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1. Introduction 

 

In the recent years, there are a remarkably increasing number of empirical socio-economic 

studies. Empirical studies are important for not only researchers but also policy makers in 

designing socio-economic policies. Most empirical studies rely on large-scale data sets 

and econometric methods to test research hypotheses. Findings from empirical studies 

depend heavily on the methodology selection and how data are analysed. Even using the 

same method and data sets, there can be different ways that researchers can define and 

select variables for model estimation, and as a result these different ways can lead to 

different findings and policy recommendations. Thus, there is a call for replication 

research to validate empirical findings, especially findings important for development 

policies (Brown et al., 2014). Replication research not only confirms the validity of 

replicated studies but also raises the importance of analyzing, documenting and keeping 

empirical data during the research.  

In this study, I tried to replicate the study of Mu and Van de Walle entitled "Rural 

Roads and Local Market Development in Vietnam" published in Journal of Development 

Studies 47, no. 5 (2011), pages 709-34. 1 Mu and Van de Walle (2011) aim to measure the 

effect of rural roads on local market development in Vietnam. They test a hypothesis 

called ‘transport-induced local-market development’ using data from surveys of Vietnam 

Rural Transport Project I and double differences with propensity score matching methods. 

They conclude that rural roads increase local market development. Using regressions, they 

also find that heterogeneity in the impact of rural roads. The impact of rural roads tends to 

be higher for the poorer communes since the poorer communes have low base levels of 

market development.   

 There are several reasons for selection of this study for replication. Firstly, rural 

roads play a crucial role in the socio-economic development of rural areas (World Bank, 
                                                           
1 Two related papers of this article are:  
Van de Walle, D. and Mu, R. (2007) Fungibility and the flypaper effect of project aid: micro-evidence for 
Vietnam. Journal of Development Economics, 84(2), pp. 667–685. 
Mu, R. and van de Walle, D. (2007) Rural roads and local market development in Vietnam. Policy Research 
Working Paper No. 4340, Development Research Group, World Bank, Washington, DC. 
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1994; Gannon and Liu, 1997; Lipton and Ravallion, 1995; Jalan and Ravallion, 2001). 

Jalan and Ravallion (2001) point out that rural road is a necessary element for fostering 

rural income growth and reducing poverty. Rural roads can increase household income, 

including both farm and non-farm income. Rural roads increase agricultural productivity 

by reducing transportation costs, increasing access to advanced technology, increasing 

capital and enabling the employment of labour from outside local areas. In addition, rural 

roads can also increase non-farm production and non-farm employment opportunities for 

local people. Mu and Van de Walle (2011) provide important finding on the important 

role of rural road in nonfarm employment and market development. Until the end of 2013, 

according to the Google Scholar citation system, this paper (together with the working 

paper version) has been cited in 125 studies. It is important to validate its estimates and 

results using the original data sets.  

Secondly, there are a large number of arguments that local market development 

can increase household welfare. However, there is little if anything known about the effect 

of public investment in transport on local market development. Most empirical studies 

focus on the effect of rural road on household income and find a positive effect of rural 

roads on non-farm income e.g., Balisacan et al. (2002), Fan et al. (2002), Corral and 

Reardon (2001), Escobal (2001), Nguyen (2011).2 Thus, Mu and van de Walle (2011) 

provide important evidence on the effect of rural roads on local market development. As 

known, market accessibility is an important channel though which rural road can help 

local people improve non-farm activities, income and consumption, expenditure.   

 Thirdly, Vietnam is a developing country with more than two-thirds of the 

population living in rural areas and 95 percent of the poor are living in rural areas. An 

important poverty reduction program in Vietnam is to improve infrastructures for rural 

areas, especially those with a high poverty rate and a higher proportion of ethnic 

minorities.  State and international agencies work continuously to improve and maintain 

                                                           
2 A review on empirical studies of the impact of rural roads can be found in Ali and  Pernia (2003). 
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infrastructures, including roads.3 In Mu and van de Walle (2011), rural roads are found to 

be an important factor in local market development and the effect of rural roads is higher 

for the poor areas. This finding is very important for policy makers in designing poverty 

reduction programs in Vietnam.  

Fourthly, the findings from Mu and van de Walle (2011) can be used for other 

developing countries, especially for some Asian developing countries, such as the 

Philippines, Indonesia, Lao, and Cambodia, with a similar economic structure as Vietnam. 

Rural roads can help local market development in the short-run, as a result enhancing 

nonfarm employment, increasing income and reducing poverty in the long-run. 

 In this study, I firstly conduct the pure replication of the study of Mu and Van de 

Walle (2011). Mu Ren and Dominique van de Walle provided us with the raw original 

data sets, which allow us to replicate their published estimates.  The pure replication 

includes the following basic steps: Reconstruct all variables used in the study; Recalculate 

descriptive statistics of all the variables using the raw data; Re-estimate results in the 

original study using the original specifications.  

Secondly, I also conducted so-called statistical replication to examine the 

sensitivity of the impact estimates to different sets of covariates and bandwidth used in the 

propensity score matching. One of key issues in propensity score matching method is to 

select covariates and bandwidth, and there are no standard criteria for this selection. 

Difference selections produce different comparison groups, and as a result different 

estimates of the program impacts. Thus it’s important to investigate whether the main 

findings from an empirical study are robust to different model specifications.  

Thirdly, I will go beyond the outcomes that are considered in Mu and Van de 

Walle (2011) (including market accessibility, non-farm employment and child education), 

and estimate the effect of the road project on additional outcome variables including 

                                                           
3 According to Donnges and others (2007), Viet Nam had a rural road network consisting of approximately 

175,000 kilometres in 2007. Around 73 percent of rural villages can be accessed by a good road (tar on 

gravel) (according to Viet Nam Household Living Standard Survey in 2010). 
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access to credit and migration.4 These outcomes are important for livelihood and non-farm 

diversification of rural households, and can provide policy-relevant findings.  

The report is structured into five sections. The second section describes the method 

and data in Mu and van de Walle (2011). The third section presents the pure replication 

results. The fourth section presents results from statistical replication. Finally, the fifth 

section concludes.  

 

2. Data and methods in Mu and van de Walle (2011) 

 

Mu and van de Walle (2011) assess the impact of the Vietnam Rural Transport Project I 

which implemented the rehabilitation of 5,000 kilometers of rural roads in communes in 

18 provinces in Vietnam. The project was implemented during 1997-2001. Data used in 

Mu and van de Walle (2011) were collected before and after the project. This data set is 

called the 'Survey of Impacts of Rural Roads in Vietnam' (SIRRV). More specifically, a 

panel data of 3000 households in 200 communes were conducted in 1997, 1999, 2001 and 

2003. 15 households were sampled from each commune. There are 100 communes in the 

project areas, and 100 communes from the non-project areas. Mu and van de Walle (2011) 

use commune data sets in 1997 (the baseline survey), 2001 and 2003 (the mid-term and 

endline surveys) for impact evaluation.       

The endogeneity bias in the impact evaluation of the Vietnam Rural Transport 

Project I can happen because the project placement is not random. Provinces were allowed 

to select communes for the projects and the road links to be rehabilitated. There are 

several criteria for selection of communes and road links such as cost, population density, 

share of ethnic minority population. However, these criteria are not well documented in 

the project documents, and it is not clear how the selection process actually happened (Mu 

and van de Walle, 2011). For most large-scale projects in Vietnam, it is very difficult to 

conduct a randomization or well-defined regression discontinuity impact evaluation 
                                                           
4
 There are no data on consumption expenditure in the data set. 
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(Nguyen, 2012). To solve the problem of endogeneity, Mu and van de Walle (2011) used 

the difference-in-difference estimator. This method controls the difference in outcomes 

between the treatment and control groups caused by observed variables and the time-

invariant difference caused by unobserved variables. In other words, it assumes that the 

difference in no-project outcomes between the treatment and control groups (once 

observed variables are controlled for) was the same before and after the project.   

 Mu and van de Walle (2011) combine the difference-in-difference (DD) with 

propensity score matching to estimate the effect of the rural road project on communes’ 

market development. They estimate the Average Treatment Effect on the Treated. 

According to their denotation, the estimator is expressed as follows: 

                                                       ∑=
PN

Pi NDDDD     (1) 

where:   

     ( ) ( )∑ −−−=
j

NP
j

NP
jij

P
i

P
ii YYWYYDD 0101

   (2) 

DDi is the estimate for the project commune i. P and NP denote the treatment (project 

commune) and control (non-project commune), respectively. Subscript `1’ and `0’ denote 

the outcome after and before the project, respectively. W is weights applied to the 

comparison communes when they are matched with the treatment communes. 

 Mu and Van de Walle (2011) use the kernel propensity score matching (Heckman 

et al., 1997) and propensity score-weighted difference-in-differences (Hirano and Imbens, 

2002; Hirano et al., 2003) to estimate the impact. A logit regression is used to predict the 

propensity score. Control variables are commune characteristics in the base year, 1997. 

The list of control variables is presented in Appendix. The list of outcome variables is 

presented in Table 2 in the next section. 

 After estimating the effect of the rural roads on outcomes for each commune (i.e., 

DDi), Mu and van de Walle (2011) run regression of DDi on commune characteristics 

variables to examine whether the effect of rural roads varies across communes of different 

characteristics as follows:    
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               iii XDD εβα ++= ,   (3) 

where DDi is the estimated impact on an outcome for commune i, and iX  is a vector of 

explanatory variables of commune i. 

 

3. Replication results 

 

In this section, I aim to conduct pure replication of the results from Mu and Van de Walle 

(2011). The pure replication includes the three following basic steps: (i) Reconstruct all 

variables used in the study; (ii) Recalculate descriptive statistics of all the variables using 

the raw data; and (iii) Re-estimate results in the original study using the original 

specifications.  

 

3.1. Raw data sets and do-files 

As mentioned, Mu and van de Walle (2011) use commune data sets in 1997 (the baseline 

survey), 2001 and 2003 (the mid-term and endline surveys) for impact evaluation of the 

rural road project. The original authors (Mu and Van de Walle) are very generous to 

provide me with not only the raw original data sets but also their analysis do-files (they 

used Stata for analysis). These data sets and do-files are used for estimation for not only 

the Mu and van de Walle (2011) but also Van de Walle and Mu (2007). The authors 

mentioned that they sent all the data and do-files available in their current computers. 

However, since the analysis was conducted by the authors very long time ago (before 

2007), do-files that are used to estimate results of Mu and van de Walle (2011) are not 

fully available. It means that I cannot simply re-run the do-files sent by Mu and van de 

Walle to replicate the results of Mu and van de Walle (2011), since some do-files are 

missing.    

Figure 1 summaries the data sets and do-files provided by Ren Mu and Dominique 

van de Walle. The ‘green’ shapes mean that data or do-files are fully available, while the 
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‘pink’ shapes mean that data or do-files are just partially available. The ‘white’ shape, i.e., 

‘Do-files to create data for analysis’, is not available. Running ‘Do-files to estimate the 

impacts’ (pink shape) using ‘Data for impact estimation’ (pink shape) does not produce 

the results of Mu and van de Walle (2011), since some do-files as well as data variables 

are missing. I checked all the available do-files including do-files to create data sets and 

do-files to estimate the project impact, and find no problems.  

Figure 1: Data sets and do-files 
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3.2. Reconstruct all variables and recalculate descriptive statistics  

 

In the next step, I use the raw data sets provided by the authors to create the outcome 

variables and the control variables that are used to estimate the project impact. Table 1 

replicates Table 1 in Mu and van de Walle (2011). After checking the do-files, data and 

questionnaires carefully, I still cannot produce the same estimates as Table 1 in Mu and 

van de Walle (2011). The Table 1 below adds the column reporting the percentage 

difference in the outcome means between the replication and the original paper. Variables 

with zero percent difference have the same values as the original papers. There are 12 

variables that are the same. There are four variables that differ more than 10% from those 

from the original papers.  For the remaining seven variables, the difference in the mean is 

less than 10%.  

Table 1. Mean baseline characteristics and outcome variables for communes classified by 
median household per capita consumption (log) 

Commune characteristics Variable type Below 
median 

(1) 

Above 
median 

(2) 

Difference Difference 
between 
these and 

the original 
paper (%) 

Typology: mountain Binary 0.70 0.33 0.37*** 0% 

Distance to closest central market (km) Continuous 16.09 10.46 5.63*** < 10% 

Share of households owning motorcycles Continuous 6.32 10.00 -3.68*** < 10% 

Population density Continuous 2.14 5.20 -3.06*** < 10% 

Ethnic minority share Continuous 0.67 0.20 0.48*** 0% 

Adult illiteracy rate Continuous 0.11 0.03 0.07*** > 10% 

Flood and storm prevalence Binary 0.60 0.64 -0.04 0% 

Credit availability Binary 0.27 0.30 -0.03 > 10% 

North provinces Binary 0.54 0.66 -0.12* 0% 

Transportation accessibility Binary 0.23 0.31 -0.09*** 0% 

Road density Continuous 0.01 0.02 -0.01*** 0% 

Market availability Binary 0.31 0.66 -0.35*** < 10% 

Market frequency Discrete 0.72 1.43 -0.71*** 0% 

Shop Binary 0.39 0.58 -0.19*** 0% 

Bicycle repair shop Binary 0.54 0.88 -0.34*** < 10% 

Pharmacy Binary 0.34 0.75 -0.41*** 0% 

Restaurant Binary 0.23 0.44 -0.21*** 0% 

Women's hair dressing/ Men's barber Binary 0.33 0.74 -0.41*** > 10% 

Men and women's tailoring Binary 0.56 0.92 -0.36*** < 10% 

% farm households Continuous 93.64 86.34 7.29*** 0% 
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Commune characteristics Variable type Below 
median 

(1) 

Above 
median 

(2) 

Difference Difference 
between 
these and 

the original 
paper (%) 

% trade households Continuous 1.17 1.70 -0.53* 0% 

% service sector households Continuous 0.69 1.08 -0.39 < 10% 
Primary school completion (less than 15 
years) 

Continuous 53.78 68.89 -15.11*** > 10% 

Secondary school enrolment rate Continuous 76.81 94.13 -17.32*** < 10% 

**significant at 5 per cent level or higher; *significant at 10 per cent level. 

This Table replicates the estimates of Table 1 in Mu and van de Walle (2011). The definition of variables and sample is 
the same as the Mu and van de Walle (2011).  

 

Next, I estimated the outcome variables for the years 1997, 2001 and 2003. Table 

A.1 in Appendix replicates the results of Table 2 in Mu and van de Walle (2011). The 

outcomes are estimated for communes within the common support of the predicted 

propensity scores. In Mu and van de Walle (2011), there are 94 project and 95 non-project 

communes on common support. In this study, I estimated the propensity score using the 

same model specification. However, the regression results are not the same (see the next 

section for detailed presentation). As a result, the predicted propensity score are not the 

same, and the common support is different from Mu and van de Walle (2011). There are 

85 project and 83 non-project communes on common support. The mean outcomes of 

project and non-project communes cannot be the same as those in Mu and van de Walle 

(2011) due to different common supports. However, the difference in the replicated results 

and the original results are not large. 

I found a variable of the predicted propensity score in the data sets sent by Mu and 

Van de Walle. Using this propensity score, I am able to define the common support as Mu 

and van de Walle (2011) (including 94 project and 95 non-project communes). Using this 

common support, I re-estimated outcomes of project and non-project communes, and 

reported the results in Table A.2 in Appendix. Now, there are five outcome variables 

(highlighted in green color) which have the same value as the original paper.  

There is a problem of the variable ‘Primary school completion (< 15 years)’ which 

has very high values in 1997 but low values in 2001 and 2003. My estimates of ‘Primary 

school completion (< 15 years)’ for 2001 and 2003 are close to the estimates in Mu and 

van de Walle (2011). However, my estimate for 1997 is substantially higher than that in 

Mu and van de Walle (2011).  I checked the data set carefully, but cannot find the reason 
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for this problem. A possible reason for the difference might be that the raw data sets that 

Mu and Van de Walle provided for me are not the same raw data sets used for Mu and van 

de Walle (2011). Data collectors sometime clean and update cleaned data sets. As a result, 

different versions of data sets might exist.   

 

3.3. Re-estimate results in the original study using the original specifications  

 

After constructing variables and producing descriptive analysis, I estimate the impact of 

the rural road project on commune outcomes using the original specifications. The first 

step is to estimate the propensity score using logit regression. The logit estimation is 

presented in Van de Walle, D. and Mu, R. (2007) ‘Fungibility and the flypaper Effect of 

Project Aid: Micro-Evidence for Vietnam’, Journal of Development Economics, 84(2), pp. 

667-685. I am not able produce the same logit result as Van de Walle and Mu (2007). The 

summary statistics of the explanatory variables (covariates) in the logit regression is 

presented in Table A.3 in Appendix. In Van de Walle and Mu (2007), the number of 

observations is 200. The number of observation in this logit regression is 198. There are 

missing values in some variables, and I do not know how these missing values are treated 

in Van de Walle and Mu (2007). In this replication study, I dropped two observations with 

missing values. It means that these dropped two communes are not used for impact 

estimation. In the logit regression (Table A.4 in Appendix), most explanatory variables 

have the same sign and close point estimates as the original paper of Van de Walle and 

Mu (2007). Since the logit regression results are different, the predicted propensity scores 

are also different from the original paper.  

 The Figure A.1 in Appendix presents the predicted propensity score for the 

treatment (project communes) and control groups (non-project communes). There are 85 

project and 83 non-project communes on common support. This is difference from Mu 

and van de Walle (2011), in which there are 94 project and 95 non-project communes on 

common support. 

 Tables 2 and 3 present the impact estimation of the rural road project using the 

original specifications and methods (these estimates replicate Table 3 in Mu and van de 

Walle 2011). In Stata, I used the command ‘psmatch2’ like Mu and van de Walle 2011. 

Mu and van de Walle (2011) used the default bandwidth which is 0.06 in the kernel 

propensity score matching.  The original estimates in Mu and van de Walle (2011) are also 
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reported in Tables 2 and 3 for comparison.  The replicated estimates are not the same as 

the original paper, since the predicted propensity score as well as the common support are 

different. However, most of the impact estimates for 2003 have the same sign as the 

impact estimates in the original paper.      

 As mentioned, I found a variable of the predicted propensity score in the data sets 

sent by Mu and Van de Walle. I used this predicted propensity score variable to estimate 

the effect of the project on the five outcome variables that have the same value as the 

original paper. Table 4 presents results of this analysis. I cannot replicate the impact 

estimates for the year 2001. However, for the year 2003, I am able to replicate the same 

impact estimates as the original paper. It means that the difference between the replicated 

results and the original results lie in the construction of variables, not in the methodology. 

An interesting analysis in Mu and van de Walle (2011) is to examine the 

determinants of heterogeneous impacts of the rural road project. More specifically, after 

estimating the effect of the rural roads on outcomes for each commune, Mu and van de 

Walle (2011) run OLS regressions of these specific impact estimates on commune 

characteristics variables to examine whether the effect of rural roads varies across 

communes of different characteristics. Overall, they find that some evidence on 

heterogeneity in the impact of rural roads. The impact of rural roads tends to be higher for 

the poorer communes since the poorer communes have low base levels of market 

development.   

 In this study, I also run regressions of the predicted impact of the rural project on 

explanatory variables using commune-level data. The regression results are presented in 

Tables from A.5 to A.10 in Appendix. None of our estimates are the same as Mu and van 

de Walle (2011), since there common supports are different and some of control variables 

are also different. However, most of the replicated estimates have the same sign as the 

point estimates in Mu and van de Walle (2011). 
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Table 2. Impacts of road rehabilitation/building for year 2001 

Outcomes 

Simple DD PS kernel matched DD PS weighted DD 

DD t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011)  

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

PS 
weighted 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

Market 

Market availability  -0.01 -0.16 0.00 0.03 0.91 0.03 0.03 0.85 0.04 

Market frequency  0.07 0.49 0.01 0.14 1.57 0.08 0.15 1.44 0.10 

Shop -0.05 -0.57 -0.02 -0.13 -1.23 0.01 -0.15 -1.35 0.08 

Bicycle repair shop  -0.09 -1.60 -0.08* -0.06 -1.26 -0.06 -0.06 -1.04 -0.04 

Pharmacy  0.09 1.44 0.08 0.05 0.70 0.04 0.04 0.57 -0.06 

Restaurant  0.11* 1.89 -0.03 0.13* 1.69 -0.01 0.14* 1.94 -0.01 

Women's hair dressing/ Men's barber 0.02 0.33 -0.04 0.06 0.73 -0.07 0.06 1.05 -0.07 

Men and women's tailoring  0.01 0.19 0.12 0.00 0.04 0.11 0.00 0.08 0.10 

Employment: % households whose main occupation is: 

% farm households  -0.77 -0.47 0.04 -0.73 -0.45 0.05 -0.42 -0.29 0.03 

% trade households  0.10 0.23 -0.05 -0.23 -0.34 0.03 -0.59 -0.68 0.03 

% service sector households  -0.65 -1.61 -0.06 -0.18 -0.40 -1.54 0.07 0.14 -1.03 

School enrolments  
         

Primary school completion (< 15 years)  -3.71 -0.65 0.00 1.82 0.27 0.15** 4.08 0.65 0.25** 

Secondary school enrolment rate  -0.52 -0.16 0.06 1.03 0.33 0.10 0.56 0.19 0.25 

This Table replicates the estimates of Table 3 in Mu and van de Walle (2011). 
Notes: The sample consists of the 85 project and 83 non-project communes on common support as determined by propensity score matching. T-ratio of kernel matching is 
obtained from bootstrapping (100 repetitions). 
 ** significant at 5 per cent level or higher; * significant at 10 per cent level.  
Standard errors of weighted DD estimations are robust to heteroskedasticity and serial correlation of communes within the same district. 
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Table 3. Impacts of road rehabilitation/building for year 2003 

Outcomes 

Simple DD PS kernel matched DD PS weighted DD 

DD t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

PS 
weighted 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

Market 

Market availability  0.07 1.27 0.09* 0.08** 2.28 0.08* 0.08** 2.00 0.09** 

Market frequency  0.16 1.02 0.19 0.18 1.60 0.23* 0.18 1.28 0.25** 

Shop -0.05 -0.71 0.03 -0.14 -1.52 0.08 -0.17* -1.70 0.14 

Bicycle repair shop  -0.05 -0.94 -0.04 -0.05 -0.73 0.02 -0.05 -0.92 0.03 

Pharmacy  0.14* 1.93 0.14* 0.16* 1.74 0.12 0.14 1.54 0.16 

Restaurant  0.08 0.83 0.05 0.04 0.47 0.01 0.04 0.36 0.05 

Women's hair dressing/ Men's barber 0.05 0.95 0.14* 0.08 1.04 0.18** 0.08 1.31 0.20** 

Men and women's tailoring  0.03 0.56 0.09 0.03 0.42 0.10 0.02 0.36 0.12* 

Employment: % households whose main occupation is: 

% farm households  -2.10 -1.35 -1.99 -2.49 -1.56 -2.04* -2.81** -2.11 -2.06** 

% trade households  0.70 1.41 0.57 0.80 1.47 0.36 0.70 1.22 0.58 

% service sector households  0.75** 2.40 1.01* 1.09** 2.16 1.68** 1.31* 2.04 1.72** 

School enrolments  
         

Primary school completion (< 15 years)  2.52 0.37 0.04 10.13 1.45 0.17** 9.89 1.35 0.30** 

Secondary school enrolment rate  -0.92 -0.31 0.10** 0.58 0.20 0.05 0.35 0.13 0.07* 

This Table replicates the estimates of Table 3 in Mu and van de Walle (2011). 
Notes: The sample consists of the 85 project and 83 non-project communes on common support as determined by propensity score matching. T-ratio of kernel matching is 
obtained from bootstrapping (100 repetitions).  
** significant at 5 per cent level or higher; * significant at 10 per cent level.  
Standard errors of weighted DD estimations are robust to heteroskedasticity and serial correlation of communes within the same district. 
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Table 4. Impacts of road rehabilitation/building for year 2003 

Outcomes 

Simple DD PS kernel matched DD PS weighted DD 

DD t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

PS 
weighted 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

Impacts in 2001          
Market availability  -0.00 -0.09 0.00 0.04* 1.90 0.03 0.04 1.06 0.04 

Bicycle repair shop  -0.08* -1.76 -0.08* 0.01 0.26 -0.06 -0.04 -0.76 -0.04 

% farm households  -0.28 -0.18 0.04 -1.02 -0.62 0.05 1.31 0.79 0.03 

% trade households  -0.06 -0.14 -0.05 0.18 0.16 0.03 -1.03 -0.94 0.03 

% service sector households  -0.68 -1.60 -0.06 0.84* 2.05 -1.54 0.10 0.26 -1.03 

Impacts in 2003          
Market availability  0.09* 1.83 0.09* 0.08* 1.85 0.08* 0.09** 2.19 0.09** 

Bicycle repair shop  -0.04 -0.89 -0.04 0.02 0.37 0.02 0.03 0.58 0.03 

% farm households  -1.99 -1.25 -1.99 -2.04* -1.67 -2.04* -2.06* -1.87 -2.06** 

% trade households  0.57 1.26 0.57 0.36 0.71 0.36 0.58 1.35 0.58 

% service sector households  1.01** 2.52 1.01* 1.68*** 2.43 1.68** 1.72*** 3.10 1.72** 

This Table replicates the estimates of Table 3 in Mu and van de Walle (2011). 
 
Notes: The sample consists of the 94 project and 95 non-project communes on common support as determined by propensity score obtained from the original paper. T-
ratio of kernel matching is obtained from bootstrapping (100 repetitions). 
 ** significant at 5 per cent level or higher; * significant at 10 per cent level. 
 Standard errors of weighted DD estimations are robust to heteroskedasticity and serial correlation of communes within the same district.
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4. Statistical replication 

 

After conducting pure replication, I conducted the so-called statistical replication. In the 

statistical replication, I conduct the two extensions: Sensitivity analysis of covariates and 

bandwidth selection and analysis of the effect of the road project on additional outcome 

variables 

 

4.1. Sensitivity analysis of covariates and bandwidth selection 

 

Analysis methods 

The main advantage of propensity score matching is that it does not rely on assumptions 

functional forms of outcomes. However, the point estimates as well as the standard errors 

of the propensity score matching estimators can be sensitive to the selection of control 

variables used in the logit (or probit) model to estimate the propensity score. The 

estimates might be also sensitive to magnitude of bandwidth in kernel matching. Thus, in 

the replication study, I also examine the sensitivity of the impact estimates to different 

bandwidths used in kernel matching. 

 The list of control variables (covariates) used in Mu and van de Walle (2011) is 

presented in Appendix. Variables that affect outcomes and program selection should be 

controlled in propensity score estimation. Obviously, variables which affect both the 

program participation and outcomes should be included the propensity score model (e.g., 

Ravallion, 2001; Caliendo and Kopeinig, 2008). Bryson, Dorsett, and Purdon (2002) argue 

that inclusion of irrelevant variables can increase the standard error of estimates. Zhao 

(2008) finds that overspecification of the model of the propensity score can bias impact 

estimates. However, using simulation Nguyen (2012) shows that efficiency in estimation 

of the Average Treatment Effect on the Treated can be gained if all the variables in the 

outcome equation are included in the estimation of propensity scores.    
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 A challenge in measuring the impact of Vietnam Rural Transport Project I is that 

the project selection is not fully observed. Although there are several criteria for selection 

of communes and road links such as cost, population density, share of ethnic minority 

population, the actual selection of the project communes is not clear and documented (Mu 

and van de Walle, 2011). In addition, there are a number of outcomes, and different 

outcomes can be affected by different explanatory variables. Thus Mu and van de Walle 

(2011) control variables that are important for program selection and other variables that 

can affect the program selection and outcomes. The control variables are listed in the 

Appendix.  

 In the replication study, I can examine the sensitivity of the program impact to two 

additional sets of control variables as follows: 

(i) Add pre-treatment outcomes to the logit regression of the program selection. Pre-

treatment outcome can be used as control in the regression of the propensity score 

to reduce the difference in outcomes between the treatment and control groups in 

the baseline (Dehejia and Wahba, 1998; Smith and Todd, 2005).  

(ii)  Limit covariates to those that are statistically significant in the logit regression of 

the program selection. Several control variables are statistically significant in Mu 

and van de Walle, (2011). They can be dropped, since these variables might affect 

the quality of matching of the key variables (Bryson, Dorsett, and Purdon, 2002; 

Zhao, 2008).   

I can also examine the sensitivity of the program impact estimates to the selection 

of bandwidth. Mu and van de Walle (2011) used the default bandwidth which is 0.06 in 

the kernel matching. In the study, I can use other bandwidth, e.g., 0.01, 0.03 and 0.09 for 

robust analysis. In addition, I can use a cross-validation method - a widely-used selection 

method of bandwidth in propensity score matching (Frolich, 2004; Galdo, 2010). This 

method selects the bandwidth as follows: 

                        ( ) 
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where 0n  is the number of control units, jy0  is the outcome of the control unit j,  

),(ˆ hpm jj−  is the estimated conditional mean for the control unit j at the propensity score 

jp  using all the control units within the bandwidth but except unit j. The bandwidth that 

has the smallest value of CVh  will be selected.  

 

Empirical results 

 

Table 5 presents the impact estimates of the road project using difference-in-differences 

with propensity score kernel matching method. It replicates the PS kernel matched DD 

estimates in Table 2 and Table 3. The difference between the estimation method in Table 

5 and the estimation method in Tables 2 and 3 is that the propensity scores used in Table 5 

are estimated using not only the covariates but also the baseline outcome variable 

(variable in 1997). For each outcome, the corresponding baseline variable is added to the 

logit regression. Thus the logit model differs for different outcomes. Although the results 

are not the same as Mu and van de Walle (2011), most impact estimates have the same 

sign as Mu and van de Walle (2011). Similar to Mu and van de Walle (2011), the effect of 

the project on market and the percentage of farming households is statistically significant. 

Table 5: Estimated impact of the road project using PS kernel matched DD: baseline 
outcome variable is controlled in estimating propensity scores 

Outcomes 

2001 2003 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

Market availability  0.029 0.771 0.03 0.084** 2.260 0.08* 

Market frequency  0.119 1.298 0.08 0.199* 1.803 0.23* 

Shop -0.080 -0.618 0.01 -0.115 -0.905 0.08 

Bicycle repair shop  -0.012 -0.273 -0.06 0.020 0.438 0.02 

Pharmacy  0.035 0.377 0.04 0.098 0.789 0.12 

Restaurant  0.103 1.546 -0.01 0.003 0.029 0.01 

Women's hair dressing/ Men's 
barber 

0.071 1.038 -0.07 0.078 1.184 0.18** 
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Outcomes 

2001 2003 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

Men and women's tailoring  0.026 0.523 0.11 0.039 0.674 0.10 

% farm households  -0.263 -0.182 0.05 -3.293* -1.872 -2.04* 

% trade households  -1.575 -1.596 0.03 0.514 1.130 0.36 

% service sector households  0.524 0.950 -1.54 2.273 2.562 1.68** 

Primary school completion (< 
15 years)  

9.670* 1.777 0.15** 12.483** 1.992 0.17** 

Secondary school enrolment 
rate  

0.594 0.115 0.10 1.245 0.276 0.05 

Notes: The sample consists of project and non-project communes on common support as determined by propensity 
score matching. T-ratio of kernel matching is obtained from bootstrapping (100 repetitions). 
The propensity scores are estimated using logit models which include covariates as Table A.2 in Appendix and also 
outcome variables. 
 ** significant at 5 per cent level or higher; * significant at 10 per cent level.  

 

In Table 6, the propensity scores are estimated using the logit regressions in which 

only covariates significant at the 10% level are kept. Table A.14 in Appendix presents the 

logit regression corresponding to outcome variables. The results show that most estimates 

have the same sign as those in Mu and van de Walle (2011). However, the effect is not 

significant for almost all outcomes.  

Table 6: PS kernel matched DD: only covariates and baseline outcome variable which are 
significant at the 10% level are controlled in estimating propensity scores  

Outcomes 

2001 2003 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

Market availability  0.000 0.004 0.03 0.064 1.198 0.08* 

Market frequency  0.049 0.336 0.08 0.154 1.016 0.23* 

Shop 0.001 0.014 0.01 -0.027 -0.316 0.08 

Bicycle repair shop  -0.036 -0.703 -0.06 -0.013 -0.241 0.02 

Pharmacy  0.044 0.554 0.04 0.063 0.732 0.12 

Restaurant  0.100* 1.679 -0.01 0.050 0.492 0.01 

Women's hair dressing/ Men's 
barber 

0.045 0.639 -0.07 0.038 0.514 0.18** 

Men and women's tailoring  0.040 0.790 0.11 0.022 0.361 0.10 

% farm households  0.138 0.092 0.05 -1.349 -0.883 -2.04* 

% trade households  -0.409 -0.703 0.03 0.317 0.677 0.36 
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Outcomes 

2001 2003 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

% service sector households  -0.271 -0.736 -1.54 1.194** 1.976 1.68** 

Primary school completion (< 
15 years)  

2.530 0.411 0.15** 6.056 1.169 0.17** 

Secondary school enrolment 
rate  

1.610 0.458 0.10 2.680 0.869 0.05 

Notes: The sample consists of project and non-project communes on common support as determined by propensity 
score matching. The propensity scores are estimated using logit models in Table A.3 in Appendix. 
T-ratio of kernel matching is obtained from bootstrapping (100 repetitions). 
 ** signif icant at 5 per cent level or higher; * significant at 10 per cent level.  

 

As mentioned, Mu and van de Walle (2011) used the default bandwidth which is 

0.06 in the kernel matching. There are no standard criteria to select bandwidth. Using a 

large bandwidth results in a larger number of matched control. It reduces the standard 

error, but increase potential bias, since I can match a participant with a very different non-

participant. On the contrary, using a small bandwidth can reduce the bias but increase the 

standard error of the impact estimates. I can vary the bandwidth to examine whether the 

impact estimates are sensitive to different bandwidths.  In Tables from A.11 to A.13, I 

used other bandwidth, e.g., 0.01, 0.03 and 0.09 for robust analysis. Three bandwidth 

schemes produce the same sign of the effect estimates of the project in 2003. However, the 

significance is slightly different between the three bandwidth schemes. For example, the 

effect of the road project on market availability is not significant using bandwidth of 0.01, 

while the effect of the road project on market availability is significant using bandwidths 

of 0.03 and 0.09. 

Finally, Table 7 presents the estimates when optimal bandwidth is used (Frolich, 

2004; Galdo, 2010). For each outcome, a bandwidth is estimated so that the difference in 

baseline outcomes between the treatment and control communes is minimized. The results 

are quite similar as those estimated using other bandwidths.   
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Table 7: PS kernel matched DD: Optimal bandwidth 

Outcomes 

2001 2003 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

PS kernel 
matched 

DD 

t-ratio Original 
estimates in 
Mu and van 

de Walle 
(2011) 

Market availability  0.026 0.692 0.03 0.081** 2.201 0.08* 

Market frequency  0.116 1.269 0.08 0.194* 1.782 0.23* 

Shop -0.058 -0.645 0.01 -0.083 -0.955 0.08 

Bicycle repair shop  -0.050 -0.726 -0.06 -0.025 -0.306 0.02 

Pharmacy  0.068 1.126 0.04 0.108* 1.727 0.12 

Restaurant  0.087 1.542 -0.01 0.058 0.725 0.01 

Women's hair dressing/ Men's 
barber 0.040 0.677 

-0.07 
0.048 0.828 

0.18** 

Men and women's tailoring  0.016 0.324 0.11 0.020 0.380 0.10 

% farm households  -0.677 -0.440 0.05 -3.623 -1.935 -2.04* 

% trade households  -0.066 -0.168 0.03 0.436 0.979 0.36 

% service sector households  0.593 0.926 -1.54 2.447** 2.505 1.68** 

Primary school completion (< 
15 years)  4.230 0.805 

0.15** 
9.605 1.628 

0.17** 

Secondary school enrolment 
rate  2.480 0.614 

0.10 
1.632 0.488 

0.05 

Notes: The sample consists of 85 project and 83 non-project communes on common support as determined by 
propensity score matching. The propensity score is estimated by the logit model in Table A.2 in Appendix. 
 T-ratio of kernel matching is obtained from bootstrapping (100 repetitions). 
 ** significant at 5 per cent level or higher; * significant at 10 per cent level.  

 

4.2. Additional outcome variables 

 

Mu and van de Walle (2011) focus on the effect of the road project on market 

development, employment and education. Roads are very important for rural economy. 

Thus in this study, I examine the effect of the road project on additional outcome variables 

using the same method and data used by Mu and van de Walle (2011). The surveys 

contain very detailed data on commune living standards. The outcome variables are 

selected based on the data availability. The road project is also expected to have a 

significant effect on these outcomes.  

 The first outcome is the access to credit. Distance to banks and a credit institution 

is negatively correlated with the access to credit in Vietnam (Nguyen, 2008). Rural roads 
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are expected to reduce the distance to lenders and increase the credit access of households. 

The second outcome is the migration, out-migration and in-migration. Roads can reduce 

the cost of mobility and increase migration (Lucas, 2001).  

 Tables 8 and 9 present the impact estimates of the project on credit and migration 

using the same three methods as Mu and van de Walle (2011). Overall, there are no 

significant effects of the road project on credit access and migration of households in 

project communes. 

Table 8: Impact of the road project on credit and migration in 2001 

 

Simple DD PS kernel matched DD PS weighted DD 

Estimates t-ratio Estimates t-ratio Estimates t-ratio 

Number of credit sources available 
in communes 

-0.050 -0.330 -0.090 -0.410 -0.148 -0.841 

There is a branch of Agricultural 
Bank in commune 

0.082 1.501 0.055 0.739 0.071 1.317 

Number of households borrowing 
from a credit source 

192.8** 1.997 139.1 1.098 95.05 0.676 

% households in commune who 
borrowing from a credit source 

8.171 1.367 6.992 1.109 5.393 0.723 

Loan size per borrowing household 
(million VND) 

-0.722 -1.093 -0.455 -0.815 -0.426 -0.521 

There are private lenders in 
commune 

-6.166 -0.671 1.685* 0.187 2.704 0.260 

Percentage of people leaving 
commune temporarily 

0.100 0.230 -0.096 -0.163 -0.191 -0.348 

Percentage of men leaving 
commune temporarily 

-0.041 -0.062 -0.255 -0.298 -0.349 -0.411 

Percentage of women leaving 
commune temporarily 

0.210 0.857 0.032 0.094 -0.057 -0.201 

Percentage of households having 
member permanently leaving 

1.015 0.906 1.789 1.069 2.115 1.189 

Percentage of people coming to 
commune temporarily 

0.006 0.018 -0.218 -0.885 -0.368 -1.384 

Percentage of households coming to 
commune permanently  

0.005 1.349 0.004 1.160 0.003 0.961 

Notes: The sample consists of 85 project and 83 non-project communes on common support as determined by propensity 
score matching. The propensity score is estimated by the logit model in Table A.2 in Appendix. 
 T-ratio of kernel matching is obtained from bootstrapping (100 repetitions). 
 ** significant at 5 per cent level or higher; * significant at 10 per cent level.  
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Table 9: Impact of the road project on credit and migration in 2003 

 

Simple DD PS kernel matched DD PS weighted DD 

Estimates t-ratio Estimates t-ratio Estimates t-ratio 
Number of credit sources available 
in communes 

0.230 1.495 0.196 0.712 0.109 0.487 

There is a branch of Agricultural 
Bank in commune 

-0.036 -0.692 -0.013 -0.216 -0.001 -0.009 

Number of households borrowing 
from a credit source 

262.8* 1.909 236.5 1.590 192.4 1.125 

% households in commune who 
borrowing from a credit source 

10.400 1.613 9.307 1.267 7.416 0.887 

Loan size per borrowing household 
(million VND) 

41.243 1.010 0.975 0.876 41.167 1.009 

There are private lenders in 
commune 

-9.639 -0.920 -1.566 -0.143 -3.774 -0.388 

Percentage of people leaving 
commune temporarily 

-0.087 -0.218 -0.403 -0.818 -0.562 -1.265 

Percentage of men leaving 
commune temporarily 

-0.337 -0.611 -0.693 -1.067 -0.895 -1.535 

Percentage of women leaving 
commune temporarily 

0.174 0.588 -0.111 -0.288 -0.219 -0.630 

Percentage of households having 
member permanently leaving 

1.461 1.445 2.011 1.285 2.233 1.263 

Percentage of people coming to 
commune temporarily 

-0.437 -0.883 -0.989* -1.645 -1.156 -1.560 

Percentage of households coming to 
commune permanently  

0.002 1.060 0.001 1.208 0.001 0.815 

Notes: The sample consists of 85 project and 83 non-project communes on common support as determined by propensity 
score matching. The propensity score is estimated by the logit model in Table A.2 in Appendix. 
 T-ratio of kernel matching is obtained from bootstrapping (100 repetitions). 
 ** significant at 5 per cent level or higher; * significant at 10 per cent level.  

 

5. Conclusions 

 

Rural road is one of key factors for the rural development. Mu and van de Walle (2011) is 

an influential study which finds a positive effect of rural road in local market development 

in Vietnam. In this study, I tried to replicate the estimates of Mu and van de Walle (2011) 

using the raw data sets provided by the authors. I am able to produce quite similar results 

as the original paper. However, several estimates are not the same as those from the 

original paper. A possible reason for the difference in that the raw data sets that Mu and 

Van de Walle provided for me might not be the same raw data sets used for Mu and van 
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de Walle (2011). Data collectors sometime clean and update cleaned data sets. As a result, 

different versions of data sets might exist.   

In addition to the pure replication, I conducted the so-called statistical replication. 

In the statistical replication, I conducted the two extensions: Sensitivity analysis of 

covariates and bandwidth selection and analysis of the effect of the road project on 

additional outcome variables. It finds that the impact estimates of the road project are not 

sensitive to the selection of bandwidth in kernel propensity score matching. However, 

using only covariates which are significant in the logit regression tends to reduce the 

statistical significance of the impact estimates. Finally, there are no significant effects of 

the road project on credit access and migration of households in project communes. 

 Overall, I find similar findings on the impact of the rural road project as Mu and 

van de Walle (2011). It indicates that the positive effect of rural road on local market 

development. Thus, the government can provide investment in rural roads to improve 

local market and welfare.    
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Original authors’ feedback on “Impacts of Rural Road on Household Welfare in Vietnam: evidence 

from a Replication Study” 

This paper reports on a replication of our 2011 study “Rural roads and local market development in 

Vietnam” by Ren Mu and Dominique van de Walle, Journal of Development Studies 47(5) 2011.  

Replication studies are dependent on the availability of a certain amount of documentation on what was 

done in the original study.  But this too applies to one’s ability to judge a replication study.  It is difficult 

for the reader to judge the replication given the paucity of detail on what was done exactly, including 

how variables were constructed.   

The replication focuses primarily on the (very) small differences found in the attempt to replicate. The 

key discrepancies appear to arise from the following two factors.  

The first important difference is that the replication uses 198, not 200 observations for the PSM logit 

regression.  This means that the propensity scores and the common support are slightly different, so 

that different estimates result. The differences are fairly small and it is no surprise that they are there.  

The author notes that he drops the 2 communes due to missing values in some explanatory variables.  

He doesn’t say which variables have missing values.  But, based on the data we have, two variables – the 

share of crop land and share of perennial crop land – have missing values for two observations in 

1997.  Assuming that these are attributes that are relatively sticky over time and given that they are not 

of interest as outcomes, we replaced these with the values for the same communes in 1999 and were 

able to run the regression with 200 observations. This seems the obvious thing to do.  We suspect that if 

the authors of the replication study had done so then the replication would have been more exact.  

The second key difference stems from the author’s different definition of a few outcome variables.  We 

were able to find all the necessary variables and reproduce the same numbers as in the published article 

for adult illiterate, credit availability, men’s barber, women’s hair dressing, primary school completion 

and secondary school enrolment rate (the variables that differ).  We have no idea why the replication 

study could not get the same numbers.  We had men’s barber and women’s hair dressing coded 

separately while the replication has them as one variable.   The primary school completion in the 

replication study is way too high and has a puzzling decreasing time trend.  Ours started with about 31% 

in 1997 and increased to 37% in 2003, which seems a more sensible trend, given the time and 

context.  We suspect there are errors in the replication study, but beyond these observations it is hard 

to say what they might be.   

In sum, the replication is using a different sample (based on a different PSM logit regression) and 

occasionally differently defined variables.  It is no wonder that the results are not exactly the same.  It is 

difficult for us to say much more about the replication.   

As well as presenting its own estimated variable means and estimated impacts, the paper reports the 

difference between its replicated estimates and those given in the original paper by noting the 

difference between them as 0%, <10% or >10% difference.  Although most estimates have 0 or less than 

10% difference between them, this way of presenting the results tends to exaggerate the differences.  



 

2 
 

For example, in one case the author reproduces the original table 1 which gives mean baseline 

characteristics for communes classified by median household per capita consumption, and gives his own 

version (also as Table 1).  In most cases, the means are the same.  In many of the <10% difference cases, 

the differences are miniscule and look like they could be due to rounding off errors.  For example, for 

Market availability, this paper reports 0.31 and 0.66 compared the original paper’s 0.32 and 0.63.  For 

bicycle repair shop, it is 0.54 and 0.88 versus 0.53 and 0.88.  In only four cases, the means are very 

different and are undoubtedly defined differently.  As noted above, in the case of women and men’s 

hairdressing services, the variable is aggregated while the original paper reported them separately. For 

the other three, different definitions have clearly been used by the original study and the replication. 

The results part note in various places (e.g. page 12, page 18, page 19) that “most of the impact 

estimates replicated in this study have the same sign” as in the original study.  That too gives the wrong 

impression.  Not only are they of the same sign, they are often the same or extremely similar.  The paper 

exaggerates small differences.  

In the end, the paper concludes that the differences are due to differences in the construction of the 

variables and not due to methodological issues.  What is remarkable is how little the qualitative 

conclusions alter and this is surely notable.  The replication finds no faults with any of the do files or the 

methods used.  The only problem is with some of the data cleaning documentation.  The replication 

study might also comment on the degree to which the original paper provides details on definitions and 

what it has done.  It is obviously not perfect but compared to most published papers it is quite detailed.  

We would like to see the paper focus not only on the very small differences but the incredible similarity 

of the results.      

The replication tests sensitivity of the original results to changing the bandwidth in the kernel matching 

and to adding different covariates to the logit model used to compute the propensity scores.  None of 

these tweaks changes the results.  However, we are not sure that what is done in the second change 

makes much sense.  First, the baseline value of each outcome variable is added singly to the logit model 

and propensity scores (PS) computed.  Thus a different logit model and PS are estimated for each 

outcome. Common support presumably alters at times too. This seems a very strange thing to do.  First, 

the original logit already contains baseline proxies for most outcome variables.  Second, the PS is meant 

to estimate the probability of each commune getting the road project.  This will clearly not vary by 

outcome variable.  Finally a balancing test showed that baseline outcomes are similar after matching. 

The paper has not followed standard practice in these respects.  

The paper also argues that the logit should be pruned of all covariates that have lower than 10% 

statistical significance citing a paper that argues that “inclusion of irrelevant variables can increase the 

standard error of the estimates.” But the fact that a covariate is not statistically significant does not 

imply that it is irrelevant.  Clearly the characteristics of poor Vietnamese communes in 1997 are likely to 

have been highly correlated and as a result insignificant in the logit model.  This does not mean that they 

should be excluded.   One would need to be very careful in deciding what attributes were or were not 

relevant.    
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