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Abstract

This paper empirically analyzes a network structure created by the ROSCAs
(Rotating Savings and Credit Associations) related to a leaders’ network in ru-
ral Uzbekistan. The estimation methodology is based on the recent development
of ERGMs (Exponential Random Graph Models) whose approximate maximum
likelihood estimators are produced by MCMC (Markov Chain Monte Carlo) al-
gorithms. The paper reveals the tendencies of the transitive triad structure of the
network that can facilitate the tracking of defecting members.
JEL: O1, I3
Keywords:ROSCAs; Networks; Risk-Sharing; ERGMs; MCMC

I. Introduction

This paper empirically analyzes the network structure created by ROSCAs (Ro-
tating Savings and Credit Associations), by focusing on the particular case of a
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University.
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leaders’ network in rural Uzbekistan. This study has two aims: the first concerns
a methodological issue involving an empirical analysis of network formation in
rural villages in developing countries and the other is about the application of the
network perspective to ROSCAs.

In recent years, development economists have increasingly started taking
cognizance of the role of sub-groups within the local communities, or more specif-
ically, the ”structure” or the ”architecture” of the networks among local villagers.
Previously, development economists had largely taken the community or the net-
work to be an exogenous entity; i.e., they had either interpreted village as ex-
ogenous units of study, or while examining their effects on some outcomes, had
considered some exogenous characteristics – such as ethnicity, caste, or other
indices of village level averages – as proxies of the community or the social
network (e.g., Townsend [1994]; Deaton [1997], chap 6). More recently, how-
ever, they have begun stressing the importance of the state and structure of intra-
village network-based components. This is particularly true of the literature on
the risk-sharing networks of rural households in developing countries (e.g., Geni-
cot and Ray [2003]; De Weerdt and Dercon [2006]; Fafchamps and Lund [2003];
Fafchamps and Gubert [2007]). It is now recognized that the risks faced by rural
households – such as unpredictable income fluctuation or expenditure needs – are,
in reality, not shared by exogenous units such as villages, but by small, tightly-knit
sub-groups or the networks that are endogenously formed in the process of cop-
ing with information and enforcement issues. Some attempts have already been
made to empirically explore the formation of these sub-groups or networks. For
instance, through their dyadic regression model, Fafchamps and Gubert [2007]
examined the determinants of the formation of the intra-village mutual insurance
links in rural Philippines and confirmed the effects of social and geographical
proximity.

The past decade was also marked by the embarking game-theoretic litera-
ture on endogenous network formation. The main focus of the literature has been
on characterizing the architecture of the equilibrium network, which has lead to
predictions about the conditions under which specific networks are stable (e.g.,
Jackson and Wolinsky [1996]; Bala and Goyal [2000]; Jackson [2008]; Bloch
et al. [2008]). Most recent empirical studies on developing countries are on the
verge of examining the empirical implication of the endogenous network theory
(Comola [2008]; Krishnan and Sciubba [2009]). For instance, by using the empir-
ical data of rural Ethiopia, Krishnan and Sciubba [2009] confirmed the role of the
architecture of the network of labor-sharing arrangements by examining the net-
work properties that are necessarily shared by the possible equilibriums of their
model. However, this perspective has been subjected to little empirical challenge.
As far as the methodological technique for carrying out empirical analyses is con-
cerned, there might still be plenty of scope for effecting further improvements in
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it or finding substitutable approaches.
Thus, the first aim of this paper is to make a methodological contribution to

the empirical studies on informal network formation in rural villages. This paper,
rather than testing a specific equilibrium prediction derived from the endogenous
network formation theory, attempts to identify the determinants of network for-
mation by modeling a probability distribution of the entire network of a local
community, where the probability of observing a network is dependent on the
presence of variousconfigurations (subgraphs) expressed by the models. In par-
ticular, I introduce the Markov random graph models – a particular sub-class of
exponential random graph models (ERGMs) – that enable us to deal with the ef-
fects of a specific dependence structure between networks links. The advantage
of this modeling framework over the other approaches such as the dyadic regres-
sion approach lies in its capacity to represent the effects of complex local network
structures involving more than three actors as well as nodal level, dyadic level, or
general degree-based effects. They are parameterized in terms of the prevalence
of small configurations in the network and can be interpreted as describing the
combinations of local social process from which a given network emerges. This
approach is preferable to other approaches, such as testing the summary statistics
of specific network properties, in that we can avoid a loss of information as re-
gards the dependent structure of links and examine the effects of more local and
specific architectures within the network.

The estimation methodology of this paper is based on the recent development
of ERGMs whose approximate maximum likelihood estimators are produced by
Markov Chain Monte Carlo (MCMC) algorithms. Statistical approaches to so-
cial networks span a long history, being prevalent since the 1930s. The class of
exponential random graphs was first proposed in the statistical literature in the
1980s (Frank and Strauss [1986]) on the basis of existing works in spatial statistic
literature (e.g., Besag [1974]). The models were derived from an explicit hypoth-
esis about dependencies among network links. More sophisticated extensions of
the models were proposed in the 1990s (Strauss and Ikeda [1990]; Wasserman
and Pattison [1996]) and used widely. The exponential random graph models
(ERGMs), also known asp* models, are now considered to be the most promising
class of statistical models for expressing a social network observed at a particular
moment in the network literature. In recent years, the models have experienced
remarkable improvement in terms of both model parameterizations and computer
algorithms (Snijders et al. [2006]; Robins et al. [2007]), which are the factors on
which the estimation methodology of this paper is mainly based. The algorithms
will be explained in details in the Appendixes.

The second aim of this paper is to make the pioneering attempt to explore
the network structure of ROSCAs. ROSCAs are informal financial associations
widely reported in the developing world (e.g., Geertz [1962]; Ardener [1964]).
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They are formed by members who agree to make regular contributions to a fund
and the total sum thus raised is then given to each contributor in rotation. In
economics literature, the ROSCA has been understood as a system that, as com-
pared to an autarky, can facilitate earlier gain of utility from the use of indivisible
goods (Besley et al. [1993]; Kovsted and Lyk-Jensen [1999]). This function of the
ROSCA has been tested in certain empirical studies of development economics
(e.g., Besley and Levenson [1996]; Handa and Kirton [1999]). Obviously, the
ROSCA system can be also utilized for any relatively large, one time expendi-
ture such as small business investments (e.g., Kimuyu [1999]; Johnson [2004]).
Moreover, the ROSCA fund can be utilized for risk-sharing or insurance purposes
among the association’s members, thus facilitating urgent access to money, pro-
vided the members allow for some flexibility in the sequence of fund’s rotation
among themselves or in the amount of the contribution at each meeting (Calomiris
and Rajaraman [1998]). As regards the ROSCAs as a savings system, a recent the-
oretical study has featured certain psychological effects emanating from partici-
pation in a ROSCA, such as increased self-control and restraint as regards minor
expenses (Ambec and Treich [2007]; Gugerty [2007]).

While a growing amount of economics literature views ROSCAs in the man-
ner described above, the network structure of ROSCAs has not attracted much
research’ interest thus far. One reason for this is that ROSCAs have been sim-
ply classified as groups or affiliation networks; they are considered to have no
variations in their architecture, and the relationship between their members is
interpreted as exclusively symmetric (e.g., Krishnan and Sciubba [2009], 918).
However, I would like to emphasize that this viewpoint is not necessarily jus-
tified. In actuality, it is reported that participation in multiple ROSCAs can be
regarded as a rather common phenomena in transition countries such as Uzbek-
istan (Hiwatari [2008b]), and that the numerous layers of interaction resulting
from this type of participation have given rise to complex network structures that
extend over the entire village. Thus, this paper – which deals with empirical data
sourced from rural Uzbekistan – examines whether actors choose their ROSCA
partners solely on the basis of personal status, attributes or affiliation or, whether
the potential network structure resulting from their additional membership is also
an underlying consideration. Specifically, I focus on a transitive triad structure of
the network that provides actors with dyadic constraints and thus facilitates mon-
itoring and enforcement. Owing to the lack of relevant data, this paper presents
a rather preliminary analysis of a certain village’s leaders’ network, considering
only a specific network comprising 45 nodes. I intend to conduct a more compre-
hensive analysis comprising the relevant data of all the households in a village in
the immediate future.

The rest of the paper is organized as follows. Section II describes the data as
well as provides background information. Section III and IV discuss the model
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specification and the estimation strategy. Section V reveals the results. Some
technical issues are mentioned in the Appendixes.

II. Data and Setting

Specifically speaking, this paper deals with the network data of certain tradi-
tional associations – calledgaps – in rural Uzbekistan.Gaps and similar associ-
ations, in which the members take turns to invite other members of the group to
their houses for feasts or entertainment, have been deeply pervasive in Uzbekistan
since the Soviet period and have been observed even earlier. Such associations
have been mentioned in the local literature as one of the essential components of
traditional communal life in Uzbekistan. Their function as ROSCAs, in fact, has
attracted attention only recently (Kandiyoti [1998], Hiwatari [2008b]). Hiwatari
[2008b] examined the quantitative magnitude of the associations’ prevalence and
their function as ROSCAs on the basis of field research conducted in the Andi-
jan Region of Uzbekistan. In the researchedmahalla1(neighborhood community),
henceforth referred asOqmahall, 81.6% of the sample households had at least one
family member who belonged to agap and had participated in 2.47gaps on an
average. These numbers clearly confirmed that most of the households inOqma-
halla were intertwined in a dense web ofgapnetworks. Households whose mem-
bers belonged togaps were expected to receive 70% of their monthly household
incomes 2.5 times a year from theirgap funds. The positive correlation between
gapparticipation and the prevalence of durable goods was also recognized. These
results pointed to the role of recentgaps, such as ROSCAs, as well as their im-
pacts on residents’ economic life.

Furthermore, Hiwatari [2008b] discussed some peculiar characteristic ofgaps
by considering the issues of sustainability constraints and default problems, and
cited two distinctive features: the high propensity to multiple belongings and the
scarcity of default problems. First, residents have often stated that there is no
restriction to belong to multiplegaps, and a considerable number of people did
participate in multiplegaps. This propensity was particularly high for local mag-
nates or leaders as will be discussed below. Second, we obtained a notable result
that any experience of a serious default problem was not reported throughout the
survey. This fact is quite uncommon with respect to the situation in other coun-

1Mahallas are neighborhood communities that have been reformed into formal institutions
or lowest administrative units of local municipalities (khokimiyats) during the 1990s and till
present. They have existed since ancient times as traditional institutions in areas such as Bukhara,
Samarkand, Tashkent, and the Ferghana Valley. In some urban areas of Uzbekistan,mahallas do
not have deep historical roots and have been recently created as lowest administrative units by the
Uzbek government (See, for example, Sievers [2002]; Hiwatari [2008a]).
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tries where defaults in ROSCAs often cause major problems such as suicides or
demands for governmental regulations (e.g. Ardener [1964], 216; Besley and Lev-
enson [1996], 43). InOqmahalla, most of the respondents agree with the view that
the inability of a member to pay for his or her obligation in a gathering is unlikely
to lead to a major problem.Gaps are never disbanded and the defaulter is not
banished from the group on the grounds of his or her default.

These two features ofgaps imply some discrepancy in the realities with re-
spect to the theories; that is, in general, increasing the number of groups to which
the members belong as well as increasing the group size must raise the risks of
defaulting of the former group not only because of the enlarging obligations of
the members, but also as a result of the increasing monitoring and enforcement
costs and the ambiguity of the boundaries of membership. However, ingaps, few
problems of defaults or other destructive conflicts were observed, though mem-
bers have a high propensity to belong to multiplegaps. To understand this issue,
Hiwatari [2008b] revealed a necessity to not consider theoretical frameworks that
deal with each interest group such as a ROSCA as a separate unit, and to ap-
ply a network-related perspective, but only visually alluded the importance of an
overlapping complex structure of thegapnetwork. In light of this, this paper in-
troduces statistical modeling for the analysis of the network structure and attempt
to clarify the structural propensities of thegapnetwork.

In order to examine a network structure ofgaps, I use a list of members
who hold any committee post in theOqmahalla mahallacommittee. Thema-
halla committee is a representative organ of themahallaformed by its residents.
In Oqmahalla, it comprises a council (kengash), advisors (maslahatchi), and ten
subordinate commissions that work on specific tasks. These members are, in prin-
ciple, elected by the residents every 2.5 years. Four of the members at the main
posts receive remuneration for their work and their elections need to be approved
by the local municipality (khokimiyat). In reality, however, most of the other
members are informally elected by the residents and the committee posts are only
circulated among the members of the same lineup in successive terms. Since the
mahallafaces a perennial shortage of qualified people, many members are forced
to hold two or three posts concurrently as theOqmahallacommittee comprises as
many as 63 posts (repeated names are omitted in the table). In other words, it can
be said that the committee’s members includes the names of almost all the influ-
ential persons or leaders inOqmahalla. Thus, the analysis in this section aims to
clarify the structural tendencies of the leaders’ network in themahalla.

Table 1 presents information regarding thegapparticipation of 45mahalla
committee members. It classifies thegapparticipation of these committee mem-
bers by classmategaps,mahalla gaps, relativegaps, and othergaps. The symbol
● indicates that the concerned person is agap leader (djurabashi), ○ indicates
that he or she is a normalgapmember, and – indicates that he or she is not a mem-
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Table 1:Gapparticipation of themahallacommittee members inOqmahalla
No. Age Sex Position Classmate Mahalla Relative Other

Council (kengash )
1 47 M chairman (rais 1 1
2 57 F deputy
3 46 M secretary 2 2
4 57 M member
5 47 M member 1
6 58 F member (dasturhonchi ) 3 3
7 53 F member (maslahatchi ) 4
8 78 M  member oqsoqol
9 63 M member (oqsoqol, ex-imom )

Advisors (maslahatchi )
10 60 M member 1 2
11 32 M member (shirkat rais ) 3
12 63 F member
13 54 M member (imom ) 1 1
14 67 M member
15 64 F member
16 51 M member 4 1, 2 2

Members of subordinate commissions
17 46 M Member ex-rais 2 1, 4
18 52 F member 3
19 46 M commission head 2
20 36 M member 5
21 48 M member 1 5
22 48 F member 4
23 35 M member 6
24 32 M member (posbon ) 3 4
25 36 M commission head 5
26 40 M member
27 54 M member 1, 2
28 42 M member 3
29 47 M commission head 1 6
30 38 F member
31 49 M member 4 6
32 44 M member 5 2
33 47 F member
34 25 M member
35 37 M member 1, 2 1
36 51 F member
37 35 M commission head 6
38 41 M member 7 2
39 46 M member 2 5
40 35 M commission head 6
41 51 M member 4
42 41 M member 7
43 49 F commission head 3, 4 3
44 45 F member
45 48 F member

Note:  indicates belonging to a gap  as a leader (djurabashi ), , belonging as a normal member,
and  indicates not belonging to a gap . The figures are noted on the right-hand side of the marks
of the gap s to which more than one member in the list belong, in order to identify the common gap s.
Sources: Hiwatari (2008a, 188-189, Table6.1.3)
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ber of anygap. In order to indicate thegaps whose membership the committee
members share in common, the figures as substitutes of the unique names of each
gap in each category are noted on the right-hand side of the marks of thegaps to
which more than one member in the list belong. It is clear from the table that the
committee members participate in moregaps than ordinary residents. All of them
participate in at least onegap, while 29 out of the total 45 participate in more than
threegaps. Moreover, these individuals tend to hold responsible positions in their
gaps. In fact, 38 of the total 45 committee members hold a leadership position in
at least onegap.

It should be noted that while severalgaps contain multiple committee mem-
bers, with the exception of onegap, the number is confined to only between two
and four committee members in eachgap. With regard to the members within
the council (kengash) that forms the core of the committee, one pair merely be-
longs to the samegapof classmates. However, although eachgapcan unite only
a few members within the committee, many committee members are expected to
be indirectly united through their participation as members’ of othergaps, and
therefore, here, it is particularly meaningful to apply the perspective of anetwork,
instead of agroup. Figure 1 visually shows the relational structure of committee
members resulting through theirgap memberships. Here, the network data was
converted into a one-mode network; the circles indicate persons and the lines,
gaps. The numbers below the circle represent the member numbers and the al-
phabets, the committee posts: ”A” denotes that the person is a council member
(kengash); ”B”, that he or she is an advisor (maslahatchi); and ”C”, that the indi-
vidual is a member of a subordinate commission. It is clear from Figure 1 that a
large number of members are actually united through multiplegaps, and thereby,
a large network is formed, as expected above. In light of this revelation, what
kind of propensities can we derive from this network structure? This is the ques-
tion that we attempt to answer in the following sections.

III. Model Specification

The network is represented by a symmetricn× n matrix Y and ann× q matrix
X of nodal covariates, wheren is the number of nodes (actors). The entries of the
Y matrix, termed theadjacencymatrix, are all zeros and ones, withYi j = 1, indi-
cating the presence of a link (tie) betweeni and j. We specifyyi j as the observed
value ofYi j with y the matrix of observed links of the network. In a case of the
gapnetwork that is a non-directed network as shown in Figure 1, theadjacency
matrix becomes symmetric matrix (yi j = yji ). The nodal covariate matrixX in-
cludes various attributes of the individuals in the network. As mentioned below,
we use such covariates as positions in the committee, ages, gender, wage levels,
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Figure 1: The Leaders’GapNetwork inOqmahalla(as a One-Mode Network)
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and education levels, and consider these attributes to be fixed and exogenous.
The exponential random graph model of the adjacency matrixY, conditional

on the covariate matrixX takes the form of a probability distribution of graphs:

Pθ{Y = y|X} = exp(θ′u(y,X) − ψ(θ)), (1)

whereu(y,X) indicates the vector of network statistics corresponding to any
configurationor/and nodal covariates,θ indicates the vector of parameters cor-
responding tou, andψ depicts a normalizing constant ensuring that the proba-
bilities are proper (sum to 1) (e.g. Snijders [2002], 3; Wasserman and Robins
[2005], 152–153; Snijders et al. [2006], 104; Robins et al. [2007], 194). Here, a
configurationmeans a set of nodes and a subset of links among them. Different
sets of configuration types represent different models. The selection of configu-
ration types is crucial for the analysis and depends on our theoretical assumption
about dependencies among possible network links2 (e.g. Bernoulli random graph,
Markov random graph andpartial dependencegraph). The concrete examples of
u will be shown below. In this manner, the probability of observing a graph is
assumed to be dependent on the presence of various configurations expressed by
the model. This family is called an exponential random graph model (ERGM)

2For instance, if the model does not include such configurations formed by more than three
nodes as triangles, each link will occur independently with other links, as per the Bernoulli random
graph assumption.
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because this is an example of what a statistician calls an exponential family dis-
tribution with u(Y) as the sufficient statistic. The model is also known as thep*
model (Wasserman and Pattison [1996]).

To begin with, we employ familiar parameters based on the Markov random
graph assumption; transitive triad, k-star parameters. The Markov random graphs
are a particular sub-class of exponential random graph models in which a possible
link from i to j, conditional on the rest of the graph, is assumed to be conditionally
dependent only on other possible links involvingi and/or j; thus, two links are in-
dependent from each other unless they share an actor. This type of dependency
resembles a Markov spacial process, and hence, these dependencies were defined
as a Markov graph by Frank and Strauss [1986]. Atransitive triador atriangle is
a subset of three mutually connected nodes, and a k-star is a subset of k+1 nodes
in which one node is connected by a link to each of the other k nodes (Figure 2).
As it can be proved from Hammersley-Clifford theorem that a probability model
of a Markov graph depends only on the cliques of the dependence graph3, that is,
the form represented by k-stars or triangles in the original graph, these parameter-
izations have been broadly employed in network literature.

According to a convention, we also impose the homogeneity constraint by

Figure 2: transitive triad (triangle), 2-, 3- and 4-star

Pajek

which parameters for isomorphic configurations of nodes are equated (that is, sub-
graphs are indistinguishable once the node labels are removed). Accordingly, we
simply defineuT(y) as the number of transitive triads anduk(y) as the number of
k-stars. Thus, the parameters corresponding touT(y) anduk(y) can be interpreted
as the structural effects of transitive triads and k-stars, respectively.

We primarily focus on the structural effect of transitive triad because its con-
cept is closely related to a kind of restriction through indirect relationships, known
as thedyadic constraintin sociological literature. The simple picture is as follows:
A and B belong to a ROSCA, but B also belongs to another ROSCA. From the
general perspective regarding a ROSCA, the multiple belonging of B puts the for-
mer ROSCA at risk by making it difficult to keep track of B’s defecting. However,

3The dependence graph is a graph whose nodes correspond to the links of the original graph
and represent dependencies among those links.
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in the case ofgaps that have a high density of prevalence, the following situation
can frequently occur: A also belongs to the othergap that has a member, say C,
who belongs to B’sgap to which A does not belong. Here, C can function as a
monitor, and B’s behavior against A’s interests will be restricted even in thegap
without A. In this manner, we can hypothesize that the participants ofgaps that
need to be sustainable despite the members’ tendencies for multiple belongings
are expected to exhibit a higher propensity to engage in the transitive triad struc-
ture of the network created by multiplegaps.

Further, the parameters of k-stars are important with respect to controlling for
degree distribution. For instance, a certain actor may be very popular, and hence,
attract links, including those from other popular actors. This process may result
in a core-periphery network structure with popular actors at the core. Transitive
triads are likely to occur in the core as an outcome of link formation based on
popularity. In this case, the number of triads should be considered on the basis
of the distribution of the actors’ degrees without referring to the transitive triad.
Since the number of stars is a function of the degrees, including the parameters of
k-stars is equivalent to modeling the degree distribution.

Moreover, it is important to control for node-level effects such as actor at-
tributes, particularly in our analysis. It must be noted that eachgap is originally
organized as an affiliation network (group), and thereby, each organizing pro-
cess follows specific principles. In this sense, links do not occur randomly here,
and effects generated by these principles should be controlled. For instance, it is
apparent from the observation that thegaps follow a principle that they are basi-
cally organized by members of the same gender. A woman tends to be connected
through agap with another woman, who also tends to be linked to yet another
woman. In this manner, triangulation may occur as a result of other principles of
the network, without any consideration of dyadic constraints.

As for the nodal attributes,X, we consider the so-called x-related single co-
variate effects, x-related similarity effects, and x-related identity. For example,
considering the individual wage level, it is plausible from previous knowledge
about thegaps that the actors with higher wages can afford to attend moregaps
or actors among the same wage level tend to be linked to each other through com-
mongaps. To control and examine these effects, we include the wage-level related
covariate effects and the wage-level related similarity effects respectively. As for
similarity effects, we also examine those of other attributes such as the actors’
ages or education levels. Gender or position-related identities are also included in
order to control for the tendencies that the actors of the same gender or of the same
position in the committee might tend to be linked with each other throughgaps.
These variables are included in the model not only as control variables, but also,
evidently, with particular interests for their effects themselves in addition to the
transitive triad. The mathematical definitions of all the effects mentioned above
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are depicted in Appendix A.
In the next step, we attempt to use a new specification proposed by Snijders et

al. [2006] that includes the statistics of higher order measures such as alternating
k-stars or alternating k-triangles. The motivation of these parameters first came
from the failure of Markov random graph models to fit observed networks (See
Snijders et al. [2006]; Robins et al. [2007], 195–197). It is often reported that the
Maximum Likelihood estimates of the Markov graph cannot be found (MCMC
estimation procedure does not converge) and that only the phenomenon calledde-
generacycan be observed (e.g. Handcock et al. [2003])4. These new statistics,
proposed as successful solutions to avoid degeneracy problems, have important
meanings that reflect specific structural properties in the network.

The alternating k-star is proposed as a new higher order star structure. In
the conventional Markov model, the star parameters are often limited to a maxi-
mum of 3-stars, assuming that the values of the parameters for higher order stars
are zero, in order to limit the number of parameters and achieve an identifiable
model for which parameters can be estimated. The alternating k-star assumption
proposes that, instead of setting higher order star parameters to equal zero, all star
parameters should be retained in the model, but with a linear constraint among
parameters values, such that, for allk >= 2, θk = −θk−1/λ for someλ greater than
1; the parameters have alternating signs so that positive parameters of some k-star
counts are balanced by negative parameters of other k-star counts, and the impact
of higher order stars is reduced for higher k.

The interpretation of alternating k-star parameters is not straightforward and
dependent on other structural parameters, but is broadly interpreted that a posi-
tive alternating k-star parameter usually implies a graph that exhibits preference
for connections between a large number of low degree nodes and a smaller num-
ber of higher degree nodes, akin to a core-periphery structure that is attained by
popularity process (Snijders et al. [2006]). Moreover, it is considered to be more
preferable to control for degree distribution by alternating k-star parameters, in-
stead of 2 or 3-stars parameters, assuming that the parameters for high orders stars
are zero.

The alternating k-triangle is proposed for a new higher order transitive triad
structure (Snijders et al. [2006]). A k-triangle is a combination of k individual
triangles that all share one link(tie). 2-, 3-, and 4-triangles are depicted in Fig-
ure 3. The k-triangles can be combined into one statistic in the same way as that
for the alternating k-stars. The interpretation of a positive k-triangle parameter
is also dependent on other effects in the model, but can be broadly interpreted

4It is termed asdegeneracyor near-degeneracywhen a model implies that very few distinct
graphs are probable, often only empty or complete graphs. For more details, see Snijders et al.
[2006] or Robins et al. [2007], 195–197.
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as evidence of transitive triad effects in the network. More specifically, a posi-
tive k-triangle parameter suggests elements of the core-periphery structure owing
to triangulation effects in which the core is built from overlapping triangulation
instead of popularity effects. In terms of the hypothesized dependence structure
of the network, it must be noted that the alternating k-triangle parameter extends
dependence assumption beyond the class of Markov graph models. The Markov
graph assumption should be less restrictive andpartial conditional independence
defined by Pattison and Robins [2002] should be assumed, wherein whether two
links are independent conditionally on the rest of the graph depends not only on
whether they share nodes, but also on the patterns of links in the rest of the graph
(For more details of this concept, see Pattison and Robins [2002]; Robins and Pat-
tison [2005]; 202–205; Snijders et al. [2006], 116–117).

Figure 3: 2-, 3- and 4-triangles.

Pajek

IV. Estimation

The following likelihood function of (1) is simple:

L(θ) = exp(θ′u(y,X) − ψ(θ)). (2)

However, the function is not easy to use becauseψ(θ) is dependent on the un-
known parameterθ, and hence, is difficult to calculate. Hitherto, two approaches
were mainly proposed in literature: (1) Pseudo-likelihood estimation using lo-
gistic regression techniques and (2) ML estimation based on MCMC algorithms.
To date, pseudo-likelihood estimation proposed by Strauss and Ikeda [1990] has
been the most common method for the estimation of ERGMs. It is considered
to be intuitively appealing and easily implemented by means of standard logistic
regression techniques. However, the properties of the pseudo-likelihood estima-
tors are not well understood, and it is not clear as to when these estimates may
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be acceptable. In recent years, as a substitute, MCMC algorithms for maximum
likelihood (ML) estimation of the parameters in ERGMs were proposed by Sni-
jders [2002]. The key idea of the MCMC method is refining the approximate
parameter estimates by comparing the observed graphs against a distribution of
random graphs generated by stochastic simulation using the approximate param-
eter values. The process is repeated until the parameter estimates are stabilized
(converged). If the parameter estimates never converge, the model is likely to de-
generate. When convergent estimates are obtained, simulation from the estimates
will produce the distribution of graphs in which the observed graph is typical for
all of the effects in the model. One of the advantages of this new method is that
one can also obtain reliable standard errors for the estimate. This paper conducted
MCMC estimation using the SIENA program (Snijders et al. [2007]), version 3.2,
by implementing the Metropolis Hastings algorithm for generating draws from
the exponential random distribution based on the stochastic approximate algo-
rithm described in Snijders [2002]. More details of the MCMC algorithms for
ERGMs will be provided in Appendix B.

V. Results

The estimation results are presented in Table 2. In addition to estimates and stan-
dard errors, the output includes a convergence t-ratio for each estimate. This con-
vergence t-ratio indicates how well the estimate has converged, with a small value
close to zero that suggests good convergence. After obtaining the estimate, the
program performs a large number of Metropolis-Hastings steps with these param-
eter values and calculates deviations between observed values of statistics (u(y))
and averages of simulated values of the statistics, which are the estimated ex-
pected values (Eθ̂u(Y)). The convergence t-ratios are averages of these deviations
divided by their standard deviations. It is considered to be excellent when the ratio
are less than 0.1 and good when they are less than 0.2 in absolute value (Snijders
et al. [2007], 29). Meanwhile, the parameter estimates were tested by using the
t-statistics defined as parameters divided by standard error, and by referring these
to an approximating standard normal distribution as the null distribution. If these
values are larger than 2 in absolute values, those estimates are regarded as signifi-
cant at the 0.05 significance level.

Table 2 represents only the reduced models that could sufficiently con-
verge5. As for structural effects, the transitive triad parameter in the Markov model

5Here, the conditional simulation/estimation method that keeps the total numbers of links(ties)
fixed was employed. The converged estimates were obtained after the 2-4 repeated runs of the
programs using the previously obtained estimates as the initial values for the new estimation and
tuning constants such as probabilities of inversion steps or multiplication factors, according to the
guidance by Snijders et al. [2007]. See also Appendix B. The convergences were much easier to
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Table 2: MCMC Parameter Estimates for the Leaders’Gap Network in Oqma-
halla

Variables Leaders' gap network (N=45)
Model I Model II Model III

Convergence Estimated Coefficient Convergence Estimated Coefficient Convergence Estimated Coefficient
t-ratio (S.E.) t-ratio (S.E.) t-ratio (S.E.)

Transitive triads -0.115 1.1320  ( 0.1559)* -0.133 1.1323 (0.1741)* 0.103  1.1495  (0.1651)*
2-stars -0.125 0.1629  (0.1818) -0.133  0.1570  (0.1737) 0.084  0.1380  (0.1860)
3-stars -0.125 -0.1030  (0.0585) -0.112 -0.1004  (0.0557) 0.090 -0.1001  (0.0573)
Same gender -0.094  1.6788  (0.5631)* -0.125 1.6495 (0.5420)* -0.097 1.6122  (0.5687)*
Same position -0.066 -0.5675  (0.3490) -0.085 -0.5806  (0.3505) 0.008 -0.5972  (0.3531)
Age similarity 0.014  5.3698  (1.4327)* -0.060 5.3555 (1.4292)* 0.162 5.3772  (1.3746)*
Wage size - - - - 0.082 0.0259  (0.0924)
Wage similarity - - -0.272  0.3273  (0.5874) -0.006 -0.0182  (0.6662)
Education similarity - - - - -0.112  0.7505  (0.5973)

Model IV Model V Model VI
Convergence Estimated Coefficient Convergence Estimated Coefficient Convergence Estimated Coefficient

t-ratio (S.E.) t-ratio (S.E.) t-ratio (S.E.)
Alternating k-stars, �=3 0.014  -0.6481  (0.1350)* -0.001  -0.6609  (0.1303)* -0.007  -0.6720  (0.1531)*
Alternating k-triangles, �=3 0.050  1.3098  (0.1760)* 0.054  1.3121  (0.1650)* -0.055 1.3062  (0.1773)*
Same gender -0.021 1.2290  (0.4967)* 0.011 1.2357  (0.5014)* -0.034  1.2951  (0.5002)*
Same position 0.032  -0.5285  (0.3364) 0.088 -0.4905  (0.3400) -0.080 -0.6044  (0.3500)
Age similarity 0.109 4.5478  (1.2729)* 0.059 4.7177  (1.1881)* -0.103 4.6674  (1.2075)*
Wage size - - 0.078  0.0535  (0.0806) 0.019 -0.0098  (0.0836)
Wage similarity - - -0.248  -0.1637  (0.4911) -0.020 -0.6237  (0.5921)
Education similarity - - - - 0.098  0.9286  (0.4663)
* p <0.05

(Model I, II and III) and the alternating k-triangle parameter in the higher order
model (Model IV, V and VI) have t-statistics greater than 2, and they suggest ten-
dencies for triangulation in this network. Furthermore, we can observe that the
negative k-star parameter is significant in the higher order model; the interpreta-
tion of these complex structural effects will be discussed in the next paragraph.
With regard to nodal covariates, the age similarity and gender identity parameters
are significant as expected. however, we cannot find evidence that there are any
important effects distinguishing partners in their level of wage or education be-
cause the education similarity or wage similarity parameters are not significant.

A notable feature in respect of the network structure is that both of the neg-
ative k-star and positive k-triangle estimates are significant in the result of the
higher order model. The combination of negative k-star and positive k-triangle
estimate is, in actuality, not uncommon and is discussed in the literature (e.g.
Robins et al. [2007], 205–207). It is considered that there are two countervailing
tendencies: one toward a triangulated core-periphery structure and one against a
degree-based core-periphery structure. Particularly,single-core periphery struc-
ture implied by the positive k-triangle effect has been segmented by the inclusion
of negative k-star parameter into a chain of smaller dense regions of the network

obtain in the higher order model than the Markov random graph model, as was expected.
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(Robins et al. [2007], 206). From the simulation, it can be shown that the shape of
the network with a fixed positive k-triangle parameter moves from centralization
to segmentation when k-star parameters range from zero to increasingly negative
values.

What implication can we derive from these findings regarding the structural
characteristic of the leaders’ network through thegaps inOqmahalla? The results
implied that thegaps appear to contribute to the formations of the transitive triad
structure within the leader’s network, but work against the degree-based core-
periphery structure. From the perspective of sustainability issues of ROSCAs,
the strong propensity of transitive triad structure can be related to a feature of
gaps: the scarcity of default problems. As stated previously, the triangulated triad
structure of the network can provide actors with dyadic constraints and thereby
help them to keep track of defecting members. If the tendencies of members to
belong to multiplegaps can encourage more formation of transitive triad rela-
tionships, the generous attitude toward multiple belongings togaps inOqmahalla
will not necessarily be irrational even with regard to their sustainability issues.
On the other hand, it is not straightforward to detect meaningful linkages between
propensities against the core-periphery structure andgaps’ features or sustainabil-
ity issues because of the lack of existing works that deal with a network structural
aspect of ROSCAs. A certain recent study that deals with the stability of the self-
enforcing insurance mechanism from a network-related perspective implies that
a network of intermediate density tends to be unstable, as compared to those of
high or low densities (Bloch et al. [2008]). If the propensity against core-periphery
structure leads the network to that of intermediate density without the core of high
density or the periphery of low density, thegap’s network in a mass might be un-
expectedly unstable. These questions remain to be addressed. To answer them,
more detailed studies concerning the theoretical aspects of network formation of
ROSCAs as well as empirical studies covering their longitudinal process will be
required.

VI. Concluding Remarks

This paper attempted to clarify the structural propensities of a network cre-
ated by ROSCAs orgaps in rural Uzbekistan, by applying ERGMs to a network
of mahallacommittee members and estimating the parameters corresponding to
structural effects on the basis of MCMC estimation methods. The results implied
that thegaps contributed to the formation of the transitive triad structure within the
leaders’ network, but work against the degree-based core-periphery structure. The
propensity of the network toward forming transitive triads appears to contribute to
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the network’s stability. However, to understand the meaning of the results further,
we should further conduct theoretical studies on ROSCAs that form part of the
network framework as well as empirical studies covering their longitudinal pro-
cess.

Some comments on the methodology applied to the paper are provided as
follows. To the best of our knowledge, this is the first paper applying ERGMs to
the network of the ROSCAs, or the subject of development economics. Though
the linkage between the paper’s empirical results and theories is still weak, the
methodology can be extended easily and applied to many research works in var-
ious directions. The targeted network in this paper was, in fact, not necessarily
suitable for the application of an ERGM. This model will further enable the con-
duction of analyses on directed networks such as private income transfers, gift-
giving, information flows, or aid delivery. The results from these directed net-
works may be applicable for practical purposes such as the projection of various
development programs, considering that network simulations based on estimated
or user-defined parameters can be easily implemented. In addition, the size of
sample nodes in this paper was rather small. Recent methodological advances
in statistical network analysis have greatly improved our ability to conduct in-
ferences and allowed for analyses that can cover more than 1,600 nodes (e.g.,
Goodreau [2007]. The analysis of the network structure of an entire community
based on complete household surveys will contribute to our understanding of a
community structure. Furthermore, if provided with panel data, we can adopt the
longitudinal models to which MCMC methods can be more directly applied, and
thus, obtain more suggestive results regarding the formation process of a commu-
nity.
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Appendix A: Mathematical Definition of Effects

The notation in this part is the same as that of the other part of the paper. Replacing
an index by a ”+” indicates summation over this index.

–The number of two stars
u2 =

1
2

∑
i
∑

h,k yhiyik

–The number of three stars
u3 =

∑
i

(
yi+

3

)
–The number of transitive triads

uT =
1
6

∑
i, j,h yi j yihyjh

–Thexi-related single covariate effect
uco =

∑
i yi+xi

–Thexi-related similarity effect
usim =

∑
i, j yi j (simx

i j − simx),

wheresimx is the mean of all similarity scores, which are defined as
simx

i j =
∆−|xi−x j |
∆

with ∆ = maxi j |xi − x j | being the observed range
of the covariatex

–Thexi-related identity
uid =

∑
i, j yi j I {xi = xj},

whereI {xi = x j} is 1 if the conditionxi = xj is satisfied, and 0 if it is not.

–The alternating k-stars
ukS = S2 − S3

λ
+ S4

λ2 − ... + (−1)n−2 Sn−1

λn−3

=
∑n−1

k=2(−1)k Sk

λk−2

= λ2∑n
i=1{(1− 1

λ
)yi+ +

yi+

λ
− 1},

whereSk =
∑

i(
yi+

k ) (k ≥ 2) (number of k-stars)

–The alternating k-triangles
ukT = 3T1 − T2

λ
+ T3

λ2 − ... + (−1)n−3 Tn−2

λn−3

=
∑

i< j yi j
∑n−2

k=1(−1
λ

)k−1(L2i j

k )
= λ
∑

i< j yi j {1− (1− 1
λ
)L2i j },

whereTk =
∑

i< j yi j (
L2i j

k ) (for k ≥ 2) (number of k-triangles),
T1 =

1
3

∑
i< j yi j L2i j andL2i j =

∑
h yihyh j.
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Appendix B: MCMC Estimation for ERGMs

The MCMC algorithms for maximum likelihood (ML) estimation of the param-
eters in ERGMs were proposed by Snijders [2002]. This is now implemented
in computer programs SIENA (Snijders et al. [2007]) and statnet (Handcock et
al. [2008]). This appendix describes the major aspects of the algorithms with an
emphasis on the manner followed in the case of SIENA. For further information,
please see Snijders [2002]; Snijders et al. [2006]; Snijders et al. [2007]. The no-
tation is the same as that of the other part of the paper. Random variables are
indicated by capital letters, vectors, and matrices by bold letters.

MCMC estimation algorithms in the exponential random graph model are
attained by repeatedly using MCMC simulation algorithms. Here, MCMC esti-
mation algorithms refer to the estimation of the parameter for a given data set,
whereas MCMC simulation algorithms mean simulating a random draw from the
exponential random graph distribution with a fixed parameter value.

–MCMC simulation
The new digraphYi j is assumed to be generated by a Monte Carlo method accord-
ing to the exponential random graphs model with parameterθ, dependent on the
current step. A straightforward way to generate random samples from exponen-
tial random distributions is to use Gibbs sampler.Yi j is assumed to be generated
according to conditional distribution as follows:

Pθ{Y(t+1)
i j = a|Y(t) = y(t)} = Pθ{Yi j = a|Yhk = y(t)

hk f or all (h, k) , (i, j)} (a = 0,1).
(3)

The left-hand side is the transition probability. The matrixY(t) andY(t+1) differ
in only one element. Now, let us cycle through the set of all random variables
Yi j (i , j) and simulate each in turn according to the above conditional distribu-
tion. The right-hand side is the same conditional distribution as that used in the
pseudolikelihood procedure. Thus, to obtain conditional probabilities (1) from
exponential random distribution, the well-known formulation to derive the pseu-
dolikelihood function can be directly applied. In this formulation, the conditional
distribution is defined by a logistic regression model where sufficient statistics are
given by the difference between the values foru(y) obtained when lettingyi j = 1
or yi j = 0, and leaving all other elements ofy unchanged. For details, see Strauss
and Ikeda [1990] or Wasserman and Pattison [1996].

If the selection of pair (i, j) cycles systematically through all elements of the
adjacency matrix, it is termed ascycling. In contrast, if the selection of pair (i, j)
occurs randomly under the conditioni , j, it is calledmixing.

Another alternative is the Metropolis-Hastings Algorithm. In this algorithm,
after the selection of the pair (i, j), the probability for changing the cell valueYi j
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is given by

Pθ{Y(t+1)
i j = 1− y(t)

i j |Y
(t) = y(t)} = min{1, exp(θ′(u(y(i jc)) − u(y)))}, (4)

wherey(i jc) is the adjacency matrix obtained fromy by changing elementyi j into
1− yi j and leaving all elements unchanged.

SIENA uses Gibbs sampler or Metropolis-Hastings algorithms for updating
the steps. Moreover, the steps can be updated not only by dyad, but also by single
arcs or triplets.

SIENA performs an inversion step with a rather small probability (default is
0.01) at each step, instead of that of the basic algorithm. Here, inversion means the
biggest step that changes the graph to its components. This is because the basic
algorithms occasionally converge very slowly owing to the very small steps taken.
The Gibbs sampler and Metropolis-Hastings algorithms define specific updating
probabilities for the inversion steps respectively (Snijders [2002], 20).

The present paper employed the Metropolis-Hastings algorithm for updat-
ing each dyad because the Metropolis-Hastings algorithm changesY(t) more fre-
quently than the Gibbs sampling, and therefore, is often considered to be more
efficient. The paper also employed the inversion step of the default value for the
first 2–3 repeated runs. Later, it decreased the value to 0.0001 for the last run.

–MCMC estimation
The maximum likelihood (ML) estimatêθ(y) for an exponential family is also the
solution of the moment equation. That is (Snijders [2002], 22),

µ(θ) = u(y), (5)

whereu(y) is the observed value andµ(θ) is defined as the expected value

µ(θ) = Eθ{u(Y)} (6)

thatµ(θ) is also the gradient ofψ(θ)

µk(θ) = ∂ψ(θ)/∂θk, (7)

that the covariance matrix
∑

(θ) =cov(u(Y)) of u(Y) with elementsσhk(θ) is the
matrix of derivatives ofµ(θ),

σhk(θ) = ∂µk/∂θh = ∂
2ψ(θ)/∂θh∂θk, (8)

and that the asymptotic covariance matrix of the ML estimatorθ̂ is given by

covθ(θ̂) = (
∑

(θ))−1. (9)
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However, it is not straightforward to apply this method to derive ML estima-
tors for exponential random graph model because the calculations of the functions
ψ(θ) andµ(θ) become extremely difficult except for the simplest model. To de-
rive the ML estimator, SINENA employs the Robbins-Monro algorithm based on
Monte Carlo simulation (Snijders [2002], 25–28), which intends to solve equa-
tions of the form

E{Zθ} = 0, (10)

with Zθ given by
Zθ = u(Y) − u0 (11)

whereu0 = u(y) is the observed value of the sufficient statistic andY has proba-
bility distribution (1) with arbitrary parameterθ.

The iteration step in the Robbins-Monro procedure for solving (10), with
step-sizean, is

θ̂(n+1) = θ̂(n) − a′nD
−1
n Z(n), (12)

whereZ(n) for n = 1,2, ... are random variables such that the conditional distribu-
tion of Z(n) givenZ(1), ...,Z(n− 1) is the distribution ofZθ obtained forθ = ˆθ(n).
Dn is the covariance matrix ofu(Y) at the stepn (given by (8)). The step sizesan

are a sequence of positive numbers converging to zero (e.g.an = 1/n).
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