
values. For R = 0:08, the estimates were quite similar; only a higher � (0.94), a lower

r (0.032); and a lower risk aversion (1:12) were statistically di¤erent than the baseline.

The model had even more di¢ culty matching income growth and volatility, so that the

overall �t was substantially worse (J-statistic=200 vs. 113 in the baseline). The simulation

regression estimates were nearly identical. For the low value of R = 0:04; the estimation

required that the return on liquidity be substantially lower than in the data (r = 0:018); and

that � be substantially higher (0:97) than typical for bu¤erstock models. The �t was also

substantially worse (J-statistic=324). Finally, the regression estimates on the simulated

data were qualitatively similar but smaller (e.g., a consumption coe¢ cient of 0.68 in the

�rst year.) Indeed, only the reduction of default in the �rst year was statistically signi�cant

at a 0.05 percent level.

5.4.2 Estimation Using Ex Post Data

In this analysis, rather than use the post-intervention data to test the model using calibrated

borrowing constraints, we use it to estimate the new borrowing constraints and better

identify the other parameters in the model. We proceed by specifying a reasonably �exible

but parametric function for smb in the post-program years:

smb;v = s1 + s2

�
1

# HHs in villagev

�s3

where s1, s2, and s3 are the parameters of interest.
37 Third, for the post-program years,

we add additional year-speci�c moments for income growth and income growth volatility;

consumption, investment probability, investment, and their interactions with measured

income and liquidity ratios; and default. In total, the estimation now includes 41 moments

and 14 parameters.

The estimated results from the full sample are strikingly similar to the baseline esti-

mates from the pre-program sample and the calibration from the post-program sample, all

37If all households borrowed every period and had identical permanent income, then the extra borrowing

per household (950; 000=# HHs in villagev) would translate into borrowing constraints with s1 = s (the

pre-intervention borrowing constraint), s2 =
950;000
P ; and s3 = 1.
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with two standard deviation bands.38 The resulting estimates are ŝ1 = �0:18, ŝ2 = �46,
and ŝ3 = �1:17. The model �t is comparable to the baseline, performing well along the
same dimensions and not well at all along the same dimensions. Finally, the average,

standard deviation, minimum and maximum of smb;v implied by the estimates are -0.39 (-

0.28 in baseline calibration), -0.19 (-0.14), -1.04 (-0.91), and -0.18 (-0.09) respectively. The

correlation between the two approaches one by construction, since both increase monoton-

ically with village size. That is, the estimated smb;v are quite similar to the calibrated

values, except that they are shifted down by roughly 0.1. This is not particularly surpris-

ing since time-speci�c �xed e¤ects for the latter years were not taken out, and we know

that the model had di¢ culty matching year-to-year �uctuations. For example, consump-

tion in all villages was high in 2002 and 2003, and so the estimation wants to �t a lower

borrowing constraint. Nonetheless, the fact that the estimates and calibrated values are

otherwise quite close indicates that cross-sectionally the simulated predictions of the model

on average approximate a best �t to the variation in the actual data.

5.4.3 Long Run Predictions

The di¤erences between �̂Z;j estimates in the �rst and second year (i.e., j = 1; 2) of the

program indicate that impacts are time-varying, since there are transitional dynamics as

households approach desired bu¤erstocks. The structural model allows for simulation and

longer run horizon estimates of impact. We therefore simulate datasets that include �ve

additional years of data and run the analogous regressions. Seven years out, none of the

�̂Z;7 estimates are statistically signi�cant on average. While the average point estimates

are quite small for investment probability (0.23), investment (0.10), and default probabil-

ity (0.01) relative to the �rst year, the average �̂Z;7 for consumption remains substantial

(0.58) and close to the estimate in the second year (0.73). In the model, the impacts on

38For comparison, the point estimates of the full-sample (baseline) estimation are r̂ = 0:061 (0:054);

�̂N = 0:24 (0:31); �̂U = 0:42 (0:42); �̂E = 0:38 (0:15); Ĝ = 1:06 (1:047) ; ĉ = 0:49 (0:52) ; �̂ = 0:928

(0:926) ; �̂ = 1:17 (1:20); �̂i = 1:35 (1:47) ; �̂i = 2:70 (2:50) ; and ŝ = �0:07 (�0:08).

44



consumption fall somewhat after the �rst year, but there remains a substantial persistent

e¤ect. Still, alternative regression estimates that simply measure a single (common for all

post-program years j) coe¢ cient �Z do not capture any statistically signi�cant impact on

consumption in when seven years of long run data are used. This shows the importance of

considering the potential time-varying nature of impacts in evaluation.

5.4.4 Policy Counterfactual

From the perspective of policymakers, the Million Baht Village Fund Program may appear

problematic along two fronts. Its most discernible impacts are on consumption rather than

investment, and it appears less cost-e¤ective than a simple transfer mainly because funds

may simply go to prevent default and the increased borrowing limit actually hurts defaulting

households. An alternative policy that one might attempt to implement would be to only

allow borrowing for investment. We would assume that the village can observe investment,

but since money is fungible, it would be unclear whether these investments would have been

undertaken even without the loans, in which case the loans are really consumption loans.

Since defaulting households cannot undertake investments, it would prevent households in

default from borrowing. Nevertheless, such a policy would also eliminate households like

Household I in Figure 3 from borrowing.

The ability to model policy counterfactuals is another strength of a structural model.

In a model with this particular policy, households face the constraint smb;alternativev in any

period in which they decide to invest, while facing the baseline s if they decide not to

invest. The default threshold is also moved to smb;alternativev , however, to prevent households

from investing and borrowing in one period, and then purposely not investing in the next

period in order to default. Under this policy, the new borrowing constraints are even lower

(averaging -0.67 vs. -0.28 in the actual policy) but only for those who borrow. The new

range of borrowing constraints is from -0.16 to -4.78.

The policy increases both the impact on consumption and increase the impact on in-

vestment. Pooling all 500 simulated samples yields a signi�cant estimate for consumption

that is similar to the actual million baht intervention (1.40 vs. 1.38 in the �rst year). It
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also yields a much larger and signi�cant estimate for investment levels (0.62 in the �rst

year). Clearly, the counterfactual policy channels funds only to investors and so it is able to

relax borrowing constraints much more substantially for investors, and in turn to help with

large investments but relaxes the borrowing constraint even more for investing households

than the actual policy. Finally, the negative impact on default no longer exists. Although

this policy o¤ers less �exibility for constrained households who would rather not invest,

the bene�ts are larger to defaulters and investors help outweigh some of this loss. There is

much more variation in the bene�ts across households (e.g., the standard deviation of the

equivalent transfer is 14,000 baht in this counterfactual vs. 11,000 in the baseline policy),

but the average equivalent transfer is actually lower (7500 vs. 8200).

6 Conclusions

We have developed a model of bu¤erstock saving and indivisible investment, and used it

to evaluate the impacts of the Million Baht program as a quasi-experiment. The correct

prediction of consumption increasing more than one for one with the credit injection is a

�smoking gun�for the existence of credit constraints, and is strong support for the impor-

tance of bu¤erstock savings behavior. Nevertheless, the micro�nance intervention appears

to be less cost e¤ective on average than a simpler transfer program because it saddles

households with interest payments. This masks considerable heterogeneity, however, in-

cluding some households that gain substantially. Finally, we have emphasized the relative

strengths of a natural experiment, a structural model, and reduced form regressions.

One limitation of the model is that although project size is stochastic, the quality of

investments, modeled through R, is assumedconstant across projects and households. In

the data, R varies substantially across households. Heterogeneity in project quality may

be an important dimension for analysis, especially since micro�nance may change the com-

position of project quality. The process for project sizes was also extremely stylized. Also,

potential projects may be arrive less often, be less transient (which allows for important

anticipatory savings behavior as in Buera, 2008), and multiple projects may be ordered by
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their pro�tability. Such extensions might help explain the gap between positive predicted

impacts on investment probability, but no impact in the data.

Related, the analysis has also been purely partial equilibrium analysis of household

behavior. While we have emphasized heterogeneous impacts across households, it may

be possible that even a given relaxation of credit constraints would have heterogeneous

impacts across villages. For example, with a large scale intervention, one might suspect

that general equilibrium e¤ects on income, wage rates, rates of return to investment, and

interest rates on liquidity may be important (see Kaboski and Townsend, 2008). Finally,

we did not consider the potential interactions between villagers or between villages, nor

was the intermediation mechanism explicitly modeled. These are all avenues for future

research.
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Figure 2: Consumption Policy for Fixed i*, Baseline and Reduced Borrowing Constraint
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Obs Mean Std. Dev. Min Median Max

Non-Interest Household Income* 3575 87200 202000 500 50300 6255500
Log Growth of Income* 2860 0.04 0.98 -4.94 0.01 10.28
Household Consumption* 3575 75200 93000 750 49800 1370300
Dummy Variable for Agr/Business Investment 3575 0.12 0.34 0 0 1
Value of Agr./Business Investment* 3575 4760 30200 0 0 715700
Dummy Variable for Short-Term Default 2860 0.194 0.395 0 0 1
Short-Term Credit* 3575 17900 51100 0 0 1021000

Primary Variables:

Variable

Table 1: Summary Statistics of Pre-Intervention Household Data

Interest Paid* 3575 1300 3900 0 0 108400
Liquid Savings* 2860 25000 132000 0 5100 4701600
Interest Earned* 3575 700 7200 0 0 18000
Number of Households in Village 3575 166 295 21 110 3194

Number of Male Adults 3575 1.46 0.9 0 1 7
Number of Female Adults 3575 1.56 0.75 0 1 6
Number of Children 3575 1.59 1.21 0 1 9
Dummy Variable for Male Head of Household 3575 0.74 0.44 0 1 1
Years of Education of Head of Household 3575 6 3 0 7 15
Age of Head of Household 3575 41 15 22 40 84

* All values are in baht deflated to 1999. The 1999 PPP conversion rate is 31.6 baht/dollar.

Regressors for Demographic/Cylical Variation:



Parameter Estimate Std. Err. Variable Data Model

r 0.054 0.003 Ct 75,200 75,800
σN 0.31 0.11 Dt 0.116 0.116
σU 0.42 0.07 It 4600 4600
σE 0.15 0.09 DEFt 0.194 0.189
G 1.047 0.006 ln(Yt+1/Yt) 0.044 0.049
c 0.52 0.01
β 0.926 0.006
ρ 1.20 0.01
μi 1.47 0.09

σi 2.50 0.85
s -0.08 0.03 J-Statistic 113.5 12.6

Test for Overidentifying Restrictions

Table 2: Parameter Estimates and Model Fit

Parameter Estimates Pre-Intervention Averages

Actual Value
0.05%  
Value



r σN σU σE G c β ρ μi σi s
εS -6.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
εCR -10.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

εg -0.6 2.5 -0.5 -0.8 -4.4 -0.2 1.5 0.2 -1.8 -1.5 -1.6
εV,1 1.3 -0.1 1.1 -0.8 0.3 2.0 -2.4 -1.1 -2.4 0.8 -0.4
εV,2 1.0 0.3 -1.1 -1.4 -0.2 0.6 -2.3 1.0 -1.0 -0.6 0.7

εV,3 0.5 -0.3 0.8 -2.1 0.8 2.2 -0.3 -2.3 -2.4 -2.5 -0.1
εC 1.4 0.8 0.1 -0.3 -2.0 -0.5 13.3 -7.1 0.0 0.0 0.7

εC*lnY -3.7 -2.2 -0.2 0.9 5.3 1.4 -35.0 18.6 0.0 0.0 -1.9
εC*L/Y -0.1 -0.1 0.0 0.0 0.2 0.1 -1.4 0.8 0.0 0.0 -0.1
εD 51.5 18.7 -0.8 -0.2 -40.0 -0.7 -16.1 1.4 -0.5 0.1 0.2

εD*lnY -155.2 -55.9 2.5 0.5 120.0 1.9 47.9 -4.1 1.3 -0.3 -0.6
εD*L/Y -23.2 -11.0 2.1 0.0 18.1 0.4 9.4 -0.6 0.3 -0.1 -0.1

εI 28.0 10.0 0.1 -0.2 -22.1 -0.3 -8.6 0.6 -0.7 0.1 0.1
εI*lnY -80.0 -28.5 -0.2 0.6 63.1 0.8 24.5 -1.7 1.9 -0.4 -0.2
εI*L/Y -9.9 -2.8 0.1 0.5 8.2 0.1 4.3 -1.6 0.1 0.0 0.0
εDEF 0.0 0.0 -1.6 0.2 0.0 -3.6 0.0 0.0 0.0 0.0 -3.6

M
om

en
ts

Table 3: Identification -                                                                          
Partial Derivatives of Moments With Respect to Parameters

Parameters



γC,2002 γC,2003 γD,2002 γD,2003 γI,2002 γI,2003 γDEF,2002 γDEF,2003 γΔlnY,2002 γΔlnY,2003

"Impact" Coefficient* 1.39 0.90 6.3e-6 -0.2e-6 -0.04 -0.17 -5.0e-6 6.4e-6 -9.4e-6 12.6e-6

Standard Error 0.39 0.39 2.4e-6 2.4e-6 0.19 0.19 2.4e-6 2.4e-6 6.1e-6 6.1e-6

Simulated Data

Default Probability Income Growth

Table 4: Reduced Form Regression Estimates: Actual Data vs. "Million Baht" Simulated Data

InvestmentConsumption  
Investment 
Probability  

Actual Data

Average "Impact" 
Coefficient* 1.10 0.73 5.6e-6 3.6e-6 0.41 0.35 -9.0e-6 -0.2e-6    0.3e-6    0.3e-6    

Average Standard Error 0.48 0.48 2.5e-6 2.5e-6 0.23 0.23 2.3e-6 2.3e-6 5.9e-6    5.9e-6    

Fraction Rejecting      
5% Chow Test**

Bold face represents significance at a 5 percent level.

0.01 0.02 0.28 0.07 0.05

**This is the fraction of simulations where a Chow test rejects at a 5 percent significance level that the coefficients in the actual and 
simulated data are the same, once actual data and simulated data are pooled.

*The impact coefficient is the coefficient on 1,000,000/number of households in the village interacted with a year dummy, the credit injection 
per household.




