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Transfers (gifts) among poor households play a crucial role in 
funding investment, a role amplified by a quasi-formal village fund 
program in 2001, especially for those with preexisting informal 
kinship ties. Moreover, we document financial regime shifts using 
maximum-likelihood estimation. Two exogenously incomplete 
regimes (saving only and lending/borrowing) dominated for the 
relatively poor before the village fund, but costly state verification, a 
less incomplete financial regime, dominates in the subsample of poor 
households connected via kinship to the village fund. The 
structurally-estimated verification cost of these households is also 
significantly lower than those without kinship after 2001, relative to 
before. (JEL: D10, E44, G10, L14, O10) (word count: 5,850)

Social and economic networks play essential roles in economies worldwide.1 One 

specific interest in this context is the connection between the formal financial 

                                                 
*Corresponding author: Robert M. Townsend, MIT, Department of Economics, 50 Memorial Drive, Cambridge, MA, 02142, 
USA; (617) 452 3722; rtownsen@mit.edu. Hong Ru, Nanyang Technological University, 50 Nanyang Avenue, Singapore, 
639798; hongrucn@icloud.com. We thank Arun Chandrasekhar, Dany Jaimovich, Alexander Karaivanov, Costas Meghir, 
Melanie Morten, Krislert Samphantharak, Diego A. Vera Cossio. We also thank seminar participants at University College 
London and University of Warwick. All views expressed are our own, and we are solely responsible for any errors. Townsend 
gratefully acknowledges research support from the University of Thai Chamber of Commerce, the Thailand Research Fund, 
and the Bank of Thailand, the Eunice Kennedy Shriver National Institute of Child Health and Human Development (NICHD) 
(grant number R01 HD027638), and the Centre for Economic Policy Research (CEPR) and the Department for International 
Development (DFID) under grant MRG002_1255. 
1 See, for example, Allen and Gale (2000), Jackson (2010), and Acemoglu et al. (2012) for seminal contributions, and 
extensive literature has followed. 

mailto:rtownsen@mit.edu
mailto:hongrucn@icloud.com


2 
 

system and the role of informal networks, in particular, whether they are substitutes 

or complements.  

Prior studies that suggest substitutes have documented the role of informal 

lending channels when formal financial institutions are ineffective or inaccessible 

(e.g., Hoff and Stiglitz (1990); Bell, Srinivasan and Udry (1997); Banerjee and 

Duflo (2007)). One caveat, though, the introduction of formal institutions can 

shrink networks or alter transactions that might have otherwise been beneficial (e.g., 

Banerjee et al. (2020); Binzel, Field and Pande (2013); Heß, Jaimovich and 

Schundeln (2018)).2 

Other work suggests formal and informal mechanisms can be complements. 

Chandrasekhar, Kinnan and Larreguy (2018) pinpoint the role of enforcement in 

informal networks, while Gine (2011), allowing both variations in enforcement and 

heterogeneity in transaction costs, finds evidence favoring enforcement. The much-

cited work of Peterson and Rajan (1997) notes that larger firms on-lend finance 

acquired from formal sources via trade credit to smaller constrained firms, related 

to the Jain (1999) and Conning (2001, 2005) view of delegated monitoring. 

Karaivanov and Kessler (2018) study borrowers' choices between formal and 

informal credit in a setting with imperfect debt enforcement. 

This paper builds on the idea of complements and provides evidence 

supporting a third view: Formal (or quasi-formal) credit interventions can amplify 

preexisting informal networks. Specifically, we find that the role of preexisting 

informal kinship networks in Thailand was enhanced following the introduction of 

a quasi-formal village fund program in 2001. Transfers (gifts) among poor 

                                                 
2 Banerjee et al. (2020) show that the number of networks links (social, financial, etc.) can diminish after a microfinance 
intervention and that households unlikely to take up a microfinance suffer the greater loss of informal borrowing and risk 
sharing. Binzel, Field and Pande (2013) show that informal risk sharing in networks can diminish, with transactions shifted 
to more toward social links. Heß, Jaimovich and Schundeln (2018) find lower transfers in networks, which they attribute to 
wealth effects a village-level transformation process towards a more formal economy, and elite capture with unequally 
distributed benefits leading to reductions in social capital. Below we focus on kinship as an existing given network, and 
stratify it by observed links to direct recipients of micro credit. The diminution effect kicks in, but only for those not indirectly 
connected via kinship ties. 
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households play a crucial role in funding investment. This transfer mechanism and 

its role in investment were amplified for the poor households after the village fund, 

especially those with kinship ties. Moreover, we document a financial regime shift 

using maximum-likelihood estimation. Two exogenously incomplete regimes 

(saving only and lending/borrowing) dominated in the full sample and for the 

relatively poor before the village fund, but costly state verification (CSV), a less 

incomplete financial regime, dominates in the subsample of poor households 

following the village fund. Further, the regime shift to CSV is evident only for the 

households with kinship networks to village fund borrowers but not for households 

without such connections. The structurally-estimated cost of verification of the 

households with these kinship connections to the village fund is also significantly 

lower than the one without kinship after 2001, relative to before, suggesting the role 

of kinship was enhanced following the formal credit interventions (i.e., 2011 village 

fund program). There is also some evidence that non-kin networks were less 

effective post intervention. The institutional mechanism is the administration of 

village fund loans in the context of village money markets. 

Relatedly, we are using various methods in this paper, from data summaries to 

moments, to key stratifications, to reduced form difference-in-differences results, 

to structural estimation. We view it as a strength of the paper that the interplay in 

results among all these various methods is telling a consistent story.  

More by way of background for this paper, the Thai government launched the 

Million Baht Village Fund in 2001 with the agenda of providing credit to rural 

households, especially low-income households (Kaboski and Townsend 2012). It 

constituted one of the largest government direct credit programs worldwide, with a 

total  USD 1.8 billion initial credit injection covering virtually all villages in 

Thailand. Each village received one million baht (about $23,000) and allocated it 

across villagers regardless of the village population, hence a quasi-natural 
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experiment, as percapita treatment varied.3 Village size is used as an instrument in 

Kaboski and Townsend (2012) reduced from estimation in the corresponding 

structural model. To be stressed, the injection was large, with an average loan size 

of $450, equivalent to 25% of average household income. One might well suspect 

this would put some pressure on existing arrangements.  The interest rate agreed to 

by the village committees was 7% on average, lower than the average 11% rate 

from other banks at the time. Take-up was 100% in the sense that all funds were 

lent in each village. 

The existing literature on the village fund is the backdrop for this paper. 

Kaboski and Townsend (2012) analyze a reduced form difference-in-differences 

specification in annual data pre vs. post village fund interacted with inverse village 

size (number of households). Village funds increased credit and consumption, but 

less so for investment. Kaboski and Townsend (2011) use a structural model to 

evaluate the village fund intervention; this features a permanent income model with 

buffer stocks, limited credit,  and lumpy investment, estimated in baseline annual 

data pre-intervention, then allowing more liberal credit limits in post-intervention, 

replicating many aspects of reduced-form estimates in the post-intervention data. 

There is subsequent support for the structural model chosen; Karaivanov and 

Townsend (2014) show an exogenously incomplete savings-only regime and the 

lending/borrowing regime are tied as best fits the rural data. Subsequent work has 

added heterogeneity. In Banerjee, Breza, Townsend, and Vera (2020), village funds 

are shown not to be allocated based on productivity but nevertheless to increase 

profits and capital for the (estimated) high TFP baseline households who got the 

funds. This was possible not only as a direct result of village fund loans but also as 

an indirect mechanism through short-term non-program credit from other 

                                                 
3 The program was initiated under the populist Prime Minister Thaksin Shinawatra, who was elected in January 2001 and 
funded by the central government. More specifically, the program was carried out by several government agencies such as 
the Community Development Department and Bank for Agriculture and Agricultural Cooperatives. 
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households. In the monthly data, Vera (2019) analyses how village fund committees 

allocated funds to richer, less productive, and elite-connected villagers, though 

again informal markets attenuate the distortions. Sripakdeevong and Townsend 

(2019) examine village money markets more generally but take note of borrowing 

village funds to lend and borrowing informally to repay village fund loans. 

In this paper, we use both the annual and monthly Townsend Thai data. The 

distinction between annual and monthly data should be noted. Though we provide 

more detail in Section 1, there are tradeoffs. The annual data cover 64 villages with 

758 households from 1997 to 2007, with enough variation across villages for the 

village size instrument to discern important impacts. The monthly data cover a 

balanced panel of 16 villages with 616 households from 1999 to 2011, with more 

detailed and better measurement of financial transactions. Indeed, Samphantharak 

and Townsend (2009) have created complete financial accounts (statement of 

income, balance sheet, and cash flow), and so every possible adjustment 

mechanism has a consistently measured counterpart in the data. Also, for the 

monthly survey, there was an initial census for each village to establish kinship 

connections, plus by design, thinking of networks, a larger within-village sample 

relative to the annual data. However, the number of villages in monthly data, 16, is 

too low to do much with the village size instrument.4 

We begin our analyses by using the Townsend Thai annual data to complement 

the existing literature and provide a consistent story with the monthly data on which 

we then focus. Specifically, for the annual data, we use the baseline TFP estimates 

from Banjerjee et al. (2020). We return to the methods of Karaivanov and 

Townsend (2014) but consider a costly state verification regime, CSV, in which 

output is unobserved by lenders except when a cost of verification is paid. When 

that cost is estimated to be high, CSV reduces to borrowing and lending with 

                                                 
4 Kaboski Townsend 2012 shows that average village wages increased with village fund impact, but little else is statistically 
significant. 
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unobserved output, but when that cost is estimated to be low, it's essentially full 

risk sharing with the associated credit funding.   

Specifically, as in Section 2, we utilize the panel data for household-level 

consumption, production, investment, and capital stock to compare four financial 

regimes: two exogenously incomplete regimes (i.e., saving only and 

lending/borrowing) and two relatively more complete ones (e.g., moral hazard with 

unobserved effort and costly state verification. We structurally estimate those 

dynamic models by maximum-likelihood estimation and statistically test them 

against each other, using the Vuong test (Vuong (1989)). The costly state 

verification regime fits best for high TFP households, after the 2001 village funds 

are established, but not before, where the lending/lending regime dominates as in 

earlier work. Furthermore, low TFP households seem to be the lenders in the 

lending-borrowing regime. 

The logic behind the result is that shifting financial/information regimes can 

be costly, as in  Greenwood and Jovanovic (1990), a model taken to data in 

Townsend and Ueda (2006) and Jeong and Townsend (2008). For the more 

complete regimes to emerge, utility gains have to outweigh the fixed costs of 

innovation. Our results are consistent with the view that the relatively large size of 

the village fund intervention, and the need for a better mechanism to allocate these 

funds, triggered a regime change. The Village Fund policy came as a surprise, and 

likewise, the transition comes suddenly.   

Next, we turn to the monthly data, where we gain evidence on the underlying 

mechanisms. Section 3, we use the consistent accounting framework of these data 

and a variance-covariance decomposition to quantify mechanisms used to smooth 

monthly budget deficits, both consumption-income deficits and the more inclusive 

consumption+investment-income deficit, which includes financing capital 

acquisition. Though cash (paper currency) is the largest device filling in the gap, 
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gifts are the second-largest, larger for the more inclusive definition of the deficit, 

including investment financing.  

Using this more inclusive measure of the deficit, we feature in Section 4 the 

time dimension:  the role of gifts increases significantly after the advent of the 

village fund for those with kinship in the village and decreases for those without 

kin. This same increase holds when considering those with a kinship connection to 

village fund borrowers.5 

In Section 5, we compare four financial regimes again, but now using the 

monthly survey data. As in previous work, Karaivanov and Townsend (2014), the 

lending/borrowing regime dominates other regimes in the full sample over all 

households and all-time intervals from 1999 to 2011. But again, there is a change 

after the million-baht fund program in 2001. When we restrict the sample to the 

bottom 25% relatively poor households according to initial wealth in 1999 and 

stratify the sample into pre- and post-village fund periods, we find that while 

savings-only and lending/borrowing regimes are tied and dominate the other 

regimes for 1999-2001 period, for the bottom 25% of poor households, the CSV 

model dominates after, from 2002-2011.6 Likewise, the regime shift to CSV is 

apparent for those with kin connections to village fund borrowers (with relatively 

high likelihoods). For those in the village with no kin, the regime seems to 

deteriorate from MH to a tie between savings, lending-borrowing (though the levels 

of likelihoods are low for all regimes for this group).  

                                                 
5 One caveat on this, however, the paper is focused on enhanced informal networks. Obviously, these networks come in all 
sorts of shapes and sizes in terms of selection and functionality, and endogeneity is a concern, as with the terms of the 
borrowing and lending contracts just mentioned. To deal with this, we feature the kinship variable,  the number of households 
in a village to which a given household is related, as a more exogenous measure of access to informal networks.  This is in 
the spirit of an instrument.  Indeed, we have looked at those engaged in gifts and loans with village fund borrowers regardless 
of kinship, but results are weaker for the variance-covariance analysis and for the test of financial information regimes. In 
this sense, the kinship stratification seems to help. 
6 In contrast, there is no detectable shift for the top 25% wealthy households; simple lending/borrowing always fits the best 
for that group over time. Those richer households, who are active financial market participants,  lend more or less as their 
output varies. However, the implementation after the village fund would be different. Before 2001, they were engaged in 
simpler lending transactions. After 2001 they are likely on the other side of CSV borrowing, pooling savings as if into a 
mutual fund, though mechanically this happens through lending chains, as in Sripakdeevong and Townsend (2019). Richer 
households borrow some of the time but are evidently less engaged in more sophisticated state verification when they borrow. 
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Risk-sharing plays an essential role for these poor households, as is already 

evident in the discussion of gifts and smoothing, though subject to obstacles. In the 

structural costly state verification model, the cost of verifying otherwise 

unobserved income/output is a key variable, an obstacle to risk-sharing and placing 

funds. However, in extreme cases, when verification is free (i.e., zero verification 

cost), it is always optimal to audit agents, whether done by a "principal" or 

community as a whole. In this case, the CSV financial information regime is 

essentially the full information full risk-sharing investment model with fully 

observed income (if there are no other obstacles in smoothing consumption and 

financing investment.) On the other extreme, when the verification cost is 

exceptionally high, the community would virtually never audit agents and can never 

verify or know the true production from the agent in that way. This is a hidden 

output financial regime. We thus study the extent of risk-sharing and financing 

among households by estimating the key verification cost for various subsamples 

and over different time intervals.7 

The story of the enhancement of the informal network is indeed echoed through 

the CSV model and that key verification cost parameter in Section 6.  The analysis 

shows that having kin in the village is associated with significantly lower 

verification costs after 2001 relative to the period before the village fund arrived. 

Specifically, the verification cost is an estimated parameter, a point estimate with 

standard error for each of the various stratifications, namely, households with and 

without kin to village fund borrowers, for 1999-2001 and 2002-2011. We test for a 

statistically significant difference in differences, kin versus non-kin to village fund 

                                                 
7 Many studies have shown that risk-sharing is key to economic development (e.g., Rosenzweig (1988); Townsend (1994; 
1995); Udry (1994); Morduch (1995); Jack and Suri (2014)), and that social and financial networks can serve as tools to 
enhance risk-sharing (e.g., Jackson, Barraquer and Tan (2012); Kinnan and Townsend (2012); Ambrus, Gao and Milán 
(2017); Ambrus and Elliott (2018); Chandrasekhar, Townsend and Xandri (2019); Meghir et al. (2019)). Our findings for 
verification costs complement these studies by documenting the fundamental role of informal networks in facilitating 
resource allocation.  
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borrowers before and after. The kinship network is activated after the village fund 

in the sense of displaying relatively lower verification costs.  

Finally, we report from Sripakdeevong and Townsend (2019)  more on the 

actual institutional mechanism in Section 7. Borrowing in order to lend, an example 

of which is borrowing from village funds in order to lend, comes with risk sharing. 

Both late repayment and, more notably, early repayment propagate along the credit 

chain. Likewise, borrowing from one source to pay off another, an example of 

which is a village fund borrower with a loan due, then borrowing informally as in 

a bridge loan, is prevalent in the monthly data. The interest rate is particularly high 

on bridge loans granted by non-kin relative to kin. 

1. Annual and Monthly Data Description 

We use two datasets from the Townsend Thai survey. The first dataset is the 

annual survey in Townsend Thai data from 1997 to 2007. It covers 960 households 

in 64 rural and semi-urban villages across the same four provinces of Thailand. 

This allows us to explore the variation across villages with different sizes., the key 

variable used as an instrument in previous work, viewing the village fund as a  

quasi-experimental intervention.  Production q is cash flow from production, 

revenue less expenses. The depreciation rate on capital k is 5%, and we calculate 

the investment as k′ − 0.95 × k. We adjust for inflation for all variables.8 

Most of our analyses are based on the second data set,  the monthly survey 

data from 1998 to 2011 in 16 villages from 4 provinces in rural Thailand. We 

aggregate monthly data across months to deliver annual data, as in Karaivanov and 

Townsend (2014). Since the data start in August 1998, we use 1999 as our first 

year. We use the balanced panel with 616 households, which records the variables 

in granular household financial accounts. Key variables are consumption, capital, 

production, and investments. Since our focus is on costly state verification, we 

                                                 
8 We obtain the inflation data from the Bureau of Trade and Economic Indices, Ministry of Commerce in Thailand. 
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select households with farm and non-farm businesses, as they are the ones 

investing in real capital, as in the CSV model. We define the capital as agriculture 

and business assets and exclude the households with zero capital in these activities. 

We end up with a total of 532 households. We also observe the kinship connections 

for each household; we identify who is related to whom and build the informal 

kinship networks.9 Specifically, we count the number of kin based on whether the 

households' parents, siblings, adult children, and parents' siblings live in other 

households but in the same village. For the full sample, the number of kin ranges 

from 0 to 16. As a percentage, 18.49% of the households have no kin, while the 

average number of kinship connections is 2.7. For the bottom 25% strata of 

households, kinship connections range from 0 to 10. 

2. Structural Estimation for Financial Regimes in the annual data and 
relation to previous work 

To begin our analyses, we employ structural estimation to study the financial 

information regimes. In particular, we compare the four financial regimes: savings 

only (autarky), lending/borrowing, moral hazard, and costly state verification, CSV 

by fitting each regime to the annual data of the households in the Townsend Thai 

survey, then testing to see if the differences are statistically significant. 

We follow the methods of Karaivanov and Townsend (2014).  Specifically,  

we conduct the MLE and Vuong test on Townsend Thai annual survey of 

households in 64 villages from 1997 to 2007. We report on the details of the CSV 

regime, e.g., Townsend (1978), Gale and Hellwig (1984), Bernanke and Gertler 

(1989), and much subsequent literature, in Appendix 1 in the Online Appendix. 

We also report in Appendix 1 the empirical methods of Karaivanov and Townsend 

(2014), Townsend (1988), Phelan and Townsend (1991), and Karaivanov, Saurina 

and Townsend (2019). 

                                                 
9 We employ the same method to build the kinship network, as in Kinnan and Townsend (2012) and Samphantharak and 
Townsend (2018).  
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We calculate the TFP for each household in 1997 as the productivity measure 

following (Banerjee et al. (2019)). We use the median of the TFP to divide the 

sample into high versus low TFP households. Those high TFP households have 

more investment opportunities and are arguably more constrained, so increased 

credit from the village fund program, however acquired, should impact them more 

relative to low TFP households.  

In Table 1, we compare the four financial regimes before and after the 2001 

village fund program, respectively. In Panel A, the lending/borrowing regime 

dominates others from 1997 to 2001, pre village fund. In contrast, Panel B shows 

a regime switch from 2002 to 2007, as now the CSV regime dominates others for 

this post-village fund period.  This is the innovation relative to previous work. 

However, this is consistent with  Banerjee et al. (2019), which finds that the village 

fund program leads to increased profits and capital for the high TFP households, 

while these positive effects are muted for the households with low TFP. We do not 

find a statistically significant regime shift for lower TFP households, as shown in 

Table A1 in the Online Appendix. 

[Place Table 1 about here] 

3. The Role of Gifts for Financing Investment in the Monthly data, A 
Variance-Covariance Decomposition 

Next, we turn to the more detailed data from Townsend Thai monthly survey, 

where we can focus on mechanisms. We first look at the role of gifts and other 

smoothing mechanisms, how the deficit created by the gap between household 

consumption-plus-investment less production income is financed. We use a 

variance-covariance decomposition following Asdrubali, Sorensen and 

Yosha (1996), but we define the households' deficit in two ways: 1) the deficit is 

equal to consumption plus investment minus the net production profits (i.e., 

D=C+I-Q); 2) the deficit is equal to consumption minus the net production profits 

only (i.e., D=C-Q). There are several ways for households to finance these deficits; 
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their deposit, lending and borrowing, gifts, and cash.  Given the construction of the 

monthly data and the financial accounts, as noted, D will equal the sum of all these 

financing sources: D = 𝐹𝐹1 + 𝐹𝐹2 + ⋯+ 𝐹𝐹𝑛𝑛 . In the variance-covariance 

decomposition, we have: 

1 =
𝑐𝑐𝑐𝑐𝑐𝑐(𝐷𝐷,𝐹𝐹1)
𝑐𝑐𝑣𝑣𝑣𝑣(𝐷𝐷) + ⋯+

𝑐𝑐𝑐𝑐𝑐𝑐(𝐷𝐷,𝐹𝐹𝑛𝑛)
𝑐𝑐𝑣𝑣𝑣𝑣(𝐷𝐷)  

Each of these objects can be found by running OLS regressions of the 

smoothing mechanism onto the deficit, one mechanism as one household regression 

at a time. Thus, for each financing source F, we calculate its contribution to the 

total variance in D as  cov (D, F)/var(D)  for a given household. We sort the 

households based on their net wealth in 1999 and select the poorest 25% of them. 

Table 2 shows the results for the first, second, and third quartiles.  

We find that gifts and the use of cash are the two most essential tools to finance 

these households' deficits. For example, in panel A of Table 2, in column (2), the 

median of cov(D, F)/var(D) for gifts is 4.60%. Borrowing appears but is lower 

than might have been anticipated. Lending as a category is even smaller though this 

may be understated in the actual data. However, note that the analysis includes 

negative deficits, i.e., a relatively rich household runs a surplus and smooths this 

by giving out gifts.10  

Equally striking, the role of gifts is enhanced when financing the more 

inclusive deficit with investment, in columns (1) to (3),  relative to the 

consumption-income only, in columns (4) to (6), pointwise at all quartiles, both 

before the village fund in panel A and also after the village fund B. 

Next, we perform a difference-in-differences (DID) calculation to compare the 

role of gifts for investments before and after the village fund. In column (2) of Panel 

                                                 
10 Table A2 in the Appendix repeats the variance-covariance decomposition for the whole sample period (i.e., 1999 to 2011) 
for the richest 25% and poorest 25% households, respectively. Gifts still play an essential role in households' finance. 
Moreover, gifts are particularly crucial for relatively poor households, especially for funding investment. 
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B, the cov(D, F)/var(D) for gifts is 16.64%, after the village fund, much larger 

than the 4.60% in column 2 for Panel A, consistent with the role of gifts in financing 

household deficit and investment is enhanced following the village fund. The 

difference between pre- and post-village fund periods in the cov(D, F)/var(D) for 

gifts is approximately 5.46 percentage points at the 1% significance level (i.e., 6.88-

1.42).  

[Place Table 2 about here] 

4. VCOV analysis of Informal Ties and Kinship 

We stratify the sample into the households with kinship. Specifically, we use 

the kinship network data in the Townsend Thai monthly survey to stratify the panel 

into two subsamples: households related to other households in the village by 

kinship and those without.  

We use the deficit with investments. Table 3 shows the results. Columns (1) to 

(3) are for the households with kinship connections, and columns (4) to (6) are for 

the households without kinship connections. Panel A is for the pre-village fund 

period. In column (2), the median cov(D, F)/var(D) for gifts is 4.06% for the 

households with kinship connections, while in column (5), the median 

cov(D, F)/var(D)  for gifts is 20.05% for the households without kinship 

connections, though the difference is not statistically significant, z-stat is .9606. In 

contrast, Panel B is for the post-village fund period, the median cov(D, F)/var(D) 

for gifts is 18.13% for the households with kinship connections, while it is  6.38% 

for the households without kinship connections. This difference is 11.75 percentage 

points, which is statistically significant at the 10% level (i.e., z-stats is 2.94). Finally, 

the key result: we calculate the DID of the cov(D, F)/var(D) for gifts between the 

households with kinship vs. without kinships and before and after the village fund 

in 2001. The number is 27.74 percentage points at the 5% significance level. In this 
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sense, kinship facilitates gift exchange among households in facilitating investment 

projects after the village fund intervention.11 

[Place Table 3 about here] 

5. A Structural Interpretation via Regime Comparisons in these Monthly 

Data 

We first perform the MLE and Vuong tests for the four financial regimes based 

on the entire household sample from 1999 to 2011 and find results consistent with 

previous reports in the literature.12 Next, we stratify the sample into poor and rich 

households again based on their initial wealth in the distribution in 1999.13 For the 

relatively poor household we see a regime shift, on which we elaborate below. For 

the relatively richer households, we do not.14  

We compare the four financial regimes for the households with kinship to the 

village fund borrowers and find that the CSV regime only kicks in for the 

households with kinship connections to the village fund borrowers following the 

program, but not for the households without such connections. Table 4 Panel A 

shows the results. The lending and borrowing regime dominates others during the 

pre-village fund period (i.e., 1999 to 2001), while the CSV regime dominates in the 

post-village fund period (i.e., 2002 to 2011). This regime shift is consistent with 

                                                 
11 In Table A3 in the Online Appendix, we further stratify the sample to households with kinship connections to village fund 
borrowers and households without such connections. It shows a similar pattern as in Table 3, i.e., the role of gifts increased 
for households with kinship connections to village fund borrowers after 2001, compared with households without such 
connections.  
12 To verify the linear programming model, we simulate the data with the pre-determined true parameters of the CSV model. 
Then, we use the simulated data to fit four regimes and estimate the parameters in each regime. Table A6 in Appendix shows 
that our algorithm is able to pick the true financial regime (i.e., CSV), and the estimated parameters are close to the true 
parameters. Table A7 in the Appendix shows that, for all households in our data, the lending/borrowing regime statistically 
dominates the other regimes.  Although these regime findings are similar to that of Karaivanov and Townsend (2014), which 
use the same monthly survey from 1999 to 2005, the estimation results are different since we use a longer period here, i.e., 
from 1999 to 2011.    
13 To make the results comparable among subsamples, we use the same set of grids in MLE. For example, for 16 village data, 
we have 𝐾𝐾 = {0, 0.013, 0.052, 0.183, 1} and 𝑄𝑄 = {0.041, 0.588, 1.233, 2.516, 6.728}. 
14 Furthermore, we repeat the analyses but on the subsample of the 25% richest households. In Table A5 in the Online 
Appendix, we find that wealthier households best fit the lending/borrowing regimes. Specifically, the lending/borrowing 
regime dominates others in both the pre- and post-village fund periods. However, this does not mean they are not involved. 
The richer households are active financial market participants, lending more or less as their output varies. They seem to be 
on the other side of CSV borrowing. One can think of them as pooling savings as in a mutual fund. Richer households borrow 
at times but are evidently less engaged in more sophisticated state verification when they borrow. 
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what we find in the sample of 25% bottom households.15 In Panel B, we restrict our 

sample to the households without kinship connections to the village fund borrowers. 

In contrast to Panel A, the Moral hazard regime dominates others during the pre-

village fund period (i.e., 1999 to 2001), while the lending-borrowing and savings-

only regimes dominate in the post-village fund period (i.e., 2002 to 2011). In this 

sense, the village fund intervention seems to have damaged what had been there 

previously for non-kin. 

[Place Table 4 about here] 

6. Verification Costs for Kin Through Lens of the Structural Model 

Testing of financial information regimes comes with parameter estimates. We 

take advantage and focus on the verification cost for households with and without 

kinship connection to the village fund borrowers.   In particular, we randomly select 

the data for consumption, investment, production, and capital repeatedly with 

replacement; and estimate the κ in the CSV structural model with standard errors 

for each group. 

Table 5 shows the results. Panel A is for the pre-village fund period, and Panel 

B is for the post-village fund period. Panel A displays what might be taken as a 

surprise, though it is consistent with the loss of a better financial regime for non-

kin. From 1999 to 2001, the verification cost is significantly higher for the 

households connected via kin to the village fund borrowers (i.e., κ=0.165) than for 

the households without such connections (i.e., κ=0.011). The difference in κ is -

0.154, which is statistically significant at the 1% level (though this must be taken 

with a grain of salt as CVS is not the most dominant regime for the pre-village fund 

period). In contrast, Panel B shows that from 2002 to 2011, the verification cost 

                                                 
15 Table A4 in the Online Appendix shows the results for the bottom 25% of households. Panel A shows that for the pre-
village fund period (i.e., 1999 to 2001), the savings-only and lending/borrowing regimes are tied and dominate the other 
remaining regimes.  Panel B is for the post-village fund period (i.e., 2002 to 2011) and shows a regime shift. Specifically, 
the CSV regime dominates the other regimes 
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parameter is significantly lower for the households connected to the village fund 

borrowers (i.e., κ=0.073) than those without such connections (i.e., κ=0.733. The 

difference in κ is 0.660, which is statistically significant at the 1% level. The mean 

DID of κ between the households with and without kinship connections to the 

village fund borrowers before and after the village fund is 0.814, which is 

statistically significant at the 1% level. 16 These comparisons of κ suggest that the 

2001 village fund enhanced or even activated the role of informal kinship networks 

among households.17 The increased verification costs for the households without 

kinship connections to village fund borrowers can also explain the reduced role of 

gifts in financing the deficits of the households without kinship connections. 

 

[Place Table 5 about here] 

7. A Look At The Actual Mechanism 

From Sripakdeevong and Townsend (2019), we can report on the actual 

institutional mechanism and garner some further evidence on the role of kinship 

connections. Borrowing in order to lend comes with risk sharing. Both late 

repayment and, more notably, early repayment propagate along the credit chain (as 

shown in Table A.5 in Sripakdeevong and Townsend (2019)). A key example of 

this is borrowing from village fund in order to lend. Likewise, borrowing from one 

source to pay off another, that is,  borrowing informally as in a bridge loan, is 

prevalent in the monthly data (see Table 3 in Sripakdeevong and Townsend (2019)). 

A key example of this is when a village fund borrower has a loan due. That person 

borrows informally as the bridge loan, retains good standing by paying off the 

village fund loan due, can be reported to the government by the village committee 

                                                 
16 In our numerical analysis, we normalize the data by the 90th quantile of households' capital levels. The verification cost of 
0.814 is economically significant, which equals 81.4% of the 90th quantile of households' capital level. We also show that 
the connected households are more likely to get more funds for investments. 
17 One caveat in all of this is the CSV regime is not the best fitting regime statistically before the village funds come in. 
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as low arrears, and then qualifies for another village fund loan.  A look at the 

histogram interest rates reveals a spike of many informal loans as zero interest, 

almost as a gift, if borrower and lender are family related. Likewise, the interest 

rate is particularly high on bridge loans granted by non-kin relative to kin (as shown 

in Table A.5 in Sripakdeevong and Townsend (2019)). This rolling over of loans at 

low interest with kin is consistent with the other evidence of this paper that the 

relatively large village fund intervention enhanced the use of this mechanism for 

kinship networks. 

 

8. Summary and  Policy Conclusions 

In this paper, we document novel and essential interactions between informal 

networks and formal credit programs regarding household finance and investment. 

We find that poor households in rural Thailand switched from a lending/borrowing 

information financial regime to a costly state verification regime following a 

massive government credit program (i.e., 2001 village fund). We find evidence of 

credit flows among household kinship networks in the form of gifts exchange,  

financing the poor households’ investments, especially after the 2001 village fund. 

Moreover, the verification costs parameter in the CSV regime is significantly lower 

for the households connected to the kinship network than for unconnected 

households following the village fund program. The role of the informal network 

was enhanced following the formal village fund program.  

The reinforcement between formal and informal lending channels in rural 

Thailand has significant economic impacts. It helps the poor households to take 

advantage of investment opportunities, channeling the fund from the village fund 

borrowers to more productive poor households. Arguably, this fueled the growth of 

poor households' wealth and reduced inequality.  

One caveat is that the benefits of the village fund intervention are accruing to 

those with kinship connections. Further, the village fund intervention may have 
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actually come with a deterioration in welfare among those without kinship 

connections.  The inference is that something more is needed in order for credit 

programs to benefit those without kin. Digital technologies that facilitate access 

and allow the collection and use of transactions histories are one such innovation.  

Smart contracts with commitments that allow the capitalization of a family 

member’s salary, to be used as collateral, for example,  is another. Contracts 

without trust will be crucial in achieving more uniform benefits and limiting 

damage. 
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Table 1: Financial Regime Shift for High TFP Households (Annual Data) 

Panel A: 1997 to 2001 
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH 0.420 0.016 1.046 0.861 0.038  0.005% 

S 0.415 0.000 2.000 0.064 0.000  0.005% 

LB* 0.430 0.000 1.042 0.020 0.019  0.006% 

CSV 0.461 0.003 0.140 0.981 0.008 0.010 0.006% 

Panel B: 2002 to 2007 
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH 0.631 0.008 0.525 0.833 0.037  0.003% 

S 0.578 0.204 0.100 0.292 0.001  0.002% 

LB 0.567 0.000 0.770 0.064 0.002  0.002% 

CSV* 0.636 0.000 0.236 0.800 0.000 0.010 0.003% 

Notes: This table shows the maximum-likelihood estimations (MLE) of four financial 
regimes: a dynamic state verification regime with capital and risk aversion (CSV) , moral 
hazard regime with unobserved effort (MH), and exogenously incomplete regimes: saving 
only (S) and lending/borrowing (LB). We use the data on households’ consumption, 
production, investment, and capital from Townsend Thai annual data from 1997 to 2007. 
We restrict the sample to the households with initial TFP in 1997 above the median. For 
MH, S, and LB regimes, we estimate five parameters (e.g., 𝛾𝛾𝑚𝑚𝑚𝑚, σ, θ, 𝜇𝜇𝜔𝜔, and 𝛾𝛾𝜔𝜔). For CSV 
regime, we estimate an additional parameter κ that measures the verification cost. Panel A 
is for the pre-village fund period from 1997 to 2001. Panel B is for the post-village fund 
period from 2002 to 2007. 
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Table 2: Variance Covariance Decomposition Analysis (Before and After the 2001 Village Fund) 

Panel A: 1999 to 2001 
  D=C+I-Q     D=C-Q 
 (1) (2) (3)   (4) (5) (6) 
  1st 2nd 3rd     1st 2nd 3rd 
deposit -0.082 0.000 0.346   deposit -0.224 0.000 0.119 
ROSCA  0.000 0.000 0.000   ROSCA  0.000 0.000 0.000 
lending  0.000 0.000 0.000   lending  0.000 0.000 0.000 
borrowing   -0.018 1.498 12.545   borrowing   -1.692 0.887 7.663 
Gift 0.077 4.599 43.411   Gift -0.851 3.180 22.888 
Cash 42.161 78.864 97.446   Cash 47.695 75.681 98.414 
Median Diff 1.419             
Z-stats 0.468 P-Value 0.494         
Panel B: 2002 to 2011 
  D=C+I-Q     D=C-Q 
  1st 2nd 3rd     1st 2nd 3rd 
deposit -0.065 0.048 2.043  deposit -0.229 0.014 0.910 
ROSCA  0.000 0.000 0.000  ROSCA 0.000 0.000 0.000 
lending  0.000 0.000 0.000  lending 0.000 0.000 0.000 
borrowing   -0.083 0.569 4.927  borrowing -0.482 0.033 3.624 
Gift 3.451 16.640 41.659  Gift 1.476 9.764 32.683 
Cash 39.514 70.351 91.803  Cash 34.485 68.081 91.894 

Median Diff 6.876   
     

Z-stats 3.325 P-Value 0.068      
DID: Median Diff ( Investment- w/o Investment) 02-11 - Median Diff ( Investment- w/o Investment) 
99-01 

Median DID 5.457               

Z-stats 7.481 P-Value 0.006           

Notes: This table shows the variance-covariance decomposition on households' deficits using the Townsend 
Thai monthly data in 16 villages from 1999 to 2011. We restrict the sample to the poor households, with 
initial wealth in 1999 below the 25% quantile. Panel A is for the pre-village fund period from 1999 to 2001, 
and Panel B is for the post-village fund period from 2002 to 2011. In columns (1) to (3), the deficit is 
defined as the consumption plus investment minus the production (i.e., D=C+I-Q). In columns (4) to (6), 
the deficit is defined as the consumption minus the production (i.e., D=C-Q). The variation of deficit is 
decomposed by deposit, ROSCA, lending, borrowing, gift, and cash. Columns (1) and (4) report the value 
of the 25% quantile, columns (2) and (5) report the value of the median, and columns (3) and (6) report the 
value of the 75% quantile. We report the median differences of gifts between columns (2) and (5) in Panel 
A and B, respectively. We also report the difference-in-differences of the median of gifts between Panel A 
and B (post-village fund vs. pre-village fund), with the z-stats and P-value for this DID. 
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Table 3: Variance Covariance Decomposition Analysis (Kinship) 

Panel A: 1999 to 2001 
  KIN     No KIN 
 (1) (2) (3)   (4) (5) (6) 
  1st 2nd 3rd     1st 2nd 3rd 
deposit -0.083 0.000 0.346   deposit -0.082 0.000 1.305 
ROSCA  0.000 0.000 0.000   ROSCA  0.000 0.000 0.000 
lending  0.000 0.000 0.000   lending  0.000 0.000 0.000 
borrowing   -0.038 1.971 14.622   borrowing   0.000 0.000 3.368 
Gift 0.056 4.062 43.269   Gift 0.787 20.054 51.182 
Cash 36.095 78.833 97.446   Cash 46.214 79.044 98.444 
Median Diff -15.992             
Z-stats 0.961 P-Value 0.327           
Panel B: 2002 to 2011 
  KIN     No KIN 
  1st 2nd 3rd     1st 2nd 3rd 
deposit -0.056 0.065 2.043   deposit -0.584 -0.001 5.862 
ROSCA  0.000 0.000 0.000   ROSCA  0.000 0.000 0.000 
lending  0.000 0.000 0.003   lending  0.000 0.000 0.000 
borrowing   -0.130 0.595 5.577   borrowing   -0.016 0.081 2.944 
Gift 3.998 18.134 46.266   Gift 0.696 6.381 28.664 
Cash 34.275 69.535 90.475   Cash 46.309 89.846 98.040 
Median Diff 11.753          

Z-stats 2.942 P-Value 0.086           

DID: Median Diff (Kin-non-Kin) in 02-11 - Median Diff (Kin-non-Kin) in 99-01  

Median DID 27.745               

Z-stats 2.120 P-Value 0.035           

Notes: This table shows the variance-covariance decomposition on households' deficits using the Townsend 
Thai monthly data in 16 villages from 1999 to 2011. The sample is restricted to the poor households, with 
initial wealth in 1999 below the 25% quantile. Panel A is for the pre-village fund period from 1999 to 2001, 
and Panel B is for the post-village fund period from 2002 to 2011. The deficit is defined as the consumption 
plus investment minus the production (i.e., D=C+I-Q). In columns (1) to (3), we restrict to the households 
with kinship, and  In columns (4) to (6), we restrict to the households without kinship. The variation of 
deficit is decomposed by deposit, ROSCA, lending, borrowing, gift, and cash. Columns (1) and (4) report 
the value of the 25% quantile, columns (2) and (5) report the value of the median, and columns (3) and (6) 
report the value of the 75% quantile. We also report the difference-in-differences of the median of gifts 
between Panel A and B (post-village fund vs. pre-village fund), with the z-stats and P-value for this DID.
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Table 4: Financial Regime Shift for Households (Kinship to Village Fund Borrowers) 

Panel A: with Kinship to Village Fund Borrowers  
1999 to 2001 

  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH 0.200 0.256 4.897 0.606 0.010   0.174% 
S 0.130 1.567 1.906 0.000 0.469   0.186% 
LB* 0.140 1.343 0.169 0.323 0.056   0.217% 
CSV 0.205 0.094 0.163 0.200 0.011 0.165 0.176% 

2002 to 2011 
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH 0.222 0.358 1.016 0.607 0.010   0.150% 
S 0.125 1.621 1.937 0.269 1.000   0.235% 
LB 0.126 1.084 2.159 0.003 0.967   0.226% 
CSV* 0.122 0.060 0.149 0.186 0.155 0.073 0.240% 

Panel B: without Kinship to Village Fund Borrowers  

1999 to 2001 
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH* 0.201 0.025 0.110 0.897 0.149   0.028% 
S 0.275 0.000 1.538 0.200 0.001   0.023% 
LB 0.272 0.000 0.161 0.200 0.000   0.023% 
CSV 0.274 0.003 0.221 0.821 0.007 0.011 0.023% 

2002 to 2011 
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH 0.278 0.010 1.101 0.534 0.010   0.076% 
S* 0.227 0.730 0.161 0.200 0.000   0.091% 
LB* 0.227 0.730 0.161 0.200 0.000   0.091% 
CSV 0.246 0.009 0.209 0.044 0.100 0.733 0.054% 

Notes: This table shows the maximum-likelihood estimations (MLE) of four financial regimes: a dynamic 
state verification regime with capital and risk aversion (CSV), moral hazard regime with unobserved effort 
(MH), and exogenously incomplete regimes: saving only (S) and lending/borrowing (LB). We use the data 
on households' consumption, production, investment, and capital from Townsend Thai monthly data from 
1999 to 2011. We restrict the sample to the poor households, with initial wealth in 1999 below the 25% 
quantile. In Panel A, we further restrict the sample to the households with kinship connections to the village 
fund borrowers. In Panel B, we restrict the sample to the households without kinship connections to the 
village fund borrowers. For MH, S, and LB regimes, we estimate five parameters (e.g., γme, σ, θ, μω, and 
γω). For the CSV regime, we estimate an additional parameter κ that measures the verification cost. We 
employ the Voung test to statistically compare the four regimes, and * denotes the regimes that statistically 
fit the best in MLE (i.e., dominate regime). 
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Table 5: Informal Kinship Networks to Village Fund Borrowers  and Verification Costs 

Panel A: 1999 to 2001 
  κ 𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 Likelihood 
HH with No Kin to Village Fund Borrowers 0.011 0.274 0.003 0.221 0.821 0.007 0.023% 
SE 0.000 0.001 0.000 0.004 0.012 0.001   
HH with Kin to Village Fund Borrowers 0.165 0.205 0.094 0.163 0.200 0.011 0.176% 
SE 0.001 0.000 0.000 0.000 0.003 0.002  
Κ (HH with no Kin - HH with Kin) Diff SE       T-stats    
  -0.154 0.000 -415.586     
Panel B: 2002 to 2011  
  κ 𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 Likelihood 
HH with No Kin to Village Fund Borrowers 0.733 0.246 0.009 0.209 0.044 0.100 0.054% 
SE 0.002 0.004 0.000 0.000 0.022 0.043   
HH with Kin to Village Fund Borrowers 0.073 0.122 0.060 0.149 0.186 0.155 0.240% 
SE 0.000 0.000 0.000 0.000 0.005 0.008  

Κ (HH with no Kin - HH with Kin) Diff SE       T-stats       
  0.660 0.000 2486.704         
DID: Mean Diff (HH with no Kin - HH with Kin) in 02-11 - Mean Diff (HH with no Kin - HH with Kin) in 99-01  

Mean DID 0.814             

T-stats 1795.280 
P-
Value 0.000         

Notes: This table shows the comparisons of verification costs (i.e., κ) in the CSV model between the households with 
kinship connections to the village borrowers vs. the households without such connections. We use the data on households’ 
consumption, production, investment, and capital from Townsend Thai monthly data from 1999 to 2011. We restrict the 
sample to the households with initial wealth in 1999 below the 25% quantile. Panel A is for the pre-village fund period 
from 1999 to 2001. Panel B is for the post-village fund period from 2002 to 2011. To calculate the standard errors of 
estimated parameters in the CSV model, we employ the bootstraps by randomly selecting the data for consumption, 
investment, production, and capitals repeatedly and estimate the κ, γme, σ, θ, μω, and γωfor each draw. We report the t-
test of κ between the households with kinship connections to the village fund borrowers vs. the households without such 
connections in Panel A and B, respectively. We also report the difference-in-differences of κ between Panel A and B 
(post-village fund vs. pre-village fund), with the t-stats and P-value for this DID. 
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Appendix 1: Structural Models 
 
 
We employ the same models for the savings only, lending/borrowing, and moral hazard regimes 

as in Karaivanov and Townsend (2014).19 The dynamic model of costly state verification, which 

we focus on here, is an extension of the Karaivanov and Townsend (2014) hidden output regime 

(HO); the principal cannot observe the production outcome of agents unless a costly audit occurs, 

as in Townsend (1994).  A risk-neutral principal as a stand-in for the community as a whole 

maximizes its value function V at each period given a previously promised utility ω for the agent 

and the agent's preexisting capital by transferring τ as a function of output in the current period 

and promising utility for the next period. We define an agent’s consumption 𝐶𝐶 = 𝑞𝑞 + 𝜏𝜏 +

(1 − 𝛿𝛿)𝑘𝑘 − 𝑘𝑘′, where q is the output from the agent, τ is the transfer from the principal to the agent 

(which can be negative), k is current capital, k’ is capital next period,  and δ is the rate of 

depreciation. The utility function of the agent is the CES form: 

U(c, z) =
𝑐𝑐1−𝜎𝜎

1 − 𝜎𝜎
− 𝑧𝑧𝜃𝜃 

Parameter 𝜎𝜎 is risk aversion, and parameters 𝜃𝜃 is the curvature in the disutility of effort. The 

variable z is the agent's effort, which enters the agent's production function and as disutility into 

the agent's preferences. 

A truth-telling constraint, derived via the revelation principle as in Townsend (1988), ensures 

it is always optimal for an agent to tell the truth about realizations of its initial output q. 

Furthermore, under CSV, if the agent were to lie about the production and get caught under an 

audit, the penalty is a zero current period consumption and staying at the autarky regime forever. 

                                                 
19 The programming problems used in our study are as written in Karaivanov and Townsend (2014), pages 894-900. 
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This makes the right-hand side of the truth-telling constraint, under a deviation, particularly harsh 

and helps facilitate truth-telling. 

In summary, the state variable and the contemporary state vector for the agent is k and ω. The 

choice variable vector for the principal is τ, q, z, k′, ω′, d, where ′ denotes next period and d=0 

under no auditing, and d=1 under auditing.  Audits can be random, to economize on costs. We also 

assume that the agent pays the verification costs in the equilibrium. We employ the linear 

programming approach that is introduced by Prescott and Townsend (1984) and Phelan and 

Townsend (1991) to maximize the value function of the principal. In particular, we model the 

financial contracts as lotteries π over choice variables (e.g., τ, q, z, k′, ω′, d), and the principal 

maximizes the value function, discounted expected present value of profits as in equation (1): 

V(k,ω) = max � π(𝜏𝜏, 𝑞𝑞, 𝑧𝑧,𝑘𝑘′,𝜔𝜔′,𝑑𝑑|𝑘𝑘,𝜔𝜔) �(−τ) +
1
𝑅𝑅

× V(k′,ω′)�

π(𝜏𝜏,𝑞𝑞,𝑧𝑧,𝑘𝑘′,𝜔𝜔′,𝑑𝑑)

, (1) 

The maximization subjects to promise-keeping constraint as in equation (2), 

� π(𝜏𝜏, 𝑞𝑞, 𝑧𝑧, 𝑘𝑘′,𝜔𝜔′,𝑑𝑑 = 0|𝑘𝑘,𝜔𝜔)[𝑈𝑈(𝑞𝑞 + 𝜏𝜏 + (1 − 𝛿𝛿)𝑘𝑘 − 𝑘𝑘′, 𝑧𝑧) + βω′]
𝜏𝜏,𝑞𝑞,𝑧𝑧,𝑘𝑘′,𝜔𝜔′

 

+ � π(𝜏𝜏, 𝑞𝑞, 𝑧𝑧,𝑘𝑘′,𝜔𝜔′,𝑑𝑑 = 1|𝑘𝑘,𝜔𝜔)[𝑈𝑈(𝑞𝑞 + 𝜏𝜏 + (1 − 𝛿𝛿)𝑘𝑘 − 𝑘𝑘′ − 𝜅𝜅, 𝑧𝑧) + βω′] = 𝜔𝜔
𝜏𝜏,𝑞𝑞,𝑧𝑧,𝑘𝑘′,𝜔𝜔′

, (2) 

and the truth-telling constraint as in equation (3), ∀(𝑧𝑧̅, 𝑞𝑞,� 𝑞𝑞� ≠ 𝑞𝑞� ∈ Z × Q × Q) 

� π(𝜏𝜏, 𝑞𝑞,� 𝑧𝑧̅,𝑘𝑘′,𝜔𝜔′,𝑑𝑑 = 0|𝑘𝑘,𝜔𝜔)[𝑈𝑈(𝑞𝑞� + 𝜏𝜏 + (1 − 𝛿𝛿)𝑘𝑘 − 𝑘𝑘′, 𝑧𝑧̅) + βω′] +
𝜏𝜏,𝑘𝑘′,𝜔𝜔′

 

� π(𝜏𝜏, 𝑞𝑞,� 𝑧𝑧̅,𝑘𝑘′,𝜔𝜔′,𝑑𝑑 = 1|𝑘𝑘,𝜔𝜔)[𝑈𝑈(𝑞𝑞� + 𝜏𝜏 + (1 − 𝛿𝛿)𝑘𝑘 − 𝑘𝑘′ − 𝜅𝜅, 𝑧𝑧̅) + βω′] ≥
𝜏𝜏,𝑘𝑘′,𝜔𝜔′
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� π(𝜏𝜏, 𝑞𝑞�, 𝑧𝑧̅,𝑘𝑘′,𝜔𝜔′,𝑑𝑑 = 1|𝑘𝑘,𝜔𝜔)[𝑈𝑈(0, 𝑧𝑧̅) + βΩ(k)] +
𝜏𝜏,𝑘𝑘′,𝜔𝜔′

 

� π(𝜏𝜏, 𝑞𝑞�, 𝑧𝑧̅,𝑘𝑘′,𝜔𝜔′,𝑑𝑑 = 0|𝑘𝑘,𝜔𝜔)[𝑈𝑈(𝑞𝑞� + 𝜏𝜏 + (1 − 𝛿𝛿)𝑘𝑘 − 𝑘𝑘′, 𝑧𝑧̅) + βω′]
𝜏𝜏,𝑘𝑘′,𝜔𝜔′

, (3) 

It also subjects to probability technological constraints of π as in equations (4) and (5): 

� π(𝜏𝜏, 𝑞𝑞�, 𝑧𝑧̅, 𝑘𝑘′,𝜔𝜔′,𝑑𝑑|𝑘𝑘,𝜔𝜔) = 𝑃𝑃(𝑞𝑞�|𝑧𝑧̅,𝑘𝑘) � 𝜋𝜋(𝜏𝜏, 𝑞𝑞, 𝑧𝑧̅, 𝑘𝑘′,𝜔𝜔′,𝑑𝑑|𝑘𝑘,𝜔𝜔),∀𝑞𝑞�, 𝑧𝑧̅ ∈ 𝑄𝑄 × 𝑍𝑍
𝜏𝜏,𝑞𝑞,𝑘𝑘′,𝜔𝜔′,𝑑𝑑𝜏𝜏,𝑘𝑘′,𝜔𝜔′,𝑑𝑑

, (4) 

� π(𝜏𝜏, 𝑞𝑞, 𝑧𝑧, 𝑘𝑘′,𝜔𝜔′,𝑑𝑑|𝑘𝑘,𝜔𝜔) = 1
𝜏𝜏,𝑞𝑞,𝑧𝑧,𝑘𝑘′,𝜔𝜔′,𝑑𝑑

, (5) 

where Ω is the value function under autarky. We assume that if the agent lies, and this is revealed 

in an audit, the penalties are zero consumption in the current period and that the agent stays in the 

autarky regime forever. When agents go back to autarky, the initial capital is k. 

The production function is stochastic, and  P(q|z,k) is the probability of output level q when 

inputting effect z and capital k.  We use the parametric function to calculate the probability 

distribution of q in equations (6) and (7): 

P(q = 𝑞𝑞1|z, k) = 1 − (η𝑘𝑘𝜌𝜌 + (1 − η)(1 − 𝑧𝑧)𝜌𝜌)
1
𝜌𝜌, (6) 

P(q = 𝑞𝑞𝑖𝑖|z, k) = 1
#𝑄𝑄−1

(η𝑘𝑘𝜌𝜌 + (1 − η)(1 − 𝑧𝑧)𝜌𝜌)1/𝜌𝜌 for i = 2, … , #Q, (7) 

We use the actual data in Townsend Thai survey of production, capital, and effort to fit the 

parametric production functions above. In this model, we assume that agents pay the verification 

cost κ. In this manner, we can place a boundary on κ, which should not exceed the agent's 

production. Eventually, the principal also bears the costs via τ. However, zero consumption will 

give us negative infinite utility value under the CRRA utility function. To deal with this, we use a 

close-to-zero positive number for consumption in our numerical analysis. 
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Finally, we note that the estimated parameter κ could be quite large, in which case audits rarely 

occur if ever, and the CSV model reduces to the unobserved output as in Karaivanov and 

Townsend (2014), page 953-954. Conversely, for most levels of κ, costly audits do happen, as we 

find in the model-generated data, and especially when κ is low. In particular, when κ is virtually 

zero, audits take place virtually all the time. Hence, the output is virtually fully observed, so there 

are no obstacles, and we have a full risk-sharing regime.   

Next, we select the grids for the variables k, q, and c from the histograms in the data. For 

example, grid K has 5 values, which are the 10th, 30th, 50th, 70th, and 90th quantile of the capital 

data across households. Due to dimensionality and computational limitations, we select 5 grid 

points of k, q, and ω. For consumption c, we have 30 grids. We also include the measurement error 

in the data, assumed to be additive and distributed as N(0, (𝛾𝛾𝑚𝑚𝑚𝑚𝑣𝑣(𝑥𝑥))2). Here r(x) is the range of 

grid X, which equals 𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑥𝑥𝑚𝑚𝑖𝑖𝑛𝑛 . The state variable ω as promised utility is, of course, 

unobserved, and we assume it has a normal distribution N(𝜇𝜇𝜔𝜔, 𝛾𝛾𝜔𝜔2).  

We solve the optimal lotteries π to maximize the value function in equation (1) under each 

information financial regime. We maximize the log-likelihood of the data on consumption, capital, 

investment, and production to estimate our key parameters: 𝛾𝛾𝑚𝑚𝑚𝑚 , σ, θ, 𝜇𝜇𝜔𝜔, 𝛾𝛾𝜔𝜔 , and κ. (the less 

negative the likelihood, the better the fit). Specifically, we use Gurobi Optimizer in Matlab to 

search for the global maximum likelihood. After we get the MLE results from the four regimes, 

we use the Vuong test to select the best-fitted one or report ties. 
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Table A1: Financial Regime Shift for Low TFP Households (Annual Data) 

Panel A: 1997 to 2001 
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH* 0.212 0.023 1.036 0.688 0.257  0.032% 
S 0.261 0.000 2.000 0.200 0.000  0.031% 
LB 0.247 0.000 1.551 0.280 0.115  0.031% 
CSV 0.235 0.097 0.179 0.905 0.267 0.161 0.031% 

Panel B: 2002 to 2007 
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH 0.433 0.148 0.842 0.724 0.010  0.010% 
S* 0.387 0.000 2.000 0.200 0.000  0.010% 
LB* 0.369 0.500 0.100 0.065 0.003  0.010% 
CSV 0.507 0.000 0.163 0.735 0.009 0.550 0.009% 

Notes: This table shows the maximum-likelihood estimations (MLE) of four financial regimes: a dynamic 
state verification regime with capital and risk aversion (CSV), moral hazard regime with unobserved effort 
(MH), and exogenously incomplete regimes: saving only (S) and lending/borrowing (LB). We use the data 
on households' consumption, production, investment, and capital from Townsend Thai annual data from 
1997 to 2007. We restrict the sample to the households with initial TFP in 1997 below the median. For MH, 
S, and LB regimes, we estimate five parameters (e.g., 𝛾𝛾𝑚𝑚𝑚𝑚, σ, θ, 𝜇𝜇𝜔𝜔, and 𝛾𝛾𝜔𝜔). For the CSV regime, we 
estimate an additional parameter κ that measures the verification cost. Panel A is for the pre-village fund 
period from 1997 to 2001. Panel B is for the post-village fund period from 2002 to 2007. 
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                Table A2: Variance Covariance Decomposition Analysis from 1999 to 2011  

Panel A: Richest 25% households  

  D=C+I-Y     D=C-Y  
  (1) (2) (3)     (4) (5) (6) 
  1st 2nd 3rd     1st 2nd 3rd 
deposit -0.011 0.881 12.683   deposit -0.155 0.532 5.462 
ROSCA  0.000 0.000 0.000   ROSCA  0.000 0.000 0.000 
lending  0.000 0.000 0.004   lending  0.000 0.000 0.003 
borrowing   0.000 1.227 12.485   borrowing   -0.526 0.752 10.385 
Gift 1.228 5.868 28.686   Gift 0.219 3.326 17.235 
Cash 32.401 66.696 86.125   Cash 36.835 70.534 89.679 
Median Diff 2.542            

Z-stats 2.941 P-Value 0.086        

Panel B: Poorest 25% households  
  D=C+I-Y     D=C-Y  
  1st 2nd 3rd     1st 2nd 3rd 
deposit -0.059 0.059 1.839   deposit -0.271 0.010 0.816 
ROSCA  0.000 0.000 0.000   ROSCA  0.000 0.000 0.000 
lending  0.000 0.000 0.007   lending  0.000 0.000 0.003 
borrowing   0.000 1.048 5.869   borrowing   -0.848 0.054 4.346 
Gift 4.120 17.798 40.111   Gift 1.954 9.548 30.772 
Cash 39.813 67.571 91.853   Cash 43.203 66.634 91.218 
Median Diff 8.250              

Z-stats 6.286 P-Value 0.012          
DID: Median Diff ( Investment- w/o Investment) for poor - Median Diff ( Investment- w/o 
Investment) for rich 

 

Median DID 5.708             

 

Z-stats 1.510 P-Value 0.131          

Notes: This table shows the variance-covariance decomposition on households' deficits using the Townsend 
Thai monthly data in 16 villages from 1999 to 2011. Panel A restricts the sample to the rich households, 
with initial wealth in 1999 above the 75% quantile, and Panel B restricts the sample to the poor households, 
with initial wealth in 1999 below the 25% quantile. In columns (1) to (3), the deficit is defined as the 
consumption plus investment minus the production (i.e., D=C+I-Y). In columns (4) to (6), the deficit is 
defined as the consumption minus the production (i.e., D=C-Y). The variation of deficit is decomposed by 
deposit, ROSCA, lending, borrowing, gift, and cash. Columns (1) and (4) report the value of the 25% 
quantile, columns (2) and (5) report the value of the median, and columns (3) and (6) report the value of 
the 75% quantile. We report the median differences of gifts between columns (2) and (5) in Panel A and B, 
respectively. We also report the difference-in-differences of the median of gifts between Panel A and B 
(poor vs. rich), with the z-stats and P-value for this DID.
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Table A3: Variance Covariance Decomposition Analysis (Kinship to Village Fund Borrowers) 

Panel A: 1999 to 2001 
  KIN to VF     No KIN to VF 
 (1) (2) (3)   (4) (5) (6) 
  1st 2nd 3rd     1st 2nd 3rd 
deposit -0.065 0.000 0.327   deposit -0.456 0.000 1.026 
ROSCA  0.000 0.000 0.000   ROSCA  0.000 0.000 0.000 
lending  0.000 0.000 0.000   lending  0.000 0.000 0.000 
borrowing   -0.012 1.955 14.349   borrowing   -0.476 0.000 8.942 
Gift 0.118 4.398 44.958   Gift -0.269 9.467 43.411 
Cash 44.522 78.969 97.363   Cash 22.278 73.318 98.444 
Median Diff -5.068             
Z-stats 0.253 P-Value 0.800           
Panel B: 2002 to 2011 
  KIN to VF     No KIN to VF 
  1st 2nd 3rd     1st 2nd 3rd 
deposit -0.065 0.054 2.020   deposit -0.093 0.026 9.234 
ROSCA  0.000 0.000 0.000   ROSCA  0.000 0.000 0.000 
lending  0.000 0.000 0.002   lending  0.000 0.000 0.000 
borrowing   -0.134 0.645 5.491   borrowing   0.000 0.068 1.630 
Gift 3.718 17.233 41.950   Gift 1.399 7.381 40.667 
Cash 35.299 69.756 91.431   Cash 49.266 87.294 94.167 
Median Diff 9.852          

Z-stats 0.973 P-Value 0.331           

DID: Median Diff (Kin-non-Kin) in 02-11 - Median Diff (Kin-non-Kin) in 99-01  

Median DID 14.920               

Z-stats 0.821 P-Value 0.412           

Notes: This table shows the variance-covariance decomposition on households' deficits using the Townsend 
Thai monthly data in 16 villages from 1999 to 2011. The sample is restricted to the poor households, with 
initial wealth in 1999 below the 25% quantile. Panel A is for the pre-village fund period from 1999 to 2001, 
and Panel B is for the post-village fund period from 2002 to 2011. The deficit is defined as the consumption 
plus investment minus the production (i.e., D=C+I-Q). In columns (1) to (3), we restrict to the households 
with kinship to the village fund borrowers, and  In columns (4) to (6), we restrict to the households without 
kinship to the village fund borrowers. The variation of deficit is decomposed by deposit, ROSCA, lending, 
borrowing, gift, and cash. Columns (1) and (4) report the value of the 25% quantile, columns (2) and (5) 
report the value of the median, and columns (3) and (6) report the value of the 75% quantile. We also report 
the difference-in-differences of the median of gifts between Panel A and B (post-village fund vs. pre-village 
fund), with the z-stats and P-value for this DID.
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Table A4: Comparison among four financial regimes on the poorest 25% households 

 Panel A: 1999 to 2001 
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH 0.195 0.312 4.946 0.504 0.010   0.148% 
S* 0.120 1.230 2.000 0.001 0.602   0.180% 
LB* 0.120 1.386 2.038 0.002 0.638   0.180% 
CSV 0.299 2.860 0.058 0.800 0.000 0.315 0.054% 
Vuong test CSV vs. B Z-Stats Prob         
    16.608 0.000         
Panel B: 2002 to 2011   
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH 0.253 0.015 0.597 0.348 0.046   0.116% 
S 0.154 1.076 2.114 0.028 0.998   0.161% 
LB 0.154 1.261 2.172 0.000 1.000   0.164% 
CSV* 0.104 0.147 0.123 0.153 0.141 0.172 0.186% 
Vuong test CSV vs. B Z-Stats Prob         
    -4.856 0.000         

Notes: This table shows the maximum-likelihood estimations (MLE) of four financial regimes: a dynamic 
state verification regime with capital and risk aversion (CSV), moral hazard regime with unobserved effort 
(MH), and exogenously incomplete regimes: saving only (S) and lending/borrowing (LB). We use the data 
on households' consumption, production, investment, and capital from Townsend Thai monthly data from 
1999 to 2011. We restrict the sample to the households with initial wealth in 1999 below the 25% quantile. 
For MH, S, and LB regimes, we estimate five parameters (e.g., 𝛾𝛾𝑚𝑚𝑚𝑚, σ, θ, 𝜇𝜇𝜔𝜔, and 𝛾𝛾𝜔𝜔). For the CSV regime, 
we estimate an additional parameter κ that measures the verification cost. We employ the Voung test to 
statistically compare the four regimes, and * denotes the regimes that statistically fit the best in MLE (i.e., 
dominate regime). Panel A is for the pre-village fund period from 1999 to 2001. Panel B is for the post-
village fund period from 2002 to 2011. 
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Table A5: Comparison among four financial regimes on the richest 25% households 

Panel A: 1999 to 2001 
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH 0.051 0.855 3.444 0.397 0.041  3.153% 
S 0.066 0.307 2.948 0.872 0.019  2.965% 
LB* 0.065 0.378 2.109 0.958 0.019  3.849% 
CSV 0.088 2.206 0.306 0.465 0.022 0.300 2.349% 
Panel B: 2002 to 2011   
  𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ Likelihood 
MH 0.074 1.014 3.283 0.645 0.043  1.632% 
S 0.080 0.500 2.875 0.936 0.001  1.808% 
LB* 0.076 2.996 2.626 0.998 0.016  2.249% 
CSV 0.113 2.434 4.117 0.510 0.000 0.010 0.569% 

Notes: This table shows the maximum-likelihood estimations (MLE) of four financial regimes: a dynamic 
state verification regime with capital and risk aversion (CSV), moral hazard regime with unobserved effort 
(MH), and exogenously incomplete regimes: saving only (S) and lending/borrowing (LB). We use the data 
on households' consumption, production, investment, and capital from Townsend Thai monthly data from 
1999 to 2011. We restrict the sample to the rich households, with initial wealth in 1999 above the 75% 
quantile. For MH, S, and LB regimes, we estimate five parameters (e.g., 𝛾𝛾𝑚𝑚𝑚𝑚, σ, θ, 𝜇𝜇𝜔𝜔, and 𝛾𝛾𝜔𝜔). For the 
CSV regime, we estimate an additional parameter κ that measures the verification cost. We employ the 
Vuong test to statistically compare the four regimes, and * denotes the regimes that statistically fit the best 
in MLE (i.e., dominate regime). Panel A is for the pre-village fund period from 1999 to 2001. Panel B is 
for the post-village fund period from 2002 to 2011.
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Table A6: Simulated Data Test 

True parameters 𝛾𝛾𝑚𝑚𝑚𝑚 σ θ 𝜇𝜇𝜔𝜔 𝛾𝛾𝜔𝜔 κ   
  0.234 0.212 0.113 0.311 0.019 0.912   
  𝛾𝛾𝑚𝑚𝑚𝑚  Σ  Θ  𝜇𝜇𝜔𝜔  𝛾𝛾𝜔𝜔  Κ  MLE  
MH 0.212 0.681 2.159 0.974 0.996  -5.860 
S 0.273 0.000 0.104 0.020 0.008  -6.149 
B 0.287 0.000 3.905 0.061 0.090  -6.191 
CSV* 0.213 0.000 0.099 0.560 0.057 0.947 -5.756 

Notes: This table shows the maximum-likelihood estimations (MLE) of four financial regimes: a dynamic 
state verification regime with capital and risk aversion (CSV) , moral hazard regime with unobserved effort 
(MH), and exogenously incomplete regimes: saving only (S) and borrowing (B) by using simulated data. 
We employ the dynamic CSV model and the pre-selected true parameters (i.e., 𝛾𝛾𝑚𝑚𝑚𝑚, σ, θ, 𝜇𝜇𝜔𝜔, 𝛾𝛾𝜔𝜔 and κ) to 
generate the data of households' consumption, production, investment, and capital.  Based on the simulated 
data, we employ the Voung test to statistically compare the four regimes, and * denotes the regimes that 
statistically fit the best in MLE (i.e., dominate regime). 
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Table A7: Comparison among four financial regimes on whole sample households 

1999 to 2011 
  𝛾𝛾𝑚𝑚𝑚𝑚  Σ  Θ  𝜇𝜇𝜔𝜔  𝛾𝛾𝜔𝜔  Κ  MLE  
MH 0.209 0.401 3.876 0.611 0.010   -5.746 
S 0.170 1.276 0.681 0.851 0.010   -5.381 
LB* 0.154 2.148 4.758 0.649 0.010   -5.253 
CSV 0.165 0.255 0.022 0.118 0.122 0.957 -5.710 
Vuong test CSV vs. LB Z-Stats Prob         
    9.520 0.000         

Notes: This table shows the maximum-likelihood estimations (MLE) of four financial regimes: a dynamic 
state verification regime with capital and risk aversion (CSV), moral hazard regime with unobserved effort 
(MH), and exogenously incomplete regimes: saving only (S) and lending/borrowing (LB). We use the data 
on households’ consumption, production, investment, and capital from Townsend Thai monthly data with 
616 households in 16 villages from 1999 to 2011. For MH, S, and B regimes, we estimate five parameters 
(e.g., γme, σ, θ, μω, and γω). For the CSV regime, we estimate an additional parameter κ that measures the 
verification cost. We employ the Vuong test to statistically compare the four regimes, and * denotes the 
regimes that statistically fit the best in MLE (i.e., dominate regime).  


