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2.  TECHNOLOGY ADOPTION AND THE TIMING OF EVALUATIONS 

Many antipoverty interventions are evaluated within three to five years of implementation, often because 
of project implementation cycles. However, short-term measures of program impacts may be misleading. 
King and Behrman (2008) have argued that the timing of the evaluation—how long after the program is 
introduced, and the duration of exposure of the target group to the program—is an important but 
relatively understudied issue in program evaluation. The timing of the evaluation is particularly important 
for evaluating programs that require changes in the behavior of both service providers and service users—
if one evaluates too early, one risks finding only partial or no impact; if one waits too long, one risks 
losing donor and public support for the program or a scaling up of a badly designed program (King and 
Behrman 2008, 3).2

Figure 1 presents a typical S-shaped diffusion curve, characterized by an initial introductory 
period with a relatively low adoption rate but a high rate of change of adoption (Sunding and Zilberman 
2001). During the takeoff period, the innovation (technology) penetrates the potential market, and the 
marginal rate of diffusion increases. A period of saturation follows, during which diffusion rates are slow, 
marginal diffusion declines, and diffusion reaches a peak. Finally, for most innovations, a period of 
decline ensues, during which the innovation is replaced by a new one. Depending on where the 
technology is on the diffusion curve, the timing of the impact evaluation may lead to vastly different 
results about the effectiveness of the new technology. Timing issues are particularly important in 
comparing different types of technologies, which may have different diffusion curves owing to the 
presence (or absence) of fixed costs, and therefore different patterns of long-term impact, as illustrated by 
Figure 2.

 They argue that the duration of exposure to a treatment might vary across program 
areas and beneficiaries, thus leading to different estimates of program impact, because of three broad 
reasons. First, organizational factors create leads and lags in program implementation—implementing 
agencies typically have to roll out a program, service providers have to be trained, and the necessary 
supplies and equipment have to be in place. Second, spillover effects can arise from learning and adoption 
by beneficiaries and possible contamination of the control groups. Third, responses to the treatment may 
be heterogeneous; in the particular case of education- and health-related programs, age and cohort may 
interact significantly with the duration of the program. In addition, the dissemination and adoption of 
agricultural technologies also require changes in the behavior of extension agents and farm households, 
respectively, and leads, lags, and spillover effects are a part of the agricultural technology diffusion 
process as well. However, evaluating long-term impact must also take into account the nature of the 
technology (whether lumpy or divisible) and the nature of the diffusion process itself.  
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 A lumpy technology that involves high fixed costs may have negative short-term returns, 
relatively limited diffusion throughout the population, and possibly high long-term returns to those that 
adopted early, as they reap returns to “learning by doing” (upper panel of Figure 2). A more divisible 
technology may yield higher short-term gains because the technology is easy to adopt, but diffusion and 
learning from others’ experience may lead to later adopters’ gaining more than early adopters (bottom 
panel of Figure 2). Comparing these two programs for which the time path of impact differs, an 
evaluation undertaken at time t1 would indicate that the case in the bottom panel (divisible technology) 
has a greater impact than the case in the top panel (lumpy technology), whereas an evaluation at time t3 
would suggest the opposite result.  

                                                      
2 Although the King and Behrman (2008) paper was written in the context of evaluating social programs, it is also relevant 

to programs disseminating agricultural technologies. 
3 This discussion adapts the exposition of King and Behrman (2008) to the evaluation of two different agricultural 

technologies. 
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Figure 1. Diffusion of an agricultural technology over time 

 
Source: Sundling and Zilberman (2001). 

Figure 2. Timing of impact evaluation and impact estimates 

 
Source: King and Behrman (2008). 
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Yet another complication is introduced by the timing of the initial survey round. In many “real-
world” evaluations, the initial round may not correspond to a true baseline, that is, before the introduction 
of the intervention. If the initial round is conducted after the technology is introduced, and another round 
is conducted later on, difference-in-differences estimates in impact do not necessarily use absence of the 
intervention as the reference point. To illustrate, Figure 3 shows the time profile of gains from the 
adoption of a technology, where we assume that the higher curve is for the treatment group and the lower 
curve, the comparison group. If the initial survey is collected a few years after the technology was 
disseminated, the outcome levels among the treatment households already reflect the short-run impact 
(difference A in Figure 3). The difference in endline outcomes, on the other hand, reflects the long-term 
impact (difference B in Figure 3), which could be lower than the short-run impact because of the type of 
intervention (in this case, a technology that is easily transferred). The impact measured by (B - A), or the 
“difference-in-difference” is therefore the impact over and above the short-term impact, and could be 
called the “sustained impact” of the intervention. 

Figure 3. Short-term and long-term impacts of agricultural technology 

Source: Authors’ creation. 

Another incentive (or disincentive) of adoption of new varieties is the affect they have on profits. 
One could argue that adoption of high-yielding varieties may lead to higher supply and thereby reduce the 
price of the product. The impact on revenue, however, depends on the price elasticity of demand for these 
products. We will not go into the details of the price elasticity of demand and its impact on profits here, 
but rather present price trends of selected vegetables and fish for a 9-year period between 2001-2009 in 
Bangladesh, in Figures 4 and 5, respectively. These figures show that prices of both commodity 
categories remained more or less stable in the first four to five years (although fish prices are higher in 
absolute terms) and then started to rise (which may be a reflection of the food price crisis of 2007-08). 
Given that the prices remained stable for most of the period between the two surveys, it is unlikely that 
the households’ decision to adopt the new technologies is adversely affected by the impact on prices.4

                                                      
4 Although the prices presented are national average prices that may not reflect the actual price patterns faced by the 

households in our sample, vegetables and fish are widely-marketed commodities both in our study sites and nationally, so we do 
not expect a large divergence between local and national price patterns. 
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Figure 4. Fish price, 2001-09 

 
Source: Bangladesh Bureau of Statistics. 
Note: Prices reported in Bangladeshi taka. 

Figure 5. Vegetable prices, 2001-09 

 
Source: Bangladesh Bureau of Statistics. 
Note: Prices reported in Bangladeshi taka. 
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3.  DATA AND SAMPLING 

An Overview of the Agricultural Technology Interventions 
In 1996–1997, the International Food Policy Research Institute and Data Analysis and Technical 
Assistance Ltd. (DATA) conducted the initial survey for this study to examine the impacts of improved 
vegetable and polyculture fish management technologies on household resource allocation, income, and 
nutrition. The initial study also aimed to uncover intrahousehold and gender-differentiated impacts of the 
new technologies, so data were collected on individuals within households. Households were surveyed in 
three sites in rural Bangladesh where NGOs and specialized extension programs disseminated new 
vegetable and fish technologies. The sites were (1) Saturia thana, Manikganj district (referred to 
subsequently as Saturia); (2) Jessore Sadar thana, Jessore district (referred to subsequently as Jessore); 
and (3) Gaffargaon thana, Mymensingh district, and Pakundia and Kishoreganj Sadar thanas, 
Kishoreganj district (subsequently referred to collectively as Mymensingh). The agricultural technologies 
and extension programs at each site are unique, resulting in three case studies that may be compared (see 
Table 1).5

Table 1. Study sites, technologies, and approaches 

 

 Satur ia Jessore Mymensingh 
Community characteristics Less than two hours 

northwest of Dhaka; some 
access to Dhaka markets; 
high levels of NGO activity; 
low-lying, flood-prone area 

Close to western border with 
India; less socially 
conservative but politically 
volatile 

Four to five hours north of 
Dhaka; remote and socially 
conservative; not flood 
prone; some water shortages 
in dry season 

Agricultural technology Privately grown vegetables 
on homestead plots 

Group-operated polyculture 
fishponds 

Privately-operated 
polyculture fishponds 

Institution originating 
technology 

World Vegetable Center World Fish Center World Fish Center 

Dissemination approach Training and credit to all 
adopters, all of whom are 
members of women’s groups 

Training to some members 
of each adopter group; credit 
to all group members 

Training to all adopters; 
credit to poor adopters 

Type of disseminating 
institution  

Small local NGO Medium-sized local NGO Government ministry 
extension program 

Target group Women NGO members in 
households with marginal 
landholdings 

Poor women, NGO 
members, predominantly 
landless 

Individual or joint pond 
owners 

Source: Updated from Hallman, Lewis, and Begum (2007). 
Notes: World Vegetable Center was formerly the Asian Vegetable Research and Development Center; World Fish Center was 
formerly the International Center for Living Aquatic Resource Management; NGO = nongovernmental organization. 

Vegetable intervention. The vegetable intervention is an example of a small-scale, divisible 
technology that can be easily adopted, copied, and disseminated. In Saturia, credit and training in small-
scale vegetable growing were introduced by a (then small) local NGO, Gono Kallayan Trust (GKT), to 
women who grow vegetables on small plots on or near the household compound. These vegetable 
varieties were initially developed at the World Vegetable Center in Taiwan (formerly the Asian Vegetable 
Research and Development Center, or AVRDC), adapted to Bangladesh conditions at the Bangladesh 
Agricultural Research Institute, and introduced by GKT. GKT has been operating in Saturia since 1987, 
and in March 1994, two years prior to the initial survey, GKT added vegetable production using the 

                                                      
5 This description draws from Quisumbing and de la Brière (2000), Hallman, Lewis, and Begum (2007), and recent field 

visits by the authors. 
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improved seeds to its portfolio of income generation programs.6

Fish intervention. In contrast to the vegetable technology, the polyculture fish technologies have 
larger entry requirements: ownership or control of a pond, which involves having access to land where the 
pond is located, and excavation costs. In 1988, the World Fish Center (formerly known as the 
International Center for Living Aquatic Resource Management, or ICLARM) began providing technical 
advice to the Fisheries Research Institute (FRI) in Mymensingh in regard to polyculture fish production 
and other fish culture technologies.

 Selected GKT extension agents received 
training in the new vegetable technologies at AVRDC sites outside Bangladesh. GKT has grown over 
time into a well-established local NGO, with its own training and conference center, and the improved 
vegetables are now grown all over Saturia. 

7 Although the basic requirements for polyculture fish cultivation were 
similar in the Jessore and Mymensingh sites, the implementing agencies used strikingly different modes 
of dissemination. These agencies also provided different solutions to overcoming the initial barrier to 
entry—the requirement of owning, or having access to, a pond for cultivation. In Jessore, dissemination 
took place through a medium-sized local NGO, Banchte Shekha. Banchte Shekha arranged long-term 
leases of ponds that are managed by groups of women (ranging in number from 5 to 20) who received 
credit and training in polyculture fish production methods.8

In contrast, in Mymensingh, the implementing organization did not attempt to facilitate 
households’ access to ponds. To participate in the program, households had to already own or manage a 
pond, or share pond ownership with other households. The Mymensingh Aquaculture Extension Program 
(MAEP) began operating in July 1990 and was jointly implemented through MAEP extension agents and 
15 Department of Fisheries extension agents. They provided training to relatively better-off households 
and training with credit to relatively poorer households, directed at both men and women, but men more 
often than women. The Danish International Development Agency (DANIDA)–funded MAEP program 
ended in 2003, and the extension function was absorbed by the Department of Fisheries.

 Banchte Shekha extension agents have 
received training from both ICLARM and FRI personnel in pond management for polyculture fish 
production since 1993, so the intervention was three years into implementation when the baseline was 
conducted. Banchte Shekha continues to train women’s groups in fish technologies, although groups have 
begun to graduate from its credit programs and to manage their fishponds without Banchte Shekha’s 
assistance.  

9

Table 2 shows the extent of adoption of the technologies at the time of the initial survey, based on 
a census of households. Hallman, Lewis, and Begum (2007) point out that with the exception of the 
fishpond technologies in Mymensingh, the technologies would have been available to the disseminating 
institutions in both Saturia and Jessore for only two to three years in each site. Therefore, households in 
those two sites would have had even shorter experience with the technology at the time of the initial 
survey. Because the technologies would have been disseminated prior to the initial survey, our initial 
survey is not a true baseline (in terms of its being fielded prior to the start of the intervention). As is 
discussed later, we take the timing of the intervention into account when choosing variables with which to 
create a statistical comparison group.  

 

                                                      
6 The improved vegetables introduced include tomato, okra, Indian spinach (pui shak), red amaranth (lal shak), radish, 

eggplant, amaranth (data), kangkong (kalmi shak), mung bean, and sweet gourd (Hallman, Lewis, and Begum 2007, 104). 
7 Seven fish species were promoted: silver fish, carp (katla), rohu (rui), mrigel, mirror carp, sharputi, and grass carp. Black 

fish (kalibouchi), shrimp, and tilapia are also cultivated (Hallman, Lewis, and Begum 2007, 106). 
8 Some groups also took advantage of a food-for-work program to excavate joint ponds. 
9 The Mymensingh Aquaculture Extension Program was implemented in three phases between 1989 and 2003. Phase I 

(1989–1993) was a pilot project, with the aim of developing an extension system and spreading the results of DANIDA-
supported aquaculture research to pond owners and people with access to ponds, in order to increase the production of fish 
protein in selected upazilas of Mymensingh district. Phase II (1993–2000) was intended to increase fish production and was an 
extension of Phase I programming. It was implemented through a “crash” program in selected upazilas of seven districts, 
including Mymensingh. Phase III (2000–2003) was a consolidation phase, which was intended to finalize the approach of partner 
NGOs and the Department of Fisheries as initiated in Phase II, and to ensure the self-sustaining capacity of aquaculture extension 
at upazila and farmer levels. This phase was extended (at no cost) for an additional year to help ensure a well-planned phase-out 
and adequate documentation (Orbicon and Lamans 2009). 
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Table 2. Study sites and extent of adoption 
 Satur ia Jessore Mymensingh 
Technology Vegetables Group ponds Private ponds 
Adopters as percentage of households in treatment villages (percent) 40 16 50 
Year technology introduced 1994 1993 1990 
Survey inception year 1996 1996 1996 
Elapsed time between introduction of technology and beginning of 
household survey (years) 

2 3 6 

Source: Hallman, Lewis, and Begum (2007). 

Selection of the initial sample. In each of the three sites, selection of households for the survey 
was preceded by a census of households in two types of villages: (1) treatment villages, where the 
disseminating institution had introduced the technology, and (2) comparison villages, where the 
technology had not yet been introduced but where the disseminating institution had planned eventually to 
introduce it. In both types of villages, the disseminating institution delivered the same type of supporting 
service (mainly microfinance). In each site, treatment and comparison households in both village types 
were affiliated with the same disseminating institution and undertook the same agricultural activities, but 
those in comparison villages did not have access to the improved technologies. Although the interventions 
were not randomized across villages, a comparison of village characteristics indicated few significant 
differences between case and comparison villages in infrastructure and access to services (Bouis et al. 
1998); in this paper, we are able to ensure that treatment and comparison groups are statistically 
comparable, using matching methods (see Section 4).  

The household survey then collected data across four different rounds covering a complete 
agricultural cycle in 1996–1997 for three types of households: (1) adopting households in villages with 
the technology; (2) likely adopter households (NGO members who expressed interest in adopting the 
technology) in the villages where the technology was not yet introduced; and (3) a cross-section of all 
other non-adopting households representative of the general population in the villages under study (non-
NGO members plus NGO members not likely to adopt). For households in each of these groups, a four-
round survey collected detailed information on production and other income-earning activities by 
individual family member, expenditures on various food, health, and other items, food and nutrient 
intakes by individual family member, time allocation patterns, and health and nutritional status by 
individual family member. See Bouis et al. (1998), Quisumbing and Maluccio (2003), and Hallman, 
Lewis, and Begum (2007) for more details on information collected during the baseline survey. 

The 2006–2007 Follow-Up 
In 2006, IFPRI, DATA, and the Chronic Poverty Research Centre (CPRC) began a major study to 
resurvey the households surveyed in evaluations of three antipoverty interventions, including the 
agricultural technology study sites. Although the focus of this study was on understanding the drivers and 
maintainers of chronic poverty in rural Bangladesh, the intervention-comparison groups were maintained 
from the previous study. In addition, children who had left the original household and set up their own 
households were tracked as long as they had not migrated from their district. Findings from this integrated 
qualitative/quantitative study are found in Davis (2007), Quisumbing (2007), and Baulch and Davis 
(2008).10

                                                      
10 Phase I involved single-sex focus group discussions to elicit perceptions of changes, their perceptions of the interventions 

under study, and the degree to which the interventions affected people’s lives (compared with other events in the community) 
(Davis 2007). Phase II was a quantitative survey of the original households and new households that have split off from the 
original households that have been found in the same district (Quisumbing 2007). Phase III consisted of a qualitative study based 
on life histories of 140 selected households, focusing on the years between the original survey and the most recent survey 
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This paper is based on the quantitative survey undertaken in Phase II of the IFPRI/DATA/CPRC 
study, which took place from November 2006 to March 2007, the same agricultural season as the original 
survey. The household survey questionnaire was designed to be comparable across sites and also to 
facilitate comparability with the original questionnaire from the evaluation studies. A community-level 
questionnaire was administered to key informants at this stage to obtain basic information on each village 
and changes since the last survey round. In the agricultural technology sites, the survey covered 957 core 
households that took part in the original survey and 280 “splits” from the original household. Attrition 
between the baseline and 2006–2007 rounds is relatively low, ranging from 0.4 percent per year in the 
Saturia and Jessore sites and 1.1 percent per year in the Mymensingh site (Table 3).11

Table 3. Distribution of surveyed households, core households, and split, by intervention site, 
2006-2007 

 Although low, the 
attrition is not random, and it is driven by demographic effects: households with a larger proportion of 
persons older than age 55 were more likely to leave the sample (Quisumbing 2007). Unobserved 
locational effects are also clearly important determinants of attrition. Households in Manikganj district 
were significantly less likely to leave the agricultural technology sample, probably reflecting the ease of 
interviewing in Manikganj, which is close to Dhaka, and where NGOs have been working for a long time. 
In contrast, the two thanas in the individually operated fishponds sites, which are traditionally more 
conservative, have much higher attrition rates.  

 Number  of households in 2006-2007 survey round 
 

Households 
lost due to 
migration, 

absence, death, 
or  merging 

 New households due to 
household division 

 

Or iginal 
households 

reinterviewed 

Total number  
of households 
in 2007 round 

 
Attr ition 

  

Total Interviewed 

  

Percent 
attr ited 

Percent 
attr ited 

per  
year  

Saturia: 
Improved 
vegetables 

13  109 96  313 409  4.0 0.4 

Jessore: 
Group 
fishponds 

15  139 124  324 448  4.4 0.4 

Mymensingh: 
Individual 
fishponds 

40  100 60  320 380  11.1 1.1 

Source: IFPRI Chronic Poverty and Long-term Impact Study in Bangladesh Dataset. 

Household Characteristics and Adoption Status 
Given the long time interval between the introduction of the technology and the most recent survey, one 
would expect that the technology, if profitable, would have been more widely adopted, not only by 
potential adopters but even by those households in the village who may not have been eligible for the 
program because they were not members of NGOs. Given this long-term view, and because of our interest 
in implementation modalities, we use alternative definitions of the treatment sample. We first compare 
households who were early adopters of the technology and those who were late adopters (NGO members 
who obtained the technology later, as well as households chosen to be representative of the general 

                                                                                                                                                                           
(Baulch and Davis 2008). 

11 Our attrition rates compare quite favorably with the longitudinal datasets reviewed in Alderman et al. (2001), where 
attrition rates range from 6 to 50 percent between two survey rounds and 1.5 to 23.2 percent per year between survey rounds. 
Although we did not have the resources to track all splits that had migrated to other districts, we obtained names and addresses of 
migrants from their parents or neighbors. All in all, we were able to track and interview 75 percent of household splits. 
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population). Second, we assess whether early access to the technology, conditional on program 
membership, offers long-term benefits to early adopters. Because selection into the program may be 
endogenous to household characteristics, some of which are unobservable and therefore will not be 
corrected for using matching methods, a comparison based on program members alone would reduce 
selection bias arising from unobservables. This second comparison is similar to that in the Bouis et al. 
(1998) and the Hallman, Lewis, and Begum (2007) studies, which evaluated short-term impacts by 
comparing adopters and potential adopters among program members.  

Table 4 presents household characteristics for early adopters and other households during the 
initial survey, and per capita consumption expenditures (in 2007 prices) and poverty status in 1996–1997 
and 2006–2007. Despite the differences in household characteristics across sites, it is noteworthy that per 
capita expenditures in all sites have increased in the 10 years between the initial and the 2006–2007 
survey rounds, and that the percentage of households below the poverty line (based on the 2005 
Bangladesh Bureau of Statistics upper poverty line, adjusted to 2006–2007 prices) has decreased by 4 to 5 
percentage points per year. In 1996–1997, households in the individually operated fishponds site 
(Mymensingh) had larger areas of land owned and higher proportions of household members who have 
completed both primary and secondary schooling. This did not necessarily translate to higher per capita 
expenditures or lower initial poverty incidence versus the other sites, although by 2006–2007, both early 
adopters and other households in the individually operated fishponds sites had higher per capita 
expenditures, on average, than the other sites. 

In 1996–1997, early adopters did not differ significantly from late adopters in Saturia, although 
some differences in initial characteristics can be discerned in the other two sites. Early adopters in Jessore 
had significantly lower percentages of female household members between 0 and 4 years of age and 
higher percentages of males between 15 and 54 years of age. Early-adopter households in Mymensingh 
had better-educated household heads, higher percentages of males with secondary schooling and females 
with primary schooling, and significantly larger family sizes. In terms of per capita expenditures, 
however, the only significant differences are noticeable in Jessore, where early adopters had significantly 
higher per capita expenditures and lower poverty incidence in 1996–1997 compared with the late-
adopting group. Given the differences in initial characteristics between early- and late-adopting groups, 
particularly in the fishponds sites, controlling for potential differences between these groups that might 
confound the estimation of program impacts is important.  



 

12 

Table 4. Characteristics of households in agricultural technology study sites, by treatment/control status 
 Improved vegetables  Group-operated fishponds  Individually operated fishponds 

 Treatment Control 
Means test 
(p-value) 

 
Treatment Control 

Means test 
(p-value)  Treatment Control 

Means test 
(p-value) 

Age of household head 45.41 44.95 0.77  44.72 43.13 0.25  46.22 46.03 0.91 
Whether female-headed household 0.04 0.07 0.23  0.07 0.06 0.68  0.00 0.01 0.22 
Education of household head (years of schooling) 2.36 2.18 0.69  2.62 2.72 0.81  5.17 4.11 0.04** 
Percentage of males with primary schooling 16.24 13.48 0.20  15.49 12.86 0.22  22.17 19.52 0.26 
Percentage of males with secondary schooling 2.66 3.47 0.44  3.96 3.03 0.38  10.86 5.78 0.00*** 
Percentage of females with primary schooling 7.83 5.83 0.16  9.54 8.17 0.38  16.50 10.90 0.00*** 
Percentage of females with secondary schooling 0.25 0.51 0.43  0.78 0.68 0.85  2.29 1.67 0.41 
Area of land owned at baseline (in decimals) 106.71 105.70 0.95  121.92 110.75 0.61  280.54 177.61 0.00*** 
Household size 5.56 5.51 0.89  5.19 5.22 0.92  6.88 5.59 0.00*** 
Percent males 0–4 years 4.91 5.20 0.80  3.92 4.14 0.83  5.12 6.12 0.41 
Percent females 0–4 years 4.47 5.28 0.50  2.55 5.08 0.02**  4.88 4.66 0.83 
Percent males 5–14 13.91 13.24 0.71  12.21 14.09 0.27  13.46 11.52 0.23 
Percent females 5–14 12.28 11.03 0.46  11.74 10.97 0.64  11.74 9.96 0.24 
Percent males 15–54 29.59 28.74 0.62  30.83 27.86 0.10*  29.72 30.40 0.70 
Percent females 15–54 27.31 27.87 0.69  30.30 29.85 0.77  23.19 24.88 0.27 
Percent males 55 and over 3.81 3.14 0.44  5.10 4.35 0.49  6.16 6.46 0.81 
Percent females 55 and over 3.72 5.50 0.26  3.36 3.67 0.74  5.74 5.99 0.86 

Per capita expenditures in Bangladeshi taka and 
poverty incidence    

 

       
Per capita expenditure in baseline survey 962.93 933.20 0.64  1,143.39 919.15 0.00***  978.86 944.12 0.55 
Per capita expenditures in 2006–2007 1,409.13 1,546.62 0.14  1,420.34 1,354.96 0.34  1,701.91 1,560.16 0.19 
Whether poor in baseline survey 0.68 0.68 0.92  0.42 0.58 0.01***  0.62 0.66 0.48 
Whether poor in 2007 0.17 0.13 0.40  0.06 0.11 0.13  0.11 0.18 0.15 
Change in poverty incidence -0.51 -0.54 0.64  -0.37 -0.48 0.07*  -0.53 -0.48 0.45 

Source: IFPRI Chronic Poverty and Long-term Impact Study in Bangladesh Dataset. 
Note: *, **, *** represent significance at 10, 5, and 1 percent, respectively. 
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4.  METHODOLOGY 

This paper aims to measure the impact of adopting improved vegetable and fish polyculture technologies 
on a wide range of household- and individual-level outcomes of those who first received the technologies 
(see Table 5 for a list of outcomes). This is called the average treatment effect on the treated (ATT). We 
use the nearest-neighbor matching (NNM) technique proposed by Abadie and Imbens (2002) to estimate 
the ATT. This method matches comparison households with households that were exposed to the 
treatment on the basis of observable characteristics. We are interested in estimating the average effect of a 
binary treatment on a continuous or discrete scalar outcome. For households i, i = 1, . . . , N, let 
{Yi (0), Yi (1)} denote the two potential outcomes: Yi(1) is the outcome of household i when exposed to 
the treatment, and Yi(0) is the outcome of household i when not exposed to the treatment. When we 
estimate the ATT, only one of the two outcomes is observed. 

Table 5.  Definition of outcomes 

Outcome var iable Definition 
Household-level expenditures  
Change in adult-equivalent monthly food expenditure, 
1996–1997 and 2006–2007 

Percentage change (measured as difference in log values) in 
monthly food expenditure (calculated on the basis of a detailed 
consumption module) adjusted for adult-equivalent units between 
1996–2007 

Change in adult-equivalent monthly nonfood 
expenditure, 1996–1997 and 2006–2007 

Percentage change (measured as difference in log values) in 
monthly nonfood expenditure (calculated on the basis of a detailed 
consumption module) adjusted for adult-equivalent units between 
1996–2007 

Change in adult-equivalent monthly household 
expenditure, 1996–1997 and 2006–2007 

Percentage change (measured as difference in log values) in 
monthly household expenditure (calculated on the basis of a 
detailed consumption module) adjusted for adult-equivalent units 
between 1996–2007 

Household-level assets  
Change in value of consumer durables, 1996–1997 and 
2006–2007 

Percentage change (measured as difference in log values) of 
consumer durables owned by the household in 1996–1997 and 
2006–2007  

Change in value of agricultural durables, 1996–1997 
and 2006–2007 

Percentage change (measured as difference in log values) of 
agricultural durables owned by the household in 1996–1997 and 
2006–2007 

Change in value of nonagricultural durables, 1996–1997 
and 2006–2007 

Percentage change (measured as difference in log values) of 
nonagricultural durables owned by the household in 1996–1997 
and 2006–2007 

Change in value of jewelry, 1996–1997 and 2006–2007 Percentage change (measured as difference in log values) of 
jewelry owned by the household in 1996–1997 and 2006–2007 

Change in value of trees, 1996–1997 and 2006–2007 Percentage change (measured as difference in log values) of trees 
owned by the household in 1996–1997 and 2006–2007 

Change in value of land, 1996–1997 and 2006–2007 Percentage change (measured as difference in log values) of total 
land owned by the household in 1996–1997 and 2006–2007 

Change in total land area, 1996–1997 and 2006–2007 Percentage change (measured as difference in decimals) of total 
land area owned by the household in 1996–1997 and 2006–2007 

Change in value of livestock, 1996–1997 and 
2006-2007 

Percentage change (measured as difference in log values) of 
livestock owned by the household in 1996–1997 and 2006–2007 

Change in value of total assets, 1996–1997 and 
2006-2007 

Percentage change (measured as difference in log values) of total 
assets owned by the household in 1996–1997 and 2006–2007 
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Table 5. Continued 

Outcome var iable Definition 
Household-level incomes  
Change in per capita household income, 1996–1997 and 
2006–2007 

Percentage change (measured as difference in log values) of 
household income per capita in 1996–1997 and 2006–2007 

Change in total household income, 1996–1997 and 
2006–2007 

Percentage change (measured as difference in log values) of total 
household income in 1996–1997 and 2006–2007 

Change in per capita fishpond income, 1996–1997 and 
2006–2007 

Percentage change (measured as difference in log values) of per 
capita household income from fishponds in 1996–1997 and 2006–
2007 

Change in total fishpond income, 1996–1997 and 
2006-2007 

Percentage change (measured as difference in log values) of 
household income from fishponds in 1996–1997 and 2006–2007 

Change in fraction of income from fish, 1996–1997 and 
2006–2007 

Percentage change in fraction of total household income from 
fishponds in 1996–1997 and 2006–2007 

Household-level calorie and protein availability  
Change in adult-equivalent calorie availability, 
1996-1997 and 2006–2007 

Change in total calories available per day adjusted for adult-
equivalent units from 1996–2007 constructed from the survey 
consumption modules on food purchased and consumed in the 
past 7 days 

Change in adult-equivalent protein availability, 
2006-2007 

Change in total proteins available per day adjusted for adult-
equivalent units from 1996–2007 constructed from the survey 
consumption modules on food purchased and consumed in the 
past 7 days 

Household-level indicators of nutritional status  

Change in percentage of male and female adults (≥ 15 
years of age) underweight (BMI < 18.5) 

Change in percentage of male and female adults with body mass 
index < 18.5 

Change in percentage of adult females who are anemic  Change in percentage of adult females with hemoglobin levels less 
than 12 (nonpregnant) or less than 11 (pregnant) 

Change in percentage of male and female children 
stunted (HAZ < -2) 

Change in percentage of male and female children with height-for-
age Z-score less than -2 from 1996–2007, constructed from the 
anthropometry data collected in the surveys 

Change in percentage of male and female children with 
ZBMI < -2 

Change in percentage of male and female children with body mass 
index Z-score less than -2 from 1996–2007, constructed from the 
anthropometry data collected in the surveys 

Individual-level indicators of nutritional status  
Change in BMIs of adult males and females, 1996–1997 
and 2006–2007 

Change in body mass index of males and females ≥ 15 years, 
1996–1997 and 2006–2007 

Change in hemoglobin levels of adult females Change in hemoglobin levels of adult females ≥ 15 years, 1996–
1997 and 2006–2007 

Individual-level indicators of nutrient intake  
Change in individual calorie intake, adult males and 
females (≥ 15 years), 1996–1997 and 2006–2007 

Change in calorie intake per person per day based on 24-hour 
individual food recall, 1996–1997 and 2006–2007 

Change in individual protein intake, adult males and 
females (≥ 15 years), 1996–1997 and 2006–2007 

Change in protein intake per person per day based on 24-hour 
individual food recall, 1996–1997 and 2006–2007 

Change in individual iron intake, adult males and 
females (≥ 15 years), 1996–1997 and 2006–2007 

Change in iron intake per person per day based on 24-hour 
individual food recall, 1996–1997 and 2006–2007 

Change in individual vitamin A (retinol equivalent), 
adult males and females (≥ 15 years), 1996–1997 and 
2006–2007 

Change in vitamin A (retinol equivalent) intake per person per day 
based on 24-hour individual food recall, 1996–1997 and 2006–
2007 

Source: Authors’ estimations. 
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To estimate the average treatment effect, we estimate the unobserved potential outcome for each 
observation in the sample. Consider estimating the untreated outcome, Yi(0), for household i with 
covariates X_i that was exposed to the treatment. If the decision to get the treatment is purely random for 
households with similar values of the pretreatment variables or covariates, we could use the average 
outcome of some similar households that were not treated to estimate the untreated outcome. This is the 
basic idea behind matching estimators proposed by Abadie et al. (2004), which we use here. For each i, 
matching estimators impute the missing outcome by finding other households in the data whose 
covariates are similar but that were exposed to the other treatment. 

We use NNM to come up with alternative comparison groups, depending on our definition of the 
treatment. NNM, as previously discussed, allows us to construct a suitable comparison group of 
households whose outcomes, on average, provide an unbiased estimate of the outcomes that treatment 
households would have had in the absence of the agricultural technology interventions. Given that 
adoption of the technology is based on households’ satisfying certain targeting criteria related to 
eligibility for NGO membership and possession of key agricultural assets for adoption (agricultural land 
for vegetables, fishponds for fish technologies, both of which could be correlated with other factors such 
as household wealth), simple comparisons of outcomes between treatment and comparison households 
would yield biased estimates of program impact. 

Following Abadie and Imbens (2002), let Y1 be a household’s outcome when it receives an 
agricultural technology and let Y0 be that household’s outcome otherwise. The impact of technology 
adoption is the change in the outcome caused by participating in the program: Δ = Y1 – Y0. However, for 
each household, only Y1 or Y0  is observed at any given time. Let D be an indicator variable equal to 1 if 
the household is an adopter and 0 otherwise. The average impact of the treatment on those that receive 
it—the average impact of the treatment on the treated (ATT)—is defined as  

( ) ( ) ( ) ( ),1,|1,|1,|1,| 0101 =−===−==∆= DXYEDXYEDXYYEDXEATT  

where X is a vector of control variables. However, we are unable to observe outcomes of those 
households that are otherwise eligible for the program but do not participate, that is, E(Y0 | X,D = 1). In 
experimental evaluations, households that are eligible for the program (D = 1) are randomly selected out 
for some period of time, providing a reliable estimate of E(Y0 | X,D = 1). However, we know that the 
agricultural technologies were not randomly allocated in the villages where the disseminating institution 
is working.  

We first begin by estimating a propensity score for being in the treatment group to get a balanced 
sample of treatment and comparison observations.12 This involves estimating a probit model that predicts 
the probability of each household adopting the agricultural technology as a function of observed 
household, and community, characteristics for treatment and comparison households. The model 
specification is checked to test (and confirm) equality of the means of these observed characteristics 
across the treatment and the comparison group samples. Once we have a balanced sample, we use 
covariate matching that uses a multidimensional metric of distance between values of the observable 
characteristics to construct the weighted-average difference in outcomes of each treatment household and 
a weighted average of the outcomes in comparison households. Like propensity score matching, in NNM, 
control households with propensity scores nearest to the treatment observation receive the highest 
weight.13,14

Matching methods provide reliable estimates of program impact provided that (1) a comparable 
group of comparison observations is available, and (2) there is access to carefully collected household 

 When comparing individuals in program and comparison households, we match using both 
individual and household characteristics. 

                                                      
12 This methods description draws from Gilligan, Hoddinott, and Taffesse (2009).  
13 We use nnmatch in Stata10 to estimate our matching estimators (Abadie et al. 2004). 
14 Note that if the intervention were rolled out at the same time to all NGO members in all the villages in the catchment area, 

this approach would not be feasible as it would not be possible to construct a statistically robust comparison group. However, 
considerable evidence exists suggesting that because of resource constraints (mainly due to limited implementation capacity at 
the initial stages of technology dissemination), program access was rationed.  
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survey data with many variables that are correlated with technology adoption and the outcome variables 
(Heckman, Ichimura, and Todd 1997, 1998). As mentioned previously, the initial evaluation survey was 
designed to include an appropriate comparison group, consisting of members of the same NGO that 
disseminated the technology in villages where the technology had not yet been disseminated, as well as 
other households in the same villages who were not members of the NGO. The same survey questionnaire 
was administered in 1996–1997 and in the 2006–2007 follow-up to adopters, likely adopters, and 
nonprogram members in the same communities, and includes a large set of variables affecting household 
welfare and technology adoption. These variables include measures of household head age, age and sex 
composition of the household, schooling of household members, household size, landholding size, 
household-level shocks (such as loss of crops or livestock, illness, floods, and so on), and controls for 
unobserved upazila-level effects.  

Our approach assumes that after controlling for all observable individual, household, and 
community characteristics that are correlated with technology adoption and the outcome variable, 
treatment and comparison households/individuals have the same average outcome as treatment 
households/individuals would have had if they did not participate in the intervention (defined as adopting 
the technology early). NNM provides biased estimates of program impact if, for any chosen outcome, it is 
not feasible to control for enough observable characteristics so that this assumption holds. Drawing both 
early- and late-adopting households from the same communities helps to reduce the risks of such bias by 
providing a similar distribution of unobserved community characteristics such as access to markets or 
local economic shocks. Because we have information on outcome variables from two points in time 
(1996–1997 and 2006–2007), we estimate the impact as the “difference in differences” (DID) in the 
outcome between the treatment and comparison group, rather than the “single difference” in outcomes 
between these two groups as of the initial survey. Earlier analyses using the 1996–1997 data such as 
Bouis et al. (1998) and Hallman, Lewis, and Begum (2007) were restricted to using single-difference 
analysis of the initial data; moreover, those studies did not construct a statistical comparison group based 
on matching methods. DID estimates are known to be less subject to selection bias because they remove 
the effect of any unobserved time-invariant differences between the treatment and comparison groups.15

We also assume that for each treatment household and for all observable characteristics, a 
comparison group of comparison households with similar propensity scores exists.  

  

                                                      
15 We do present single-difference estimates in Table 15 to highlight the difference between short-term and long-term 

impacts. 
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5.  RESULTS 

Adoption of New Technologies by Treatment and Comparison Households 
The probit regression used to match households across treatment and comparison groups is presented in 
Appendix Table A1. Because the initial survey round was undertaken after the technology had been rolled 
out, we construct the comparison group by matching on characteristics that would not have been affected 
by the uptake of the technology. Thus, we do not match based on initial asset holdings (which could have 
been affected by early adoption of the technology) but include areas of owned land (which are less likely 
to change in the short run), characteristics of the household head, shocks experienced by the household, 
and age, sex, and educational breakdown of household members.  

Because these interventions involve the dissemination and adoption of new agricultural 
technologies, it is instructive to examine areas devoted to the new technologies in 1996–1997 and in 
2006–2007. Tables 6 and 7 present the degree to which each technology was adopted by early and late 
adopters in 1996–1997 and 2006–2007 in the vegetables and fishponds sites, respectively.16

In 1996–1997, one sees relatively few differences between treatment and comparison households 
in Saturia in terms of total cropped area under vegetables or total cropped area under improved vegetables 
(Table 6). Comparison households, however, had significantly larger areas—and larger proportions of 
cropped area—devoted to high-yielding and local varieties of vegetables. Neither total cropped area under 
improved vegetables nor the proportion of total area under improved vegetables differed significantly 
between treatment and comparison households. A decade later, both early- and late-adopting households 
exhibit similar land allocations to vegetable production, but early adopters have larger areas—and 
proportions of cropped area—devoted to improved vegetables. About 10 percent of total cropped area is 
devoted to improved vegetables among early adopters, whereas the late-adopting group allocates only 4 
percent of total cropped area to such varieties. Nevertheless, the proportion of crop area devoted to 
improved vegetables has declined over the past 10 years.  

 Because the 
2006–2007 round consisted of a full-year recall, administered only in one round, and the initial round was 
a four-month recall, data on crop areas across rounds are not strictly comparable. However, comparisons 
between treatment and comparison groups within rounds are comparable, and proportion data, which are 
standardized by cropped area in a specific round, are comparable. These differences between treatment 
and comparison households in the extent of adoption of the agricultural technologies need to be taken into 
account when interpreting the impact estimates. 

In Jessore, late-adopting households initially cultivated a significantly larger number of improved 
fish species, although total pond area under cultivation was larger for early-adopting households. The 
difference between pond area devoted to fish and fish varieties was not significant between early-adopting 
and late-adopting households (Table 7). By 2006–2007, the difference between early adopters and late 
adopters had narrowed; both early adopters and comparison households do not significantly differ in 
terms of number of improved fish species cultivated, pond area under improved fish species, and pond 
area under fish cultivation. It is only in Mymensingh that early adopters seem to have preserved their lead 
in terms of the number of improved fish varieties cultivated (Table 7), although early-adopter and late-
adopter households do not differ significantly in terms of pond areas under cultivation and under 
improved species. All in all, this indicates that the improved technologies have diffused well beyond the 
original treatment villages in the Saturia and Jessore sites. 
  

                                                      
16 For brevity, we present these for matched observations of early versus late adopters only. In Hallman, Lewis, and Begum 

(2007), means are presented for technology-recipient and technology-pending households and villages, based on unmatched 
observations. By the time of our survey in 2006–2007, the technologies had been disseminated in technology-pending villages.  
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Table 6. Summary statistics, cropped area by vegetable variety, Saturia 

 1996–1997  2006–2007 

Saturia Treatment Control 
t-stat 

(absolute)  Treatment Control 
t-stat 

(absolute) 
Total cropped area, in decimals 33.5 42.03 1.27  141.5 141.11 0.02 
 (35.82) (76.38)   (132.53) (122.15)  
Total cropped area under high-yielding  7.74 21.57 3.97  100.11 96.13 0.33 

varieties, in decimals (13.34) (41.48)   (106.67) (90.43)  
Total cropped area under local varieties, in  9.25 19.39 2.83  41.39 44.98 0.55 

decimals (17.33) (41.37)   (48.23) (56.76)  
Total cropped area under improved  20.93 23.5 0.65  13.84 8.11 1.91 

vegetables, in decimals (28.44) (40.36)   (31.94) (19.57)  
Fraction of cropped area under high- 0.20 0.39 5.04  0.61 0.67 1.42 

yielding varieties (0.23) (0.39)   (0.32) (0.31)  
Fraction of cropped area under local  0.27 0.60 8.11  0.39 0.33 1.42 

varieties (0.31) (0.39)   (0.32) (0.31)  
Fraction of cropped area under improved  0.58 0.58 0.14  0.10 0.04 3.52 

vegetables (0.31) (0.37)   (0.16) (0.10)  
Number of observations 156 162   110 183  

Source: IFPRI Chronic Poverty and Long-term Impact Study in Bangladesh Dataset. 
Notes: The t-stat reported is from the test of equality of means; standard deviations are in parentheses. 

Table 7. Summary statistics, number of fish species and area cultivated, Jessore and Mymensingh 
 1996–1997  2006–2007 

Treatment Control 
t-stat 

(absolute) 
 

Treatment Control 
t-stat 

(absolute) 
Jessore        

Total number of improved fish species cultivated 2.71 4.02 3.31  2.32 2.45 0.52 
 (2.78) (2.44)   (1.67) (1.78)  

Number of observations 79 95   79 95  
Total pond area under improved fish species, in  365.15 170.65 1.57  45.9 51.36 0.35 

decimals (926.02) (417.8)   (62.92) (78.55)  
Number of observations 40 78   36 63  

Total pond area under fish cultivation, in  402.22 184.9 1.55  55.54 50.1 0.33 
decimals (1,057.73) (467.52)   (83.58) (85.58)  

Number of observations 40 78   40 78  

Mymensingh    
 

   
Total number of improved fish species cultivated 6.32 4.97 6.19  4.55 4.01 3.20 

 (1.11) (1.79)   (0.89) (1.35)  
Total pond area under improved fish species, in  304.42 262.72 1.48  161.57 139.04 0.97 

decimals (169.61) (210.36)   (139.79) (170.54)  
Total pond area under fish cultivation, in  335.76 303.49 0.96  220.53 189.92 0.94 

decimals (192.28) (258.84)   (201.99) (239.97)  
Number of observations 93 91   93 91  

Source: IFPRI Chronic Poverty and Long-term Impact Study in Bangladesh Dataset. 
Notes: The t-stat reported is from the test of equality of means; standard deviations are in parentheses. 
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Impact of Early Adoption 
Impacts on consumption, assets, and income. Table 8 presents difference-in-differences NNM estimates 
of the impact of early adoption on consumption per adult equivalent, asset holdings, per capita income, 
and fraction of income from fishponds for households in all sites. We find that early adoption of the 
improved vegetable technologies in Saturia (Table 8, first column) did not have any positive impact on 
household-level outcomes; indeed, on average, treatment households reduced their food and nonfood 
consumption relative to comparison households. This is true for value of total assets (-55 percentage 
points) and in particular value of livestock (-130 percentage points) and land area owned (-0.3 decimals). 
These results are markedly different from estimates of short-term impact, where we find that consumption 
expenditures increased by 16 and 14 percentage points for adult-equivalent food and total consumption 
expenditures, respectively (Table 9), with no significant effects on asset values. 

Table 8. Average long-term impact of early adoption on consumption expenditures and asset 
holdings, all sites (difference-in-differences estimates) 

Outcome var iable: Change between 1996–1997 
and 2006–2007 in: 

Satur ia  Jessore  Mymensingh 

ATT Obser-
vations 

 
ATT Obser-

vations 
 

ATT Obser-
vations 

Adult-equivalent monthly food expenditure -0.228** 162  -0.048 174  0.255*** 166 
 (-2.27)   (-0.56)   (3.10)  
Adult-equivalent monthly nonfood expenditure -0.142 162  -0.021 174  -0.048 166 
 (-1.46)   (-0.18)   (-0.42)  
Adult-equivalent monthly household expenditure -0.197** 162  -0.039 174  0.163* 166 
 (-2.26)   (-0.47)   (1.94)  
Value of consumer durables  -0.186 162  0.200 174  0.173 166 
 (-0.74)   (0.91)   (0.98)  
Value of agricultural durables 0.564 162  -0.711 174  0.154 166 
 (0.91)   (-1.02)   (0.26)  
Value of nonagricultural durables -0.149 162  0.096 174  0.349 166 
 (-0.20)   (0.14)   (0.52)  
Value of jewelry -0.747 162  -0.468 174  1.186 166 
 (-0.98)   (-0.60)   (1.57)  
Value of trees -0.320 162  0.984 174  -0.603 166 
 (-0.42)   (1.03)   (-0.70)  
Value of land -0.011 161  -0.680 174  0.163 166 
 (-0.08)   (-1.21)   (1.31)  
Area of total land owned  -0.295** 161  -0.082 174  0.042 166 
 (-2.23)   (-0.47)   (0.37)  
Value of livestock  -1.309** 162  -1.222** 174  0.391 166 
 (-2.28)   (-2.50)   (0.83)  
Value of total assets -0.546** 162  0.161 174  0.322 166 
 (-2.40)   (0.62)   (1.51)  
Per capita household income  -0.370* 159  -0.136 172  -0.009 166 
 (-1.77)   (-0.93)   (-0.07)  
Per capita fishpond income  -0.081 162  0.585 173  1.756*** 166 
 (-0.40)   (.126)   (3.78)  
Fraction of income from fish  -0.009 162  0.234 174  0.051 165 
 (-0.29)   (1.16)   (1.49)  

Source: Authors’ computations are from IFPRI Chronic Poverty and Long-term Impact Study in Bangladesh Dataset. 
Notes: ***, **, and * indicate significance at the 1, 5, and 10 percent levels, respectively; t-statistics are in parentheses. 
  


