 1.2 memberships per person. 

Finding the number of associations from a population survey 

The individual participation rates will be a key aspect of the system of association 

within a population. If we take the ‘frame’ of the Venn diagram as representing a 

community, for instance, higher rates of individual participation in one community as 

compared to a second will mean that the first community has more associations or, if 
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the number of associations is the same, that more people have multiple memberships 

(and hence the associations are larger). The individual participation rate gives no 

indication as to which of these situations exists, however. 

McPherson’s method was designed to estimate about the actual number of 

associations in a population on the basis of information from individuals. The key 

point of his methodology is that the respondents are asked to report the size (number 

of members) of organisations they are involved with (McPherson 1982). The question 

is restricted to organisations that involve face-to-face contacts so that respondents can 

be assumed to have reasonable knowledge of that organisation (or branch or sub-

branch). This procedure also fits with Putnam’s theoretical claims that contacts made 

through such continuing interaction are more important than simple formal 

memberships (Putnam 1995). Thus McPherson’s data involve not just the number of 

associations in which individual respondents participate but reasonably reliable 

information about the size of these associations. 

McPherson shows that the probability of an association being named by respondents 

in a sample survey is linked to the size of a group. If a population of 1,000 people has 

an association of 50 members in it, then we expect it to be named by every 20th 

respondent (i.e. 5% of our sample). A group of 5 has a much lower probability of 

being named. McPherson shows how this basic fact allows for extrapolation to an 

estimate of the actual number of organisations of given sizes and, hence, a summary 

estimation for all associations in the sampled population or community. He and other 

researchers have used this technique to examine associational life and volunteer 

organisations in a number of contexts. Their work suggests that small-scale 

associations for mutual support or sharing or sharing of activities are far more 

prevalent than usually thought (McPherson 2001). 

Triangulating ratios and totals in a system of association 

Once we have a measure of individual participation rates and a measure of the size of 

associations we have the extra piece of information necessary to distinguish between 

the two possibilities associated with an increased participation ratio. We can use the 

individual participation rate (p) to extrapolate from the number of people (N) in the 

community to the total number of memberships (M) in the community. The mean size 
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of associations (s) then gives (A) the number of associations in the community. The 

triangulation of these totals can be illustrated diagrammatically. 

Figure Two: Triangulation of totals and ratios in a system of association 

 M - Total number of 
memberships

N – Total 
population being 
sampled

A – Total number of 
associations

s – Average size of 
associations

p – Participation 
rate

M - Total number of 
memberships
M - Total number of 
memberships

N – Total 
population being 
sampled

N – Total 
population being 
sampled

A – Total number of 
associations
A – Total number of 
associations

s – Average size of 
associations

p – Participation 
rate

 

This triangulation of information provides a conceptual framework to relate the 

disparate pieces of information that we can derive from different sources and explore 

their interdependencies. The previous paragraph goes from population (N) through 

participation rate (p) to memberships (M) and through average size (s) to produce an 

estimate of the number of associations (A) within a population or community. 

However, if we had a good census of associations within a population, and their sizes, 

we could, in theory, work backwards along this path to make an estimation of the 

participation rate. The triangle of Figure Two also suggests another ratio that may be 

accessible from survey information of some kind, namely the ratio between the 

number of associations, A, and the population, N. 

In this paper we clarify an important aspect of the participation rate overlooked by 

McPherson. This is the need to distinguish the population that is active in the system 

of association from the non-participants. This procedure is analogous to standard 

divisions between the economically active population and others in the presentation of 

unemployment statistics. We then take up a major question raised by McPherson, the 

conceptualisation and measurement of overlap in a system of association (or 

‘hypernetwork’). 

Dealing with non-participants: the active participation rate and associational 
coverage 

In Table One we gave the frequency count of membership holding that summarises 

information from a survey of social actors (or ‘elements’ in set theoretic terms). The 

summary statistic we give is the average number of memberships per person. This is 
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the statistic usually used as an indicator of civic ‘participation rates’ within a 

community or population. 

The difficulty with this statistic is that the denominator includes persons holding no 

memberships. They make no contribution, however, to the numerator of the indicator. 

Thus if we compare this simple participation rate across two populations we do not 

know if it is the proportion of non-participants in a population that makes the 

indicator less in one than in the other or a genuinely lower rate of participation by 

those who are active in associational life. This problem is parallel to that of arbitrary 

and true zeros in uni-dimensional scale construction (Sarantakos 2005) or labour 

market statistics which exclude people ‘not in the labour market’ before calculating 

unemployment rates. McPherson (1982) fails to eliminate non-participants from his 

conceptualisation and application of ‘hypernetwork’ statistics. This distorts all 

subsequent aspects of his discussion. 

I therefore calculate an ‘Active participation rate’, pa. This is the average number of 

memberships held by persons who have at least one membership. This indicator gets 

around the problem of indeterminacy created by non-participations. It will always be 

greater than 1, since every respondent included in the calculation has, by definition, 1 

or more memberships. 

Table Two: Example One: Frequency count of actor membership levels with 
active participation rate calculated 
Number of memberships held by 

a social actor 

Frequency 

count 

Total number of 

memberships 

0 4 0

1 9 9

2 6 12

3 1 3

Total 20 24

Average memberships per 

person  1.20

Total assoc active persons (Na) 16  

Assoc active persons as a 

proportion of all persons (%) 

(‘Associational coverage’) 80.00%  

Active Participation rate (pa)  1.5
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As a first step I calculate the proportion of the population active in associations. I call 

this basic indicator associational coverage, assuming thereby a ‘top down’ overview 

of the system of association. This proportion will vary across populations and 

communities and is an indicator of the state of civic society. 

Viewed from the ‘bottom up’ as levels of individual activity the second measure, pa, 

is a measure about the activity level of the sub-population involved in the 

associational system. These indicators of associational coverage and active 

participation rates are valid for comparisons across communities in a way the crude 

participation rate is not. 

The interesting question for further analysis is how the level of activity among these 

associational active persons impacts in the collective characteristics of the system of 

association. 

Computing the rate of associational overlap 

McPherson points out an associational system will be built upon the levels of 

participation of members (elements) in a system. We expect that greater activity by 

active participants (pa) will be the fundamental activity that animates or constrains 

associational life in a population or community. From a system perspective, the level 

of activity is manifest as a lesser or greater number of memberships. But what is the 

collective-level impact of differences in this variable? Does a higher rate of (active) 

participation show up as a greater amount of overlapping members among 

associations? 

Even when the active participation rate is the same, the amount of overlap between 

associations will be affected by the number of associations and the size of the 

associations. Many small associations need more overlaps than a few big ones. 

Mathematical manipulations among these three variables show that once we 

normalise the three variables to account for the number of associations and the mean 

size of associations we have a function (index) involving the active participation ratio 

only. It is: 

 AO – index of associational overlap = 1 – (1/pa) 

When pa is exactly 1, no social actor (element) belongs to more than one association. 

There is no overlap of associations - AO is zero. At the other extreme, as pa becomes 

large, the second term of the index AO gets smaller. AO rises towards 1 iii. 
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Systems of Association: Summary and concluding comments 

Figure Three summarizes interrelationships of a system of association. The distinction 

between active and non-active population gives the associational coverage (%). The 

index of Associational Overlap is indicated as a connection between the active 

participation rate and the overlap of associations in the system. 

Figure Three: Systems of Association – Full diagram 

A – Total Number of 
Associations

M – Total Memberships

Population 
surveyed 

(or 
sample)

Na -Association 
Active Population

Non-Active Population

Associational 
Coverage (%)

pa – Active 
Participation 

ratio

s – Mean association 
size

Associational 
Overlap = 1 – (1/pa)

A/Na = pa/ s

A – Total Number of 
Associations

M – Total Memberships

Population 
surveyed 

(or 
sample)

Na -Association 
Active Population

Non-Active Population

Associational 
Coverage (%)

pa – Active 
Participation 

ratio

s – Mean association 
size

Associational 
Overlap = 1 – (1/pa)

A/Na = pa/ s

 

While AO can be calculated from the active participation ratio only, the structural 

shape of associational overlap can only be properly assessed with further information 

on the membership size of the associations in the community. This information 

requires data collection to include the questions of association size pioneered by 

McPherson. With this extra data it is possible to map and compare the many different 

outcomes that will flow from community differences in active participation rates, 

association numbers and average association size. I have explored the potential of 

such mappings and will present them in a later paper. 

The first quotation used in this paper suggested that survey methods have no utility 

when studying social networks. The image of the meatgrinder suggests that the social 

survey destroys contextual information before examining data. This is an unjustified 

exaggeration, albeit a metaphorical statement. Survey methods can yield information 

pertinent to social network analysis when we ask the respondents to inform us about 

aspects of social networks they are in a position to observe. In this paper I have 
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argued that McPherson’s apparently simple innovation of collecting survey data on 

associational size gives us the ability to estimate generic parameters for ‘2-mode’, 

social networks (‘hypernetworks’) within communities. However, I have argued that 

it is best to conceptualise the social networks as ‘systems of association’ visualised 

through Venn diagrams rather than using the graph-theoretic tools. 

What do these techniques offer researchers using survey methods to study social 

capital at a community level? My first suggestions relate to the standard information 

on participation rates. I have argued that we can reconstruct this information to 

produce an index of associational coverage (the proportion of the population engaged 

with associational life) that is a valid indicator of community differences. The active 

participation ratio is, similarly, a valid comparative indicator of structure and 

dynamics within that associational sphere. The mathematical model of the paper 

shows that there is a direct connection between the active participation rate and an 

index of associational overlap normalised to the average size of organisations. The 

next steps are an extension of these measures to allow valid cross-community 

comparisons. 
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Footnotes 
i Finally, we can note that both mathematical and statistical modelling of social networks (Robins, 
Pattison et al. 2005) relies on simple measures of density (or average degree) and local clustering that 
can be estimated for whole populations from these egonet data (Spreen 1999). 
ii Another area of significant interest is the surveying of internet communities using population 
sampling methodology. 
iii Note however that the relationship between pa and AO is curvilinear. Increases in pa from 1 to 2 
produce very steep increases in AO but the rate of increase in AO decreases. 


