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Introduction

1.participant and Information passing role

2.find no (statistical) evidence of an

3.higher , higher take up rate
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Background and Data



2.1 Background

rural southern Karnataka

Bharatha Swamukti Samsthe(BSS)---
which operates a conventional microcredit program

the diffusion of participation
In a microfinance program



2.1 Background

When BSS starts working in a village

It seeks out a number of pre-
defined leaders,who BSS expects
to be well-connected within the
village: teachers, leaders of self-

help groups, and shopkeepers.

The leaders present information

about microfinance to the village.

The villagers contact BSS,

11



2.1 Background

« BSS provided us with a list of 75 villages in which they were planning to start operations
within approximately six months.

* Prior to BSS’s entry
« These villages had almost no exposure to microfinance institutions.
* These villages are, by and large, linguistically homogeneous but heterogeneous in terms of caste.
 The majority of the population in these villages is Hindu(EDEZ44E).

« The most common primary occupations are agricultural work (growing finger millet, coconuts,
cabbage, mulberries and rice), sericultural work (silkworm rearing), and dairy production.

www.islide.cc 12



2.2. Data

village questionnaire In 2006, six months prior to BSS's entry into any village,

the author conducted a survey in all 75 villages.
» village leadership

» the presence of savings self-help groups
« various geographical features of the area o
(such as rivers, mountains, and roads) individual Survey

(BEAIE-3 . 46%)
age
caste
education
language

occupation

household census

» demographic information
* GPS coordinates



2.2. Data

names of friends or relatives who visit
the respondent’s home

names of those friends or
relatives the respondent visits

from whom the respondent Social network data

would borrow money along thirteen dimensions
to whom the respondent would V

lend money

who the respondent goes to pray with

In the 43 villages where they started their operations, BSS provided the
author with regular administrative data on who joined the program.



2.3 Network Measurement Concerns and Choices

Whether we should consider the individual

or the household as the unit of analysis?
borrowing decisions are often

made at the household level.

=\ Directed or undirected?
i

While the networks derived from these data
could be, in principle, directed, in this paper
we symmetrize the data and consider an

undirected graph. -

5
g
| NS

We treat the nefworks és
closed societies-even though
there may exist ties across
villages.

The network data enable us to
construct a rich multi-graph with

many dimensions of connections Cross-marriages are rare.

between individuals. The villages are mostly geographically
well-separated.




2.4 Descriptive Statistics

] .
51
average take-up average take-up g ti
rate for BSS rate of leader average education
18.5% 25% 4,92




2.4 Descriptive Statistics

Leaders tend to be no older or younger than the rest of the population (the p-value on the
difference is 0.415).

The average degree (the average number of connections that each household has) is almost 15.

The average clustering rate is 26%. This is substantially higher than the clustering rate that would be
expected in a network in which links are assigned uniformly at random but such that nodes have the
same average degree. In this case, the clustering rate would be on the order of one in fifteen.

The average eigenvector centrality (a key concept of the importance of injection points, is
proportional to the sum of its neighbors’ centralities) of leaders is 0.07 (with a standard deviationof
0.017), as opposed to 0.05 (standard deviation of 0.009) for the village as a whole.

www.islide.cc
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The Model and the Result



Introduction to social network analysis

Social networks represent relationships involving
social entities such as friendship, neighborhood

In this paper, there exists 13 dimensions where
people are able to build relationship, like friends,
relatives, go to pray with, borrow money from and
SO on

We think that two households can be lined in a
undirected graph only if one of above dimensions
are correlated. As a result, from our survey data,
we can build a social network graph under any
village



Network characteristics

Degree: the number of links that a household has. And due to my graph is undirected, in-degree
equals to out-degree of a node.

Clustering coefficient: the fraction of pairs of a household’s neighbors who are neighbors with each
other. This is a measure of how interwoven a household’s neighborhood is

Eigenvector centrality: The measure of how important a node is in the sense of iterative paths
through a network, which is the most important evaluation in our model.

Average path length: the mean length of the shortest path between any two house-
holds in the village, which is used as a distance measure.

Adjacency matrix: the adjacency matrix of a finite graph G on n vertices is the n x n matrix where the
non-diagonal entry a;;is 1 if vertex i is linked to vertex |, O otherwise, and the diagonal entry is null.



Intuitional concept for Eigenvector centrality

Consider the graph below and its 5x5 adjacency matrix A:

And then consider , X, a 5x1 vector of values, one
for each vertex in the graph. In this case, we've used
the degree centrality of each vertex.

(=
=S oo

= L R

b




Intuitional concept for Eigenvector centrality

Now let's look at what happens when we multiply the

vector X by the matrix A. The result, of course, is another

5x1 vector. .

Axx=

=N N e
SO |
= R I
e =N
M=o oo

What multiplication by the adjacency matrix
does, is reassign each vertex the sum of the
values of its neighbor vertices.
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Intuitional concept for Eigenvector centrality

This has, in effect, "spread out" the degree centrality. That this is
moving in the direction of a reasonable metric for centrality can be
seen better if we rearrange the graph a little bit: o

This vector is called an Eigenvector of the matrix A.

The elements of this vector are the Eigenvector centralities of the
vertices of the graph.

In summary, multiple adjacency matrix with the weighs vector and
then you would get the centrality measure of each nodes.

w J 0 O



Conceptual Framework

The conceptual framework is used to simulate the diffusion of microfinance in every iteration

Before delving into our model, let’s first introduce the state propensities of a node:

® node i's information status: s/, € {0,1}, with 0 indicating uninformed and 1 indicating informed

® node i's participation status: m;, € {0, 1}. Note that if m;, = 1 then s}, = 1, as one cannot
participate without being informed

Additionally, we should exploit logistic function ( or sigmoid function) to estimate probability.

Compared to sign function with bad properties of non- L/l +e7)

derivation and non-continuity at zero point, logistc Hommmmm e
function is continuous and differentiable on real field. 0.8 .

The threshold of 0 or 1 is usually set as 0.5, that’s to say, a.&l/

When f(x) > 0.5, probability = 1; 4

When f(x) < 0.5, probability = 0; 0

—T e e mm m mm  mm m m m  m  m m m mmm mm m—



Decision-making

Someone may tell you that your future is your own and do not 6@0}‘1/'6 (” Y
base your decisions on the advice of those who don’t have to

deal with the results. ON ON

If we only take personal( to be exactly, household) features %I/
into consideration ﬁ[@\' uCe
Information %M wﬂw o@onwmve

p; = P(participation|X;) = A(a + X;B)
where A means sigmoid function I D[ [ I.\-

where we only allow the person’s covariate(X;) to influence

l
ake o the resulls




Decision-making

However, your own decisions are also affected by your acquaintances.

So we should add the impact of your acquaintances into our model

the information model with endorsement effects
(or sometimes the endorsement model, for short)

pi = P(participation|X;, F;) = A(a + X{B + AF,)
where F; is a fraction in which the denominator is the number
of i's neighbors who informed i about the program and the
numerator is the number of these individuals who have

participated in microfinance




Conceptual Framework

Initialize t = 0 Based on our social network graph:

a) The set of initial leaders are informed about the
operating plans and their information statuses are
updated

Sio=1Vi € Lands;;p =0Vi & L

b) Those newly informed agents decide whether
or not to participate:

pi(o, B) or pi (o, B, 1)
a, 5, A are initialized with the Bernoulli distribution

Leaders are informed and make participation decisions




Conceptual Framework

Initialize t = 0 Based on our social network graph:

Information passing by leaders: with probabilities
M) based on Participation

. 0 : . : . - D
c) Each i € I° transmits to j € N with probability O ()
mi1q” + (1 —mp)q" D) ® ®
Let I; be the set of j's informed via this process
who were not member of I°, and let I(j) be the @ @
set of i's who informed j O ) ®
[ ¢
o S
) )



Conceptual Framework

lteration at time t:

a) The newly informed agents are now I;

b) Those newly informed agents decide whether or
not to participate with p;(a, 8) or pf (o, 8, 2)

In the case of p7, F; = |{j|j € I(i,t), m; = 1}/| I(i, )|
Where I(i, t) is the set of i’'s who informed |

Newly informed nodes make participation decisions




Conceptual Framework

lteration at time t:

Informed nodes pass information again, with a
probability based on their participation status

c) For all nodes i € It, each i transmitsto j € N;
with probability
mi1q° + (1 —my)q"

Let I;,, be the set of j's informed via this process
who were not in It, let I(j, t + 1) be the set of i’s
who informed |, and the process repeats




Conceptual Framework

lteration at time t:

Newly informed nodes decide whether to participate




Structural Estimation —— Parameter Updating

Method of simulated moments( MSM)

We are seeking to estimate the following models:

(1) Information Model: (¢", q*, p;(a, B) )

(2) Information Model with Endorsement Effects: (gV, q°, pf (o, 5, 1))

We would exploit a series of moments which could be calculated from survey data

(1) Share of leaders that take up microfinance (to identify B).

(2) Share of households with no neighbors taking up that take up.

(3) Share of households in the neighborhood of a taking leader that take up.

(4) Share of households in the neighborhood of a non-taking leader that take up.

(5) Covariance of the fraction of households taking up with the share of their neighbors that take up
microfinance.

(6) Covariance of the fraction of household taking up with the share of second-degree neighbors that take up
microfinance.



Structural Estimation —— Intuition

Those moments would be compared to the same ones derived from our iteration simulation and
then calculate cost function. Every parameter should be responsible for its cost and be updated.

a) We initialize parameter from its parameter space 0, which is discretized
b) Implement 75 iterations and get the final simulated values of parameters

c) Minimize cost function, which is defined as

R R

) 1 1

6 = argrenel(gl(ﬁz Mgim,r (9) - memp,r)T (Ez msim,r(e) - memp,r)
r=1 r=1

where mg;y, » denotes simulated moments for village r, Mgy, - denotes the empirical ones



Main conclusion review

» Microfinance participation is higher when the injection points have
higher eigenvector centrality

» Participants are more likely to pass information than informed non-
participants

» The endorsement effect is not significant in a person’s participation
decision making



Reduced-form analysis: Do injection points matter?

Initial model:
L ’
yr ZIBO_I_IBl'é:r +Wr5+gr

« where y, is the average village-level microfinance take-up rate;
- &L s a vector of network statistics for the leaders (degree and eigenvector centrality);

« W, is a vector of village level controls

endogenous?



Reduced-form analysis: Do injection points matter?

Model after being modified:

yr — /80 _I_ﬂl °§rL "'182 °§rLM +Wr’5+gr

where vy, is the average village-level microfinance take-up rate;
¢L is a vector of network statistics for the leaders (degree and eigenvector centrality);
W, is a vector of village level controls;

¢LM is a vector representing the centrality of those leaders who became microfinance members



Result

Table 3: Village I eader Characteristics and Take Up

Take-up Rate Take-up Rate Take-up Rate Take-up Rate Take-up Rate Take-up Rate
—t— (2) 3) 4) ) (0)
Eigenvector Centrality of Leaders 1.634* 1.934%* 1.843 1.254%* 1.332%
(0.904) (0.967) (1.101) (0.735) (0.782)
Number of Households -0.000382  -0.000704***  -0.000270 -0.000273 -0.000305 -0.000299
(0.000247) (0.000188) (0.000270) (0.000280) (0.000216) (0.000226)
Degree of Leaders -0.00111 -0.00324 -0.00287
(0.00231) (0.00259) (0.00276)
Fraction of Taking Leaders (0.323%** 0.317%**
(0.101) (0.105)
Eigenvector Centrality of Taking Leaders -0.175 -0.253
(0.428) (0.427)
Savings -0.0568 -0.0523
(0.0940) (0.0854)
Fraction GM -0.0151 -0.00792
(0.0363) (0.0302)
Observations 43 43 43 43 43 43
R-squared 0.293 0.235 0.311 0.319 0.502 0.502

Note: Dependent variable is the microfinance participation rate of non-leader households. We report heteroskedasticity-robust
standard errors. Taking Leaders are those leaders that take up microfinance.



Structural estimation (MSM)

> Information Model: (", ¢, p;(a, B))

> Information Model with Endorsement Effects: (qV, q°, p; (a, 5, 1))

- g" denote the probability that an informed agent who does not herself participate informs others in a
single round

- g% denote the probability that an informed participating agent informs others in a single round

« A is the coefficient in the participation decision equation



Result

Table 6: Structural Estimates

(D (2) (3) (4)
Panel A: Standard Moments
Panel A.1: Information Model q" q q -q
0.095 0.450 -0.36
[0.0118] [0.2043] [0.2054]
Panel A.2: Information Model with Endorsement q" q A q -q"
Eigenvector Weighted 0.050 0.550 -0.20 -0.50
[0.0066] [0.1313] [0.1614] [0.1340]
Degree Weighted 0.050 0.450 -0.15 -0.40
[0.0146] [0.1831] [0.1704] [0.1909]
Uniform Weighted 0.050 0.400 -0.15 -0.35
[0.0108] [0.1459] [0.1489] 0.1510]
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The Extension of the Model



Do network characteristics matter?

Y, =W+ X0 +¢,

» where W, is a vector of village-level network characteristic covariates;

« X, Is a vector of village-level demographic covariates;



Result

Table 5: Network Characteristics and Participation
Take-up Rate  Take-up Rate = Take-up Rate = Take-up Rate  Take-up Rate = Take-up Rate  Take-up Rate

(1) 2) (3) @) B) (6) D
Number of Households -0.00072]*** -0.000278
(0.000185) (0.000737)
Degree -0.00779* -0.0231
(0.00443) (0.0264)
Clustering Coefficient 0.0693 0.348
(0.304) (0.684)
Path Length -0.100 -0.219
(0.0848) (0.364)
First Eigenvalue of Adjacency Matrix -0.00851* 0.00718
(0.00455) (0.0205)
Second Eigenvalue of Stochastized Matrix -0.156 -0.0179
(0.188) (0.304)
Observations 43 43 43 43 43 43
R-squared 0.056 0.001 0.027 0.067 0.021 0.267

Note: Dependent variable is the microfinance participation rate of non-leader households. Network characteristics are village-level averages. Standard errors are

heteroskedasticity-robust.



Reason

Table A-1: Correlation of Network Characteristics

No. of HH Degree  Clustering Eig. Cent. Bet. Cent. Path Length Fraction  First Eig  Second Eig
0 @) B) @) B) (©6) ) 8) ©)
Number of Households 1
Degree (Corrected) 0.0975 1
Clustering (Corrected) -0.116 0.4445 1
Eigenvector Centrality -0.8993  0.1262  0.0509 1
Betweenness Centrality -0.8706  -0.1967  0.1668 0.8016 1
Path Length (Corrected) 04163 -0.8064 -0.2329 -0.617 -0.2104 1
Fraction in Giant Comp. 0.0023  0.7274 0.222 0.2098 0.1583 -0.6063 1
Ist Eigenvalue of Adj. Mat 02813 09123  0.3998 -0.1288 -0.4577 -0.6648 0.4858 1
2nd Eigenvalue of Stoch. Adj. 04656  -0.0081 0.393 -0.5459 -0.2708 0.3971 0.0261 0.0573 1
Spectral Gap -0.3501  0.4107  -0.2821 0.5258 0.0386 -0.714 0.2543 0.3647 -0.688

Note: Correlations at the village level. Network statistics used are described in Appendix A.



Do correlation pattern change over time?

Yt ::Bo +/61°§rl_xt+(vvr Xt)'§—|—0{r T, T &

« where y,; is the share of microfinance take-up in village r in period t;

- &lis the average degree and/or the average eigenvector centrality for the set of leaders;
« W, is avector of village level controls;

* a, are village fixed effects;

* a, are period fixed effects



Result

Table 4: Importance of Leader Characteristics Over Time

Take-Up Rate Take-Up Rate

(1) (2)
Eigenvector Centrality of Leaders 0.406** 0461*
(0.202) (0.233)
Degree of Leaders -0.00176 -0.00179
(0.00145) (0.00137)
Number of Households 3.30e-05 2.57e-05
(5.97¢-05) (6.04e-05)
Savings -0.0176
(0.0308)
Fraction GM 0.00671
(0.00641)
Observations 117 117
R-squared 0.974 0.975

Note: The dependent variable 1s the microfinance take-up rate 1n a
village in a period. Every covariate i1s interacted with survey period.
Regressions include village fixed effects and period fixed effects.
Standard errors are clustered at the village level.
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Robustness Checks



Test the exogenous of eigenvector centrality

» Intuition: villages where leaders are less important or less connected are
also less likely to take up microfinance for other reasons. (for example)

If eigenvector centrality is not correlated with other village characteristics (exogenous)

Eigenvector centrality can influence the final take-up rate



Result

Table 2: Explaining Leader Eigenvector Centrality and Degree

Dependent Variable: Eigenvector Centrality of Leaders

Dependent Variable: Degree of Leaders

() (2) (3) 4 (5) (6) (7) (8)
Age 0.000353  0.000225 -0.000304 20.299 -0.324 20.402
(0.00118)  (0.00124) (0.00148) (0.317) (0.320) (0.371)
Education 0.00126 0.00205 0.00400 0.944 0.988 1.771%
(0.00328)  (0.00299) (0.00386) (0.766) (0.829) (0.990)
Fraction GM -0.0149**  .0.0138* -0.0128 0.978 0.997 0.724
(0.00699)  (0.00717) (0.00943) (2.184) (2.107) (2.437)
Savings 0.0268 0.0215 4.067 1.588
(0.0266) (0.0409) (7.395) (8.785)
SHG Participation 0.0430 0.0414 -2.893 2.116
(0.0428) (0.0418) (9.808) (10.93)
No. Beds 0.00737 0.00718 0.281 1.297
(0.00816)  (0.0108) (1.431) (1.892)
Electricity 0.0176 0.0147 -0.966 2.282
(0.0220) (0.0240) (5.068) (5.763)
Latrine 0.0120 0.0163 3.279 6.382*
(0.0143) (0.0156) (3.685) (3.603)
Observations 43 43 43 43 43 43 43 43
R-squared 0.087 0.113 0.068 0.169 0.099 0.122 0.064 0.266

Note: Sample includes 43 BSS wvillages. Fraction GM refers to the fraction of households that are not SC/ST. Savings 1s a dummy for
whether the household engages in formal savings. SHG Participation is a dummy for whether the household has a member who participates
in a self-help group. Standard errors are heteroskedasticity robust. In this and all subsequent tables, * , **, and *** denote significance at
the 10%, 5%, and 1% levels, respectively.



Re-estimate with an entirely different set of moments

> Intuition: those close to participating leaders may have similar preferences,
for example

» The set of moments:

(1) Share of leaders that take up microfinance (to identify (3).
(2) Covariance of take up and minimum distance to a leader.
(3) Variance of take up among those who are at distance one from a leader.

(4) Variance of take up among those who are at distance two from a leader.

» Some shortcomings



Result

Panel B: Alternative Moments

Panel C: Nested Distance Model

qN qP' qN - qP
0.075 0.650 -0.58

0.0382] [0.1765] [0.1975]
q q’ p q -q°
0.100 0.450 -0.10 -0.35

[0.0269] [0.1893] [0.0456] [0.1921]




Check for network position

> Intuition: people’s need for microfinance could be related to their network
position, and in particular correlated with their distance from leaders

People who are close to each other may simply behave similarly

» Structural Model:

P(participation| X, F,d.) = A(a+ X!+ AF. +d(i, L") p)

- d(i,L?) is the length of the shortest path between i and the nearest leader who participates in
microfinance



Result

Panel B: Alternative Momenis

Panel C: Nested Distance Model

qN qP' qN _ l:IP
0.075 0.650 -0.58
[0.0382] [0.1765] [0.1975]

q q P

0.100
[0.0269]

0.450
[0.1893]

-0.10
[0.0456]

[0.1921]




“Placebo” Test

> Introduction

* The same structural model and same method of MSM
« The only change is that microfinance participation is replaced with roof tiling

» Why roof tiling?

« The share of household that have such a roof is similar to the microfinance take-up rate
» Having a tiled roof could be related to wealth and possibly to neighbors’ behaviors, similar
to microfinance take-up



Result

Table A-4: Structural Estimates of Tiled Rﬁnﬁng Model

q -q"
0.10
0.2219]

Note: We present the results of a placebo test, estimating the diffusion
model in which whether a household has tiled roofing is the outcome

variable of the diffusion process. q" represents the probability that a
household that i1s informed about tiled roofing but has decided not to

participate transmits information to a neighbor in a given period, and q"
represents the probability that a household that is informed and has
decided to participate transmits information to a neighbor in a given
period. The estimation uses the moments described in Section 5.1.
Standard errors are as in Appendix C. We use village-level Bayesian
bootstrap estimates of the model parameters with 1000 draws to produce
the distribution of the parameter estimates.



O

Conclusions




THREE CONCLUSIONS

Like the former analyze, we can draw 3 conclusions:

From our 2 important models

Participants will pass information
with higher likelihood

» But the non-participants are also important

as well

The higher injection point’s participation
rate, the higher village participation rate

* Injection point works, with their eigenvector

centralities

There exists no endorsement effects, but
Information effects does work

* But it has nothing with personal choice of

participation



TWO MODELS

REDUCED-FORM MODEL

* Can not explicitly show the diffusion method, so

introduce individual data and initial injection points

m STRUCTURAL MODEL
A4

» Use shooting method to estimate parameters

+ Tell apart endorsement effect and information effect
» But with endogenous problems of homophily (peer effects)
« ---introduce distance

« Gradually enlarge and complete the model



