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Abstract

When determining the efficiency of welfare programs, development initiatives and public
policies impact evaluation of such is important. Impact evaluation measures the casual
relationship between the dependent and independent variable. In impact evaluation estimates can
be experimental or quasi experimental. Experimental studies are not possible everywhere due to
its financial and logistical constraint, so quasi experimental studies plays a vital role there. One
of the quasi experimental technique of impact evaluation is Difference-in-Difference .The
Difference-in-Difference (DID) approach has become one of the most popular quasi-
experimental methods for estimating causal effects in non-experimental settings. A treatment
group exposed to a policy intervention and a control group that is not impacted by the
intervention are compared for changes in outcomes over time using the DID method. The
approach accounts for common time trends that impact both groups and unobserved factors that
remains constant over time by concentrating on differences across both time and groups. In the
context of impact evaluation, this paper offers a thorough analysis of the DID approach. It covers
the method's conceptual framework, mathematical formulation, fundamental presumptions, and
real-world application. Additionally, a fictitious example of how DID uses interaction terms in a
regression framework to estimate treatment effects is presented in the paper. Also, a critical
analysis of the DID approach’s advantages and limitation is discussed. The review emphasizes
that although DID offers an effective and user-friendly tool for evaluating the impact for

policies, its validity is primarily dependent on the satisfaction of crucial presumptions like the
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parallel trend assumption. The relevance of DID in current empirical research and its value in

assessing development interventions are highlighted in the paper's conclusion.

Keywords: Impact evaluation, DID, Parallel trend, quasi experimental, Empirical research,
Policy decisions.
Introduction:

Many initiatives are carried out by governments and development organisations with the

goal of enhancing social and economic results.

For that reason Impact evaluation is now a important part of program and policy
evaluation and in taking public policy decision. Effective policy design and resource allocation
depend on determining whether these interventions truly have the desired -effects.
Randomized controlled trials (RCTs) are not possible in many real-world scenarios because of
financial, logistical and ethical drawbacks. Because of this, researchers frequently use quasi-
experimental techniques that use observational data to approximate experimental conditions. The
Difference-in-Difference (DID) approach is one of these techniques that have become very

popular.

By comparing the change in outcomes over time between participants (treatment group)
and with non-participants (control group), the DID estimates the causal relationship of a policy
intervention. The main concept is that the method removes biases resulting from time-invariant
unobserved factors by looking at differences across time and groups. Numerous disciplines,
including education policy, labor economics, health economics, and development economics,

have made extensive use of DID in their study.

DID methodology is conceptually reviewed in this paper. The aim is to describe the
method's theoretical underpinnings, provide its mathematical formulation, go over the
presumptions needed for accurate estimation, and highlight its limitations and advantages with

respect to impact assessment.

Difference-in-Difference (DID) :
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The Difference-in-Difference method is a quasi-experimental econometric technique used
to measure the causal effect of a policy or a program. The Difference-in-Difference method

involves measuring the change in the outcome variable over time for two groups:
1. Treatment group: the group that is exposed to the intervention.
2. Control group: the group that is not exposed to the intervention.

The basic idea behind the Difference-in-Difference method is that if there is a change in
the outcome variable for the control group, this change indicates the overall change that would
have happened even without the intervention. Hence, by subtracting the change in the outcome
variable for the control group, the Difference-in-Difference method aims to measure the causal

effect of the intervention.
The Difference-in-Difference method involves two differences:
1. Difference over time (i.e., before and after the intervention).

2. Difference between the two groups (treatment and control).

DID Model: Statistical Regression Equation:

DID model is applied in economic research in a regression equation having an interaction

term and the coefficient of the interaction term is the impact of the intervention.

The Regression is equation is,
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Yi= Bo + B1D1i + B2Dt + PBs(D1i * Dy) + Uy

Where,
Symbol Description of the symbol
[ Individual i
Vi Dependent variable/Outcome variable measured at time period “t”
Bo Intercept term (Baseline outcome for the control group in the pre-treatment period)
By Coefficient measuring the mean difference between the treatment group and control
group (Before intervention)
DJF Treatment dummy variable (D= 1 :Treatment group & D;; = 0: Control group)
B2 Coefficient capturing the overall time effect common to both treatment and control
group
(D) Time dummy variable (D; = 1: Post treatment & D;= 0: Pre treatment)
(D1i* Dy) | Interaction term between treatment and time variables capturing the treatment effect
post intervention.
Uy Error term (Unobserved factors affecting the dependent/outcome variable)

Interpretation of the Interaction Term:

The interaction term, i.e., (Treat * Post), is very important in DID estimation because it

shows the change in the outcome for the treatment group after the intervention compared to the

control group.

Interpretation:

B1 shows the baseline difference between treatment and control groups.

2 shows the common time trend in both groups.

B3 shows the causal effect of policy intervention, and thus it is the DID estimator.

DID Regression Equation: An illustration
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Group Time Outcome (y) Treatment Time Dummy Interaction
Dummy (D) (Dy) Term (Dyi* Dy)
Control Before 4300 0 0 0
Control After 4700 0 1 0
Treatment Before 4500 1 0 0
Treatment After 6000 1 1 1

Here as per the above table,
Bo =4300 (Control Group before intervention)
Bo+ B2= 4700 (Control Group after Program), so B, = 400 (Time effect)
Bo+ B1 = 4500 (Treatment group before program), so B; = 200 (Group difference)
Bo+ B1+ B2+ B3 = 6000 (Treatment group after program), so B3 = 1100
Putting all the values of [ in the DID regression equation,
Yi= 4300 + 200D3; + 400D + 1100(D4; * Dy) + u
Here, B3 =1100

Difference-in-Differences estimate (causal impact of program)
So the program increased household consumption by ¥1100 on average.

Assumptions of DID Model

For DID to produce unbiased causal results, certain conditions must be satisfied.

1) Parallel Trend Assumption:
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The most important assumption for DID is the parallel trend assumption. This assumption holds

that, in the absence of any policy intervention, the trend for the treatment and control groups

would have been similar.

Figure-1: Parallel Trend Assumption of Treatment and Control group

N
Difference-in-
differences estimate
@ Treated group — _
= observed __--—7"
2 AR
S Jp—
& = P ol Treated group —
=] = without treatment
g Assumed
S parallel /
= H
o Comparison group
Before intervention After intervention
Time
Where,

Y's — Outcome of treated group before intervention
Y'e — Outcome of treated group after intervention
Y% — Outcome of control group before intervention

Y% — Outcome of control group after intervention

In other words, the gap between the two groups would have remained constant in the absence of

any policy intervention.

2) No Simultaneous Confounding Policies:
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There must not be any policy changes or shocks that affect only the treatment group during the

sample period. If such policy changes occur, they might influence the results.
3) Stable Composition of Groups:

The composition of the treatment and control groups must not change significantly. If there is a

significant change in the composition of groups, this might influence the results.
4) No Spillover Effects:

The control group must not be indirectly influenced by any policy intervention in the treatment

group. Spillover effects might influence the results for the treatment and control groups.
Merits of DID Applications in Impact Evaluation :

The advantages of the Difference-in-Difference method in empirical studies are as

follows:

1. It helps control for unobserved heterogeneity: The DID method helps control for biases due to

unobserved heterogeneity, which is constant over time.
2. It is simple and intuitive: The DID method is simple and easy to interpret.

3. It can be applied to observational data: The DID method can be applied even if randomized

experiments are not feasible.

4. 1t is widely used for policy evaluation: The DID method is widely used for policy evaluation,

including labor market policies, education policies, health policies, and social welfare policies.

5. It has a flexible regression framework: The DID method has a flexible regression framework,

enabling the inclusion of control variables.
Demerits of DID Applications in Impact Evaluation:

However, the DID method have some limitations, some of which are discussed below:
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1) Dependence on parallel trend assumption: If the parallel trend assumption is not met, then the

DID method may not yield the correct result.

2) Sensitivity to policy shocks: The occurrence of other policy shocks during the period may

affect the result.

3) Data requirements: The DID method requires data to be available both before and after the

intervention. This may not always be possible.

4) Spillover effects: If the control group is indirectly affected, then the DID method may not

yield the correct result.

5) Measurement errors: If the outcome variables are not measured correctly, then the result may

not be correct.
Conclusion:

This paper examined the conceptual and empirical bases of the Difference-in-Differences
methodology as an essential tool for causal impact evaluation in applied economics and policy
analysis. The study discussed the theoretical framework of the DiD methodology and its
application for estimating treatment effects by exploiting differences over time between treated
and control groups. It also provided an illustration of the statistical regression equation and the
interaction term that are used by the DID estimator to capture the program effect, accounting for

baseline differences and time trends.

The hypothetical case used in the analysis served to further explain the practical
application of the method, as well as how the interaction term used in the regression framework
works to account for the causal effect of a program or policy intervention. This, therefore,
demonstrates the strength of the DID method in offering a transparent estimate of treatment

effects, even without the need for randomized experiments.

The explanation of the core assumptions underlying the DID method, as seen in the

discussion of the parallel trends assumption, served to emphasize the need for specific conditions
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to be met for the method to yield causal effects. Although the method has some advantages, such
as simplicity, interpretability, and flexibility, it has some limitations that need to be addressed

appropriately.

In conclusion, the "Difference-in-Differences” method, as a quasi-experimental approach,
still enjoys significant application in the evaluation of public policies and socio-economic
programs. The extension of this method into the realm of regression analysis makes it an
important tool for empirical research in the field of development economics. Further extensions
and refinements to the "DID" method, such as the application of additional datasets,
heterogeneous effects, and the extension of the method into the realm of matching methods, can

only serve to improve its overall efficiency as a tool for policy evaluation.
References:

1. Abadie, A. (2005). Semiparametric difference-in-differences estimators. Review of
Economic Studies, 72(1), 1-19.

2. Abadie, A., & Cattaneo, M. D. (2018). Econometric methods for program evaluation.
Annual Review of Economics, 10, 465-503.

3. Angrist, J. D., & Pischke, J. S. (2009). Mostly harmless econometrics: An empiricist’s

companion. Princeton University Press.

4. Angrist, J. D., & Pischke, J. S. (2015). Mastering 'metrics: The path from cause to effect.

Princeton University Press.

5. Ashenfelter, O., & Card, D. (1985). Using the longitudinal structure of earnings to
estimate the effect of training programs. Review of Economics and Statistics, 67(4), 648—
660.

6. Autor, D. H. (2003). Outsourcing at will: The contribution of unjust dismissal doctrine to
the growth of employment outsourcing. Journal of Labor Economics, 21(1), 1-42.

760 https://remittancesreview.com




761

10.

11.

12.

13.

14.

15.

16.

17.

Remittances Review

May 2023,

Volume: 8, No: 2,752-763

ISSN: 2059-6588(Print) | ISSN 2059-6596(Online)

Bertrand, M., Duflo, E., & Mullainathan, S. (2004). How much should we trust

differences-in-differences estimates? Quarterly Journal of Economics, 119(1), 249-275.

Blundell, R., & Costa Dias, M. (2000). Evaluation methods for non-experimental data.
Fiscal Studies, 21(4), 427-468.

Blundell, R., & Costa Dias, M. (2009). Alternative approaches to evaluation in empirical

microeconomics. Journal of Human Resources, 44(3), 565-640.

Callaway, B., & Sant’Anna, P. H. C. (2021). Difference-in-differences with multiple time
periods. Journal of Econometrics, 225(2), 200-230.

Card, D., & Krueger, A. B. (1994). Minimum wages and employment: A case study of
the fast-food industry in New Jersey and Pennsylvania. American Economic Review,
84(4), 772-793.

De Chaisemartin, C., & D’Haultfoeuille, X. (2020). Two-way fixed effects estimators

with heterogeneous treatment effects. American Economic Review, 110(9), 2964-2996.

Goodman-Bacon, A. (2021). Difference-in-differences with variation in treatment timing.
Journal of Econometrics, 225(2), 254-277.

Heckman, J. J., Ichimura, H., & Todd, P. (1997). Matching as an econometric evaluation
estimator. Review of Economic Studies, 64(4), 605-654.

Heckman, J. J., Lalonde, R. J., & Smith, J. A. (1999). The economics and econometrics
of active labor market programs. In O. Ashenfelter & D. Card (Eds.), Handbook of labor
economics (Vol. 3, pp. 1865-2097). Elsevier.

Imbens, G. W., & Wooldridge, J. M. (2009). Recent developments in the econometrics of
program evaluation. Journal of Economic Literature, 47(1), 5-86.

Khandker, S. R., Koolwal, G. B., & Samad, H. A. (2010). Handbook on impact

evaluation: Quantitative methods and practices. World Bank.

https://remittancesreview.com




762

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

Remittances Review

May 2023,

Volume: 8, No: 2,752-763

ISSN: 2059-6588(Print) | ISSN 2059-6596(Online)

Lechner, M. (2011). The estimation of causal effects by difference-in-difference methods.
Foundations and Trends in Econometrics, 4(3), 165-224.

Meyer, B. D. (1995). Natural and quasi-experiments in economics. Journal of Business
and Economic Statistics, 13(2), 151-161.

Puhani, P. A. (2012). The treatment effect, the cross difference, and the interaction term

in nonlinear difference-in-differences models. Economics Letters, 115(1), 85-87.

Rosenbaum, P. R., & Rubin, D. B. (1983). The central role of the propensity score in
observational studies for causal effects. Biometrika, 70(1), 41-55.

Rubin, D. B. (1974). Estimating causal effects of treatments in randomized and

nonrandomized studies. Journal of Educational Psychology, 66(5), 688—701.

Rubin, D. B. (2005). Causal inference using potential outcomes. Journal of the American

Statistical Association.

Stuart, E. A. (2010). Matching methods for causal inference: A review and a look
forward. Statistical Science, 25(1), 1-21.

Wooldridge, J. M. (2010). Econometric analysis of cross section and panel data (2nd
ed.). MIT Press.

Wooldridge, J. M. (2013). Introductory econometrics: A modern approach (5th ed.).
South-Western Cengage Learning.

Cameron, A. C., & Trivedi, P. K. (2005). Microeconometrics: Methods and applications.

Cambridge University Press.

Angrist, J. D. (2001). Estimation of limited dependent variable models with dummy
endogenous regressors. Journal of Business and Economic Statistics, 19(1), 2-28.

Gertler, P. J., Martinez, S., Premand, P., Rawlings, L. B., & Vermeersch, C. (2016).
Impact evaluation in practice (2nd ed.). World Bank.

https://remittancesreview.com




763

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Remittances Review

May 2023,

Volume: 8, No: 2,752-763

ISSN: 2059-6588(Print) | ISSN 2059-6596(Online)

Todd, P. E. (2007). Evaluating social programs with endogenous program placement and

selection of the treated. Handbook of Development Economics.

Angrist, J. D., & Krueger, A. B. (2001). Instrumental variables and the search for

identification. Journal of Economic Perspectives, 15(4), 69-85.

Deaton, A. (2010). Instruments, randomization, and learning about development. Journal
of Economic Literature, 48(2), 424-455.

Imbens, G. W., & Rubin, D. B. (2015). Causal inference for statistics, social, and

biomedical sciences. Cambridge University Press.

Morgan, S. L., & Winship, C. (2015). Counterfactuals and causal inference (2nd ed.).
Cambridge University Press.

Athey, S., & Imbens, G. W. (2017). The state of applied econometrics: Causality and
policy evaluation. Journal of Economic Perspectives, 31(2), 3-32.

Abadie, A., Diamond, A., & Hainmueller, J. (2010). Synthetic control methods for
comparative case studies. Journal of the American Statistical Association, 105(490),
493-505.

Duflo, E., Glennerster, R., & Kremer, M. (2007). Using randomization in development

economics research. Handbook of Development Economics.

Heckman, J. J. (2008). Econometric causality. International Statistical Review, 76(1), 1-
27.

Cameron, A. C., & Miller, D. L. (2015). A practitioner’s guide to cluster-robust
inference. Journal of Human Resources, 50(2), 317-372.

Goodman-Bacon, A. (2018). Difference-in-differences with variation in treatment timing
(Working paper). National Bureau of Economic Research.

https://remittancesreview.com




