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In order to determine the efficacy of public policy interventions meant to improve 

socioeconomic outcomes, impact evaluation of welfare programs is essential. However, the 

existence of endogeneity resulting from non-random selection, omitted variable bias, reverse 

causality, and measurement errors frequently complicates empirical estimation of such 

impacts. To overcome these difficulties and find causal relationships in observational data, the 

Instrumental Variable (IV) approach has become a potent econometric method. The theoretical 

underpinnings, statistical framework, presumptions, and applications of IV methods in impact 

evaluation are all thoroughly reviewed in this paper. Additionally, it provides a clear example of 

IV estimation, critically assesses its advantages and disadvantages, and goes into great detail 

about the problem of endogeneity. The study emphasizes how crucial it is to choose reliable 

instruments and carry out robustness tests in order to guarantee reliable inference. The review 

concludes that although IV methods have significant benefits in causal analysis, their efficacy is 

largely dependent on the veracity of underlying assumptions and empirical application. 
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INTRODUCTION: 

In developing economies, where welfare programs are used to combat poverty, unemployment, and inequality, 

impact evaluation is essential to policy analysis. The goal of programs like income support policies, social 

protection programs, and employment guarantee schemes is to raise household welfare metrics like savings, 

consumption, and income. 

 However, the lack of randomised assignment makes estimating the causal impact of such programs intrinsically 

difficult. In the majority of real-world situations, eligibility requirements or voluntary participation in welfare 

programs result in selection bias. Participating households may exhibit systematic differences from non-

participating households in both observable and unobservable aspects, including financial behaviour, risk 

preferences, and motivation. 

When the explanatory variables are endogenous, conventional econometric methods such as Ordinary Least 

Squares (OLS) are unable to take these problems into consideration. Estimated coefficients may therefore be erratic 

and biased. The Instrumental Variable (IV) approach, which isolates exogenous variation in the endogenous 

regressor to enable consistent estimation, is being used more and more by researchers to get around this 

restriction. 

In addition to discussing their use in welfare economics research, this paper examines the conceptual and empirical 

significance of IV methods in impact evaluation. 

Endogeneity in Impact evaluation: 

Normal regression is where we estimate impact is : 

                                         yi = β0 + βx1i + ui 
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Where , 

                     yi  = Outcome/Dependent variable for Individual “i” 

                     β0 = Intercept 

                     β1 = Coefficient of Independent Variable 

                    x1i = Independent variable /Explanatory (Endogenous) 

                    ui = Error term 

When an explanatory variable and the error term are correlated, endogeneity—a major issue in econometric 

analysis occurs where, 

                                                   Cov (x1i , ui) ≠ 0 : x1i is endogenous. 

This results in skewed estimates and goes against the traditional exogeneity assumption where normal OLS can’t be 

applied to estimate the impact. 

 

Endogeneity Sources:  

1. Ignored Variable Bias  

The model excludes unobserved variables that have an impact on both the independent and dependent variables.  

2. Causality in reverse  

The dependent variable may be causally related to the independent variable.  

3. Inaccurate Measurement  

Correlation with the error term may be introduced by inaccurate variable measurement. 

Problem of endogeneity: An illustration: 

Endogeneity issue is prevalent in many impact evaluation study, for example a well known social welfare scheme in 

India is MGNREGA (Mahatma Gandhi National Rural Employment Guarantee Act), 

MGNREGA participation is more common among low-income households. Even in the absence of the program, 

low-income households typically have different savings habits.Unobserved or pre-existing factors influencing 

household savings are correlated with the variable MGNREGA participation. Participation is therefore not 

exogenous. Why this is an issue ,if we perform a straightforward comparison like this: participants as opposed to 

non-participants, or OLS regression of participation-related savings. MGNREGA's estimated impact could be 

skewed. It's possible that poverty status, rather than the program itself, accounts for some of the observed savings 

disparity. 

In terms of econometrics 

This leads to endogenous participation and selection/self-selection bias because: 

Cov(MGNREGA participation, error term) ≠ 0 

The error term could include elements linked to poverty such as: 

1)financial susceptibility 

2)low base of assets 

3)Erratic income 

4)Absence of alternative work 

5)Risk-coping strategies 

They affect savings as well as participation. A method that takes this endogeneity into account is required. In that 

case, 2SLS/Instrumental Variable (IV) useful if  a legitimate instrument that influences participation but not 

savings directly, and there is also unobserved selection. 
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Instrumental Variable  

When explanatory variables are endogenous, an instrumental variable is a tool for obtaining reliable estimates. A 

legitimate instrument needs to meet: 

A valid instrument must satisfy following 2 conditions: 

1) Relevance Condition: 

                      Cov( Zi , Xi ) ≠ 0 (Where Zi = Instrument , Xi = Independent Variable) 

2) Exogeneity Condition: 

                       Cov(Zi , ui ) = 0 (Where ui = Error term) 

The IV method eliminates correlation with the error term by substituting the endogenous variable with its predicted 

value obtained from the instrument. 

IV Regression: Statistical Equation: 

Structural Equation:  

                  Yi = β0 + β1x1 + ui , (x1 is endogenous) 

First stage Equation : 

                  X1i = π0 + π1 + Vi 

Let,            πo + π1 = y2 ,   

So,            X1i = y2 + v ,where, y2 is called the systematic component and V is non systematic. 

Second stage Equation: 

                 y2 will be estimated as ŷ2 

                         ŷ2 = π̂0 + π̂1 

Then putting the value of ŷ2 in the original structural form equation, 

               Yi = β0 + β1  ŷ2 +β3V+ ui  , where  β3V+ ui  is the composite error term. 

This method is also termed as 2stage least square method. (2SLS) 

Assumption of Instrumental Variable Method: 

1. Significance 

The endogenous variable must be strongly predicted by the instrument. 

2. Exogeneity 

The error term cannot be correlated with the instrument. 

3. Limitations on Exclusion 

The endogenous variable is the only way the instrument influences the dependent variable. 

4. Monotonicity 

Every person is impacted by the instrument in the same way. 

Instrumental Variable (IV) Method Benefits: 

1. Offers reliable estimates in the event of endogeneity: 

When an explanatory variable and the error term are correlated, IV corrects bias. 

It provides accurate estimates by isolating only the exogenous variation. 

2. Makes causal interpretation possible: 

Instead of just finding correlations, IV assists in identifying cause-and-effect relationships. 

When randomized experiments are not feasible, this is particularly helpful. 
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3. Unobserved heterogeneity controls 

It takes into consideration hidden variables that influence both variables, such as ability and poverty level. 

As a result, bias from missing variables is lessened. 

4. Useful in a variety of fields 

Research in economics, health, education, and public policy all make extensive use of IV. 

It is adaptable and helpful in numerous empirical studies conducted in the real world. 

Instrumental Variable (IV) Method Drawbacks: 

1. Having trouble locating reliable instruments 

A good tool should influence participation without having a direct impact on the result. 

These variables are uncommon and frequently difficult to theoretically support. 

2. A weak instrument issue 

Results become untrustworthy if the instrument and the endogenous variable have a weak correlation. 

Large standard errors and skewed estimates may result from this. 

3. Calculates the Local Average Treatment Effect (LATE) 

IV only records the effect for a particular subgroup that the instrument has an impact on. 

It might not accurately reflect the effects on the whole population. 

4. Receptive to specifications 

The model setup and instrument selection have a significant impact on the results. 

Different conclusions can result from minor modifications to the specification. 

CONCLUSION: 

An essential econometric method for handling endogeneity problems in impact evaluation studies is the 

Instrumental Variable (IV) approach. It allows researchers to go beyond simple correlations and derive significant 

causal relationships by taking advantage of exogenous variation, especially in non-experimental settings like 

welfare program analysis. Because of this, IV is particularly useful for assessing programs like MGNREGA, where 

participation is determined by underlying socioeconomic factors rather than being assigned at random. 

 Despite its advantages, the validity and strength of the selected instrument have a significant impact on the IV 

method's efficacy. The reliability of the findings can be compromised by biased and inconsistent estimates 

produced by a weak or invalid instrument. Thus, a good IV strategy must include rigorous empirical testing, such as 

relevance and exogeneity checks, careful instrument selection, and solid theoretical justification. 

It may be concluded that, despite the complexity involved in the application of the IV approach, it remains an 

indispensable tool in the field of policy evaluation research. As long as the IV approach is applied correctly, it 

promises to deliver reliable and valuable insights that may be useful in the formulation of policies. As far as the 

application of the IV approach in the field of welfare policies, including the MGNREGA, is concerned, it may be said 

that the application of the IV approach helps in the determination of the reliability of the impact estimates, thus 

promoting the effectiveness of the policies formulated in the field 
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