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Abstract 

Program placement and self selection biases are the major challenges of attribution of impacts to projects and programs – hereafter referred to as program(s). Randomly assigning participation in the program and the control (non-participation in the program) is the most accepted method to address these biases. Random assignment assures that both groups are statistically similar (i.e., drawn from the same distribution) in both observable and unobservable characteristics. However, random assignment of participation and non-participation is not feasible in the farmer field schools (FFS) and demand-driven advisory services since communities and households make their own decisions about whether or not to participate.

This study used quasi-experiments
 to assess the impact of demand-driven advisory services in Nigeria and proposes the same approach to assess the impacts of FFS in east Africa. The quasi-experiment involved selection of households who willingly participated in the demand-driven advisory service project (the Nigeria Fadama II project) as the treated group and compared them with non-participants who have similar observable biophysical and socio-economic characteristics. Selection of the comparable project participants and non-participants was done using the most commonly used quasi-experimental method, the propensity score matching (PSM). The difference in outcomes between the two matched groups can be interpreted as the impact of the project on the program participants. However, PSM only matches the program participants and non-participants based on observable characteristics. If unobservable characteristics also affect the outcomes, PSM approach is unable to address this bias. 

To address the bias due to unobservable characteristics, we used the double difference (DD) estimator to compare the changes in outcomes of the matched samples of participants and non-participants before and after the program started. For example if the outcome being measured is the number of extension visits demanded by farmers, then

DD = (Ypt1 -  Ypt0) – (Ynt1 -  Ynt0),

where Ypt1 = number of extension visits demanded by program participants after the program started, Ypt0 = number of extension visits demanded by program participants before the program started, Ynt1 = number of extension visits demanded by non-participants after the program started, Ynt0 = number of extension visits demanded by non-participants before the program started. If DD > 0 is significantly greater than zero, then the program had a significant impact on the demand for advisory services. The DD estimator nets out the effects of any additive factors (whether observable or unobservable) that have fixed (time-invariant) impacts on the outcome or that reflect common trends affecting program participants and non-participants equally.  Thus by combining PSM with the DD estimator, differences in pre-program observable characteristics can be controlled for.  There still could be a bias due to heterogeneous or time varying impacts of the unobservable differences between participants and non-participants.  Such shortcomings are unfortunately inherent in all non-experimental methods of impact assessment.  There is no perfect solution to these potential problems. One of the important strengths of this approach is its simple approach that yields results that are easy to compute and interpret. The PSM and DD combination approach also has advantages over econometric regression methods since it compares only comparable observations and does not rely on parametric assumptions to identify the impacts of programs.

Using the PSM and DD methods for our study in Nigeria, our results show that Fadama II project participants were more likely to demand for post-harvest technologies than non-participants. However, non-participants were more likely to demand for soil and water conservation practices than participants. These results reflected the focus of Fadama II project on post-production technologies. We compared the results of using matched samples with those obtained by using unmatched samples and observed significant differences (Table 1). This suggests likely wrong conclusions that may be drawn from impact studies that do not compare comparable program participants and non-participants.

We plan to use this method to study the impact of FFS in east Africa. The approach will help to better understand the impacts and effectiveness of FFS as compared to the traditional extension services in Africa. The study will also serve as a good case of impact assessment of community driven development programs and projects that are becoming increasingly popular approaches to empowering the poor to participate in the decision making process of poverty reduction programs.
Introduction

Participatory development programs such as the community driven development (CDD) have increasingly become popular in the past decade due to their potential to empower the poor to participate in decision making in poverty reduction development programs.  For example, the response to the poor performance of the traditional supply-driven extension services in developing countries has been to promote demand-driven advisory services, which empower farmers to demand for the type of technologies that meet their needs and in many cases, the provider of advisory services (Alex, et al., 2002; Faye and Deininger, 2005). Likewise, farmer field schools (FFS) are participatory since they require farmers to identify their training needs and require voluntary participation of the beneficiaries. 
Efforts have been made to better understand the impacts of the demand-driven advisory services and FFS (Godtland, et al., 2004; Benin, et al., 2007; Dinar, 1999). One of the key challenges that researchers face when evaluating the impacts of demand-driven programs is the inability to randomly assign treatment and control, an approach that improves attribution of impacts. Randomly assigning participation in the program and the control (non-participation in the program) is the most accepted method to address the biases due to program placement and self selection (Duflo, et al., 2006). Random assignment assures that both groups are statistically similar (i.e., drawn from the same distribution) in both observable and unobservable characteristics. Random assignment of participation and non-participation is not feasible in the FFS and demand-driven advisory services since communities and households make their own decisions about whether or not to participate. 
In this paper, we discuss the tenable quantitative methods for analyzing impacts of demand-driven advisory services using a case study in Nigeria. We also discuss the methods that we plan to use in analyzing the impacts of the FFS in east Africa. The following section discusses the statistical methods and the challenges and analyzing demand-driven advisory services and FFS.  This is followed by conclusions and implications for designing impacts assessment of participatory development programs in developing countries.
Statistical challenges of attributing impacts to demand-driven advisory services and farmer field schools

Impact assessment studies face three interrelated challenges: establishing a viable counterfactual (the predicted outcome in the absence of the intervention—that is, what would have happened to the beneficiaries had they not participated in the project); attributing the impact to an intervention; and coping with long and unpredictable lag times (Alston and Pardey, 2001; Salter and Martin, 2001). If a project’s outcome indicator is number of visits by an agricultural advisory service provider (hereafter referred to as visits), the average impact of the project on its beneficiaries (referred to in the impact assessment literature as the average effect of the treatment on the treated [ATT]) is defined as the difference between the expected number of visits by an advisory service provider to the project beneficiaries and the expected visits they would have received if they had not participated in the project: 

ATT = E(Y1|p = 1) – E(Y0|p = 1)
(1)

where ATT = average impact of treatment on the treated; p = participation in the project (p = 1 if participated in the project, and p = 0 if did not participate in the project); Y1 = outcome (number of visits, in this example) of the project beneficiary after participation in project; Y0 = outcome (visits) of the same beneficiary if he or she had not participated in the project. 

Unfortunately, we cannot observe the counterfactual number of visits to the beneficiaries had they not participated in the project—E(Y0|p = 1). Simply comparing visits to households participating in the project with those not participating could result in serious biases, because the two groups may be quite different and thus likely to have different number of visits regardless of their participation in the project.
Figure 1 illustrates the conceptual framework of impact assessment. What is sought in an impact assessment is the difference between A and B; that is, how much the situation of the beneficiary has changed as an outcome of the program, after project implementation. Note that this is different from assessing the change in the situation of the beneficiary between before and after (comparing A to E) or the difference between participants and non-participants (A to D).  Unfortunately, it is not possible to observe state B, what would have occurred if the participant did not participate.  (In Figure 1, the unshaded boxes represent unobservable situations.)
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To address this problem, evaluators need a control group D that is as similar as possible to the treatment group, so that observations of D are a close approximation of B.  
Adding and subtracting E(Y0|p = 0) on the right side of equation (1) results in the following:

ATT = [E(Y1|p = 1) – (E(Y0|p = 0)] – [E(Y0|p = 1) – (E(Y0|p = 0)]
(2)

The first expression (within the first set of square brackets) is observable because it is the difference between the number of visits to the beneficiaries and nonbeneficiaries. The second expression is unobservable because E(Y0|p = 1) is unobservable and thus represents the bias resulting from estimating ATT as the first expression. This bias results because the visits that nonbeneficiaries receive without the project may not be equal to the visits that beneficiaries would have received without the project; that is, E(Y0|p = 1) may not equal E(Y0|p = 0). 

Two common sources of bias are (1) project placement or targeting bias, in which the location or target population of the project is not random, and (2) self-selection bias, in which households choose whether or not to participate and thus may be different in their experiences, endowments, and abilities.
 The most accepted method to address these biases is to use an experimental approach to construct an estimate of the counterfactual situation by randomly assigning households to treatment (beneficiary) and control (nonbeneficiary) groups. Random assignment ensures that both groups are statistically similar (i.e., drawn from the same distribution) in both observable and unobservable characteristics, thus avoiding project placement and self-selection biases. As noted earlier, such an approach is not feasible in demand-driven advisory services and FFS  studies because random assignment conflicts with the nature of these project, in which communities and households make their own decisions about whether to participate and what activities they will pursue, thus limiting the ability to use this approach even from the outset.


Various quasi-experimental and nonexperimental methods have been used to address the bias problem (for details, see Heckman, Ichimura, Smith, and Todd, 1998; Heckman, Ichimura, and Todd, 1998; Rosenbaum and Rubin, 1983; and Smith and Todd, 2001). One of the most commonly used quasi-experimental methods is propensity score matching (PSM), which selects project beneficiaries and nonbeneficiaries who are as similar as possible in terms of observable characteristics expected to affect project participation as well as outcomes.
 The difference in outcomes between the two matched groups can be interpreted as the impact of the project on the beneficiaries (Smith and Todd, 2001). We used this method to estimate the ATT for impacts of the demand-driven advisory services of the Nigerian project. 

The PSM method matches project beneficiaries with comparable nonbeneficiaries using a propensity score, which is the estimated probability of being included in the project. Only beneficiaries and nonbeneficiaries with comparable propensity scores are used to estimate the ATT. Those who do not have comparable propensity scores are dropped from the comparison groups. In our study, 1,728 of 3,758 observations matched. Therefore, we used only the matched observations to analyze the impact of demand-driven advisory services project. 

Among the advantages of PSM over econometric regression methods is that it compares only comparable observations and does not rely on parametric assumptions to identify the impacts of projects. However, PSM is subject to the problem of “selection on unobservables,” meaning that the beneficiary and comparison groups may differ in unobservable characteristics, even though they are matched in terms of observable characteristics (Heckman, Ichimura, Smith, and Todd, 1998). Econometric regression methods devised to address this problem suffer from the problems previously noted. The bias resulting from comparing noncomparable observations can be much larger than the bias resulting from selection on unobservables, although they could not say whether that conclusion holds in general (Heckman, Ichimura, Smith, and Todd, 1998). 

In this study, we address the problem of selection on unobservables by combining PSM with the use of the double-difference (DD) estimator.
 The double-difference estimator compares changes in outcome measures (i.e., change from before to after the project) between project participants and nonparticipants, rather than simply comparing outcome levels at one point in time.

DD = (Yp1 – Yp0) – (Ynp1 – Ynp0)
(3)

where Yp1 = outcome (e.g., visits) of beneficiaries after the project started; Yp0 = outcome of beneficiaries before the project started; Ynp1 = outcome of nonbeneficiaries after the project started; and Ynp0 = outcome of nonbeneficiaries before the project started.

The advantage of the double-difference estimator is that it nets out the effects of any additive factors (whether observable or unobservable) that have fixed (time-invariant) impacts on the outcome indicator (such as the abilities of farmers or the inherent quality of natural resources), or that reflect common trends affecting project participants and nonparticipants equally (such as changes in prices or weather; Ravallion, 2005). Thus, for example, if project participants and nonparticipants are different in their asset endowments (mostly observable) or in their abilities (mostly unobservable), and if those differences have an additive and fixed effect on outcomes during the period studied, such differences will have no confounding effect on the estimated ATT. 

In principle, the double-difference approach can be used to assess project impacts without using PSM and will produce unbiased estimates of impact as long as these assumptions hold. However, if the project has differential impacts on people with different levels of wealth or other observable characteristics, the simple double-difference estimator will produce biased estimates if participant and nonparticipant households differ in those characteristics (Ravallion, 2005). By combining PSM with the double-difference estimator, controls for differences in preproject observable characteristics can be established. A bias could still result from the heterogeneous or time-variant impacts of the unobservable differences between participants and nonparticipants. Such shortcomings are unfortunately inherent in all nonexperimental methods of impact assessment (Duflo et al., 2006). Qualitative methods could be used to address some of the biases of this approach (please see discussion of the qualitative methods below).
The standard errors estimated by the double-difference method may be inconsistent because of serial correlation or other causes of a lack of independence among the errors. In ordinary regression models, serial correlation can result from unobserved fixed effects, but by taking first differences, the double-difference method eliminates that source of serial correlation. However, serial correlation still may be a problem if more than two years of panel data are used (Duflo et al., 2004). In our study, because we used only two periods, before and after the project, we do not have a concern about serial correlation among multiple periods. Another reason for the possible nonindependence of the errors is clustering of the sample.

To illustrate the importance of using PSM in impact assessment, we show results of the impact of the Nigerian demand-driven advisory service project on demand for advisory services.
 Table 1 shows that using the matched samples, there was no significant difference in demand for agricultural marketing information between project beneficiaries and non-beneficiaries. However, using the entire sample (including observations that do not match), the results show that the non-beneficiaries are more likely to demand (ask) for agricultural marketing information than the project beneficiaries. The large difference of the results underlines the importance of using matched samples in determining the impacts of projects.
Table 1: Comparison of results with and without matched samples (demand driven advisory service project, Nigeria)
	Technology
	Asked for the technology (matched sample)
	Asked for technology (entire sample)

	 
	Project beneficiaries
	Non beneficiaries
	T-test (P-value)
	Project beneficiaries
	Non beneficiaries
	T-test (P-value)

	 
	Proportion reporting yes
	 
	Proportion reporting yes
	 

	Agricultural marketing information
	0.016  

 (0.016)
	0.059  

(0.026)
	0.199
	0.030

(0.015)
	0.082

(0.021)
	0.031**


Qualitative approaches to impact assessment: Qualitative methods including impact pathway evaluation and outcome mapping (Douthwaite, et al. 2003; Springer-Heinze, et al. 2003) are among methods that could be used to complement and address many shortcomings of the quantitative methods discussed above. Qualitative methods include direct observation, focus group discussion, photography, and other methods. We believe that qualitative and quantitative impact assessment methods can usefully inform each other. Quantitative methods are better suited to answer questions of what and how much impacts occurred, while qualitative methods are better suited to ask why and how such impacts occurred (or didn’t). For example, qualitative methods are better suited for analyzing knowledge, attitudes, priorities, preferences, and perceptions about pumps, etc. Analysis of these issues helps to better understand the factors that affect decisions to participate in FFS or demand-driven advisory services. Similarly, farmers’ perceptions of the performance and effectiveness of the CDD projects; how they have affected their crop choices and farming practices; how they see the project as affecting their livelihoods; problems in CDD projects and how they could be more useful can best be captured using qualitative methods.  

Participatory methods can be used to identify hypotheses about impact pathways and to define criteria to be used in quantitative impact assessment. Conversely, information from economic impact assessment can inform institutional learning processes. Methods that investigate intermediate outcomes are useful to inform impact assessment methods focusing on ultimate outcomes. And, as is emphasized in the recent economic program evaluation literature, in depth knowledge of the nature of the program, its context and the process and mechanisms by which it achieves impacts is essential for both internal and external validity (Ravallion 2005).  An example of a research framework combining such qualitative and quantitative methods to assess the performance, impacts, and costs and benefits of a program (applied to agricultural extension services) is provided by Birner, et al. (2006). 
We did not use qualitative methods in assessing the impacts of the demand-driven advisory service project in Nigeria. However, we plan to use both qualitative and quantitave methods to study the impact of FFS in east Africa. The approach will help to better understand the impacts and effectiveness of FFS as compared to the traditional extension services in Africa. The study will also serve as a good case of impact assessment of CDD’s which are becoming increasingly popular programs and projects for empowering the poor to participate in the decision making process of poverty reduction programs.

Conclusions and implications for studying participatory and demand-driven development programs

Our study shows the statistical challenges of assessing the impacts of demand-driven advisory services and farmer field schools. These challenges emanate from the inability to randomly assign treatments and controls for the demand driven advisory services and FFS. Additionally, unobservable and time variant characteristics introduce biases that cannot be addressed using propensity score matching and double difference methods. This calls for the need to use a combination of quantitative and qualitative methods. These methods complement and inform each other. This is especially important for the demand-driven advisory services and FFS, in which random assignment of treatments and controls is untenable.
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� This method is referred to as a “quasi-experimental” method because it seeks to mimic the approach of experiments in identifying similar “treatment” and “control” groups.  However, since the comparison groups identified in quasi-experimental methods are not selected by random assignment, they may differ in unobserved characteristics, even though they are matched in terms of observable characteristics. 


� For example, a pastoralist in the state of Niger (Nigeria) reported that he did not want to participate in demand-driven advisory services bbecause similar projects in the past had failed. 


� This method is referred to as “quasi-experimental” because it seeks to mimic the approach of experiments in identifying similar “treatment” and “control” groups. However, because the comparison groups identified in PSM are not selected by random assignment, they may differ in unobserved characteristics, even though they are matched in terms of observable characteristics. 


� The double-difference method is also known as the difference-in-difference method (Duflo et al., 2004).


� For more information of this study, please see Nkonya, et al., 2008.





