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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 = (VDpt1 -  VDpt0) – (VDnt1 -  VDnt0),
where VDpt1 = number of extension visits demanded by program participants after the program started, VDpt0 = number of extension visits demanded by program participants before the program started, VDnt1 = number of extension visits demanded by non-participants after the program started, VDnt0 = 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. This suggests likely wrong conclusions that may 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 study of impact assessment of FFS and demand driven advisory services in Africa. 
� 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. 





