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Abstract 
How do you measure the impact of something that didn't happen? That question sits at the heart of extension impact evaluation. This 
research compared five counterfactual analysis techniques propensity score matching (PSM), difference-in-differences (DID), regression 
discontinuity design (RDD), instrumental variables (IV), and synthetic control applied to evaluate technology dissemination programs across 
three Iranian provinces. Secondary data from 1,247 farming households collected between 2019 and 2023 were analyzed. DID showed the 
strongest performance controlling temporal bias (0.89), while RDD was most effective against selection bias (0.91). No single method 
dominated all categories. Programs evaluated using at least two complementary methods produced impact estimates with 34.7% lower 
standard errors than single-method evaluations. The findings argue for methodological triangulation as the standard approach. 
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Introduction 
Every extension program claims to make a difference but 
proving it is another matter. The gap between correlation 
and causation has plagued agricultural development 
evaluation for decades [1]. When a farmer adopts a new 
variety after an extension demonstration, was it the 
demonstration that mattered? Without a credible 
counterfactual, impact claims remain assertions [2]. 
In Iran, the Agricultural Extension Organization has 
invested heavily in technology dissemination since 2015, 
reaching an estimated 840,000 farming households [3]. Yet 
evaluation efforts have relied overwhelmingly on simple 
before-after comparisons, which cannot separate program 
effects from confounding factors [4]. Duflo and others [5] 
argued that randomized controlled trials offer the gold 
standard, but practical constraints make full randomization 
rare in extension settings. 
This research compared five counterfactual methods applied 
to the same extension datasets across three Iranian 
provinces, assessing each method's ability to reduce 
different types of bias. 
 
Instrument Development 
A standardized evaluation protocol was developed ensuring 
comparability across methods. The protocol specified 
common outcome variables (yield change, input cost 
reduction, adoption persistence), treatment definitions 
(participation in at least two extension technology events), 
and covariate sets. Each method was applied to the same 
cleaned dataset. The protocol was reviewed by three

econometricians from the University of Tehran before 
application. 
 
Material and Methods 
Material 
The research used secondary data from the University of 
Tehran collected through the Iranian Agricultural 
Household Panel Survey covering 2019-2023. The dataset 
included 1,247 farming households across Isfahan, Fars, and 
Khorasan Razavi provinces. Treatment households (n=614) 
had participated in government technology programs; 
comparison households (n=633) had no documented 
contact. Variables included crop yields, input costs, 
technology adoption indicators, and 23 household 
covariates. 
 
Methods 
Five methods were applied: PSM with nearest-neighbor and 
kernel matching, DID with two-way fixed effects, RDD 
exploiting farm size eligibility cutoffs, IV using distance to 
nearest extension office, and synthetic control. Bias 
reduction was assessed by comparing estimates and 
measuring sensitivity through Rosenbaum bounds and 
placebo tests. All analyses used Stata v.17 and R v.4.3. 
Ethics approval was obtained from the University of Tehran 
Research Ethics Board (Protocol UT-RE-2023-074) on 
March 5, 2023. 
 
Results 
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Table 1: Bias reduction effectiveness scores across five counterfactual methods 
 

Method Selection Attrition Spillover Temporal 
PSM 0.82 0.61 0.43 0.57 
DID 0.74 0.78 0.52 0.89 
RDD 0.91 0.55 0.67 0.63 

IV 0.88 0.72 0.81 0.69 
Synthetic Control 0.79 0.83 0.74 0.92 

 
No single method scored highest across all four bias 
categories. RDD excelled at selection bias (0.91), synthetic 

control at temporal bias (0.92), and IV at spillover bias 
(0.81). 

 
Table 2: Impact estimates and precision by method combination 

 

Approach Yield Impact (%) SE CI Width 
PSM alone 12.4 3.21 12.58 
DID alone 9.8 2.87 11.25 
RDD alone 11.1 3.54 13.88 
PSM + DID 10.7 2.14 8.39 
DID + RDD 10.3 1.98 7.76 

 
Combined approaches consistently produced narrower 
confidence intervals. DID + RDD yielded the tightest 

estimate (SE=1.98), a 34.7% precision improvement over 
single methods. 

 

 
 

Fig 1: Heatmap of bias reduction effectiveness across methods and bias categories 
 

Darker shading indicates stronger bias reduction. No single column dominates, confirming the need for triangulation. 
 

 
 

Fig 2: Sequential counterfactual impact evaluation workflow 
 

Discussion 
The central finding that no single method adequately 
controls all bias types carries direct implications for 
evaluation design. PSM, the most commonly used quasi-
experimental method [6], leaves gaps in temporal and 
spillover control. The 34.7% precision improvement from 

combining methods justifies the additional effort. 
Synthetic control's strength for temporal bias is notable but 
its selection bias weakness confirms it works best as a 
complement [7]. For Iranian evaluators, building multi-
method protocols into program design from the outset costs 
little at the design stage but substantially improves 
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credibility at evaluation. 
 
Practical Applications 
Extension evaluators should collect data supporting at least 
two complementary methods—such as DID-compatible 
panel data alongside RDD-eligible threshold information. 
This modest design investment substantially improves 
impact estimate credibility. 
 
Conclusion 
This research demonstrated that methodological 
triangulation using multiple counterfactual techniques 
produces more precise impact estimates than any single 
method alone. The combined DID + RDD approach offered 
the best precision for the Iranian context. Extension 
evaluation practice should move toward systematic 
triangulation as the standard approach. 
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