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The motto “Theory and Measurement,” first adopted in 1952, succinctly captures the mission of the Cowles

Foundation: development and application of rigorous logical, mathematical, and statistical methods of

analysis in economics and related fields.
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1 Introduction

1.1 The Concept of Causal Inference in Economics & Econometrics

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

Journal of Educational Psychology, 66(5), 688.

• Rubin, D. B. (1980). Randomization analysis of experimental data: The Fisher randomization test

comment. Journal of the American statistical association, 75(371), 591-593.

• Holland, P. W. (1986). Statistics and causal inference. Journal of the American statistical Association,

81(396), 945-960.

• Granger, C. W. (1988). Some recent development in a concept of causality. Journal of econometrics,

39(1-2), 199-211.

• Heckman, J. J. (2001). Micro data, heterogeneity, and the evaluation of public policy: Nobel lecture.

Journal of political Economy, 109(4), 673-748.

• Heckman, J. J. (2000). Causal parameters and policy analysis in economics: A twentieth century

retrospective. Quarterly Journal of Economics, 115(1), 45-97.

• Heckman, J. J., & Vytlacil, E. J. (2007). Econometric evaluation of social programs, part I: Causal

models, structural models and econometric policy evaluation. Handbook of econometrics, 6, 4779-4874.

• Heckman, J. J., & Vytlacil, E. J. (2007). Econometric evaluation of social programs, part II: Using the

marginal treatment effect to organize alternative econometric estimators to evaluate social programs,

and to forecast their effects in new environments. Handbook of econometrics, 6, 4875-5143.

• Imbens, G. W. (2010). Better LATE than nothing: Some comments on Deaton (2009) and Heckman

and Urzua (2009). Journal of Economic literature, 48(2), 399-423.

• Deaton, A. (2010). Instruments, randomization, and learning about development. Journal of economic

literature, 48(2), 424-55.

• Deaton, A. (2010). Understanding the mechanisms of economic development. Journal of Economic

Perspectives, 24(3), 3-16.

• Abadie, A., & Cattaneo, M. D. (2018). Econometric methods for program evaluation. Annual Review

of Economics, 10, 465-503.

• Mogstad, M., & Torgovitsky, A. (2018). Identification and extrapolation of causal effects with instru-

mental variables. Annual Review of Economics, 10, 577-613.

1.2 Reduced Form, Structural Method & Sufficient Statistics

• Meyer, B. D. (1995). Natural and quasi-experiments in economics. Journal of business & economic

statistics, 13(2), 151-161.

• Rosenzweig, M. R., & Wolpin, K. I. (2000). Natural” natural experiments” in economics. Journal of
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Economic Literature, 38(4), 827-874.

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

supply and demand to natural experiments. Journal of Economic perspectives, 15(4), 69-85.

• Heckman, J. J., & Vytlacil, E. (2005). Structural equations, treatment effects, and econometric policy

evaluation 1. Econometrica, 73(3), 669-738.

• Imbens, G. W. (2010). Better LATE than nothing: Some comments on Deaton (2009) and Heckman

and Urzua (2009). Journal of Economic literature, 48(2), 399-423.

• Heckman, J. J., & Urzua, S. (2010). Comparing IV with structural models: What simple IV can and

cannot identify. Journal of Econometrics, 156(1), 27-37.

• Heckman, J. J. (2010). Building bridges between structural and program evaluation approaches to

evaluating policy. Journal of Economic literature, 48(2), 356-98.

• Keane, M. P. (2010). Structural vs. atheoretic approaches to econometrics. Journal of Econometrics,

156(1), 3-20.

• Chetty, R. (2009). Sufficient statistics for welfare analysis: A bridge between structural and reduced-form

methods. Annu. Rev. Econ., 1(1), 451-488.

• Low, H., & Meghir, C. (2017). The use of structural models in econometrics. Journal of Economic

Perspectives, 31(2), 33-58.

• Kleven, H. J. (2018). Sufficient statistics revisited. Annual Review of Economics, 13.

• Lee, D. S., Leung, P., O’Leary, C. J., Pei, Z., & Quach, S. (2021). Are sufficient statistics necessary?

nonparametric measurement of deadweight loss from unemployment insurance. Journal of Labor

Economics, 39(S2), S455-S506.

• Model‐Based or Design‐Based? Competing Approaches in “Empirical Micro”. David Card.

– Video: https://youtu.be/S6xSEiB6E2s

1.3 Numerous Definitions of Identification in Economics & Econometrics

• Lewbel, A. (2019). The identification zoo: Meanings of identification in econometrics. Journal of

Economic Literature, 57 (4), 835-903.

2 Randomized Control Trials

2.1 Basics

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

research: A toolkit. Handbook of development economics, 4, 3895-3962.

• Karlan, D., & Appel, J. (2016). Failing in the Field. Princeton University Press.
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• Duflo, E., & Banerjee, A. (Eds.). (2017). Handbook of field experiments. Elsevier.

2.2 The Latest Updates

• Heckman, J., Hohmann, N., Smith, J., & Khoo, M. (2000). Substitution and dropout bias in social

experiments: A study of an influential social experiment. Quarterly Journal of Economics, 115(2),

651-694.

• List, J. A., & Rasul, I. (2011). Field experiments in labor economics. In Handbook of labor economics

(Vol. 4, pp. 103-228). Elsevier.

• List, J. A. (2011). Why economists should conduct field experiments and 14 tips for pulling one off.

Journal of Economic perspectives, 25(3), 3-16.

• List, J. A., Sadoff, S., & Wagner, M. (2011). So you want to run an experiment, now what? Some

simple rules of thumb for optimal experimental design. Experimental Economics, 14(4), 439-457.

• Al-Ubaydli, O., & List, J. A. (2015). Do natural field experiments afford researchers more or less control

than laboratory experiments?. American Economic Review, 105(5), 462-66.

• Maniadis, Z., Tufano, F., & List, J. A. (2015). How to make experimental economics research more

reproducible: Lessons from other disciplines and a new proposal. In Replication in experimental

economics. Emerald Group Publishing Limited.

• Maniadis, Z., Tufano, F., & List, J. A. (2017). To Replicate or Not To Replicate? Exploring

Reproducibility in Economics through the Lens of a Model and a Pilot Study. Economic Journal,

127 (605), F209-F235.

• Al-Ubaydli, O., List, J. A., & Suskind, D. L. (2017). What can we learn from experiments? Under-

standing the threats to the scalability of experimental results. American Economic Review, 107 (5),

282-86.

• List, J. A., Shaikh, A. M., & Xu, Y. (2019). Multiple hypothesis testing in experimental economics.

Experimental Economics, 22(4), 773-793.

• Muralidharan, K., Romero, M., & Wthrich, K. (2019). Factorial designs, model selection, and (incorrect)

inference in randomized experiments (No. w26562). National Bureau of Economic Research.

• Young, A. (2019). Channeling fisher: Randomization tests and the statistical insignificance of seemingly

significant experimental results. Quarterly Journal of Economics, 134(2), 557-598.

• Burlig, F., Preonas, L., & Woerman, M. (2020). Panel data and experimental design. Journal of

Development Economics, 144, 102458.

• Deeb, A., & de Chaisemartin, C. (2020). Clustering and External Validity in Randomized Controlled

Trials. Available at SSRN 3630707.

• Heckman, J. J. (2020). Randomization and Social Policy Evaluation Revisited (No. 12882). IZA

Discussion Papers.
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• Athey, S., Bickel, P. J., Chen, A., Imbens, G., & Pollmann, M. (2021). Semiparametric Estimation of

Treatment Effects in Randomized Experiments (No. w29242). National Bureau of Economic Research.

• Gabriel, E. E., Sjlander, A., & Sachs, M. C. (2021). Nonparametric bounds for causal effects in imperfect

randomized experiments. Journal of the American Statistical Association, 1-9.

• Zhao, A., & Ding, P. (2021). Covariate-adjusted Fisher randomization tests for the average treatment

effect. Journal of Econometrics.

2.3 Applications

• Angrist, J. D., & Krueger, A. B. (1999). Chapter 23 Empirical strategies in labor economics. In

Handbook of labor economics (Vol. 3, pp. 1277-1366). Elsevier.

• Krueger, A. B. (1999). Experimental Estimates of Education Production Functions. The Quarterly

Journal of Economics, 114(2), 497-532.

• Katz, L. F., Kling, J. R., & Liebman, J. B. (2001). Moving to opportunity in Boston: Early results of a

randomized mobility experiment. Quarterly Journal of Economics, 116(2), 607-654.

• Miguel, E., & Kremer, M. (2004). Worms: identifying impacts on education and health in the presence

of treatment externalities. Econometrica, 72(1), 159-217.

• Bertrand, M., & Mullainathan, S. (2004). Are Emily and Greg more employable than Lakisha and

Jamal? A field experiment on labor market discrimination. American Economic Review, 94(4), 991-1013.

• Karlan, D. S. (2005). Using experimental economics to measure social capital and predict financial

decisions. American Economic Review, 95(5), 1688-1699.

• Cullen, J. B., Jacob, B. A., & Levitt, S. (2006). The effect of school choice on participants: Evidence

from randomized lotteries. Econometrica, 74(5), 1191-1230.

• Karlan, D., & List, J. A. (2007). Does price matter in charitable giving? Evidence from a large-scale

natural field experiment. American Economic Review, 97 (5), 1774-1793.

• Karlan, D. S., & Zinman, J. (2008). Credit elasticities in less-developed economies: Implications for

microfinance. American Economic Review, 98(3), 1040-68.

• Beaman, L., Chattopadhyay, R., Duflo, E., Pande, R., & Topalova, P. (2009). Powerful women: does

exposure reduce bias?. Quarterly Journal of Economics, 124(4), 1497-1540.

• Karlan, D., & Zinman, J. (2009). Observing unobservables: Identifying information asymmetries with a

consumer credit field experiment. Econometrica, 77 (6), 1993-2008.

• Karlan, D., & Zinman, J. (2010). Expanding credit access: Using randomized supply decisions to

estimate the impacts. Review of Financial Studies, 23(1), 433-464.

• Bertrand, M., Karlan, D., Mullainathan, S., Shafir, E., & Zinman, J. (2010). What’s advertising content

worth? Evidence from a consumer credit marketing field experiment. Quarterly Journal of Economics,

125(1), 263-306.
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• Jensen, R. (2010). The (perceived) returns to education and the demand for schooling. Quarterly

Journal of Economics, 125(2), 515-548.

• Cohen, J., & Dupas, P. (2010). Free distribution or cost-sharing? Evidence from a randomized malaria

prevention experiment. Quarterly Journal of Economics, 1-45.

• Ashraf, N., Berry, J., & Shapiro, J. M. (2010). Can higher prices stimulate product use? Evidence from

a field experiment in Zambia. American Economic Review, 100(5), 2383–2413.

• Chetty, R., Friedman, J. N., Hilger, N., Saez, E., Schanzenbach, D. W., & Yagan, D. (2011). How does

your kindergarten classroom affect your earnings? Evidence from Project STAR. Quarterly Journal of

Economics, 126(4), 1593-1660.

• DellaVigna, S., List, J. A., & Malmendier, N. U. (2012). Testing for Altruism and Social Pressure in

Charitable Giving Online Appendix. Quarterly Journal of Economics.

• Finkelstein, A., Taubman, S., Wright, B., Bernstein, M., Gruber, J., Newhouse, J. P., … & Oregon

Health Study Group. (2012). The Oregon health insurance experiment: evidence from the first year.

Quarterly Journal of Economics, 127 (3), 1057-1106.

• Duflo, E., Hanna, R., & Ryan, S. P. (2012). Incentives work: Getting teachers to come to school.

American Economic Review, 102(4), 1241-78.

• Banerjee, A., Duflo, E., Ghatak, M., & Lafortune, J. (2013). Marry for what? Caste and mate selection

in modern India. American Economic Journal: Microeconomics, 5(2), 33-72.

• Beaman, L., Karlan, D., Thuysbaert, B., & Udry, C. (2013). Profitability of fertilizer: Experimental

evidence from female rice farmers in Mali. American Economic Review, 103(3), 381-86.

• Crpon, B., Duflo, E., Gurgand, M., Rathelot, R., & Zamora, P. (2013). Do labor market policies

have displacement effects? Evidence from a clustered randomized experiment. Quarterly Journal of

Economics, 128(2), 531-580.

• Heckman, J., Pinto, R., & Savelyev, P. (2013). Understanding the mechanisms through which an

influential early childhood program boosted adult outcomes. American Economic Review, 103(6),

• Banerjee, A., Duflo, E., Glennerster, R., & Kinnan, C. (2015). The miracle of microfinance? Evidence

from a randomized evaluation. American Economic Journal: Applied Economics, 7(1), 22-53.

• Bloom, N., Liang, J., Roberts, J., & Ying, Z. J. (2015). Does working from home work? Evidence from

a Chinese experiment.  Quarterly Journal of Economics, 130(1), 165-218.

• Chetty, Raj, Nathaniel Hendren, and Lawrence Katz (2016): “The Effects of Exposure to Better

Neighborhoods on Children: New Evidence from the Moving to Opportunity Experiment”, American

Economic Review 106(4): 855-902

• Bowers, J., Higgins, N., Karlan, D., Tulman, S., & Zinman, J. (2017). Challenges to replication and

iteration in field experiments: Evidence from two direct mail shots. American Economic Review, 107 (5),

462-65.

• Bruhn, M., Karlan, D., & Schoar, A. (2018). The impact of consulting services on small and medium
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enterprises: Evidence from a randomized trial in Mexico. Journal of Political Economy, 126(2), 635-687.

• Armona, L., Fuster, A., & Zafar, B. (2018). Home Price Expectations and Behaviour: Evidence from a

Randomized Information Experiment. Review of Economic Studies.

• Fischer, G., Karlan, D., McConnell, M., & Raffler, P. (2019). Short-term subsidies and seller type: A

health products experiment in Uganda. Journal of Development Economics, 137, 110-124.

• Karlan, D., & Zinman, J. (2019). Long-run price elasticities of demand for credit: evidence from a

countrywide field experiment in Mexico. Review of Economic Studies, 86(4), 1704-1746.

• Banerjee, A., Chandrasekhar, A. G., Duflo, E., & Jackson, M. O. (2019). Using gossips to spread

information: Theory and evidence from two randomized controlled trials. Review of Economic Studies,

86(6), 2453-2490.

• Bryan, G., Choi, J. J., & Karlan, D. (2021). Randomizing religion: the impact of Protestant evangelism

on economic outcomes. Quarterly Journal of Economics, 136(1), 293-380.

• Duflo, E. (2020). Field experiments and the practice of policy. American Economic Review, 110(7),

1952-73.

• Banerjee, A., Duflo, E., & Qian, N. (2020). On the road: Access to transportation infrastructure and

economic growth in China. Journal of Development Economics, 145, 102442.

• Kline, P., & Walters, C. (2021). Reasonable Doubt: Experimental Detection of Job-level Employment

Discrimination. Econometrica, 89(2), 765-792.

• Goldin, J., Lurie, I. Z., & McCubbin, J. (2021). Health insurance and mortality: Experimental evidence

from taxpayer outreach. Quarterly Journal of Economics, 136(1), 1-49.

• Auriol, E., Lassebie, J., Panin, A., Raiber, E., & Seabright, P. (2020). God insures those who pay?

Formal insurance and religious offerings in Ghana. Quarterly Journal of Economics, 135(4), 1799-1848.

• Brune, L., Karlan, D., Kurdi, S., & Udry, C. (2022). Social protection amidst social upheaval: Examining

the impact of a multi-faceted program for ultra-poor households in Yemen. Journal of Development

Economics, 155, 102780.

3 Diff-in-Diff & Event Studies

3.1 Basics

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

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

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

72(1), 1-19.

• De Chaisemartin, C., & d’Haultfoeuille, X. (2018). Fuzzy differences-in-differences. Review of Economic

Studies, 85(2), 999-1028.
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3.2 The Latest Updates

• Brewer, M., Crossley, T. F., & Joyce, R. (2018). Inference with difference-in-differences revisited.

Journal of Econometric Methods, 7 (1).

• Callaway, B., Li, T., & Oka, T. (2018). Quantile treatment effects in difference in differences models

under dependence restrictions and with only two time periods. Journal of Econometrics, 206(2),

395-413.

• Ferman, B., & Pinto, C. (2019). Inference in differences-in-differences with few treated groups and

heteroskedasticity. Review of Economics and Statistics, 101(3), 452-467.

• Freyaldenhoven, S., Hansen, C., & Shapiro, J. M. (2019). Pre-event trends in the panel event-study

design. American Economic Review, 109(9), 3307-38.

• Rambachan, A., & Roth, J. (2019). An honest approach to parallel trends. Unpublished manuscript,

Harvard University.[99].

• Schmidheiny, K., & Siegloch, S. (2019). On event studies and distributed-lags in two-way fixed effects

models: Identification, equivalence, and generalization.

• Callaway, B., & Li, T. (2019). Quantile treatment effects in difference in differences models with panel

data. Quantitative Economics, 10(4), 1579-1618.

• Roth, J. (2019). Pre-test with caution: Event-study estimates after testing for parallel trends. Depart-

ment of Economics, Harvard University, Unpublished manuscript.

• Roth, J., & Sant’Anna, P. H. (2020). When Is Parallel Trends Sensitive to Functional Form?. arXiv

preprint arXiv:2010.04814.

• Sant’Anna, P. H., & Zhao, J. (2020). Doubly robust difference-in-differences estimators. Journal of

Econometrics, 219(1), 101-122.

• De Chaisemartin, C., & d’Haultfoeuille, X. (2020). Two-way fixed effects estimators with heterogeneous

treatment effects. American Economic Review, 110(9), 2964-96.

• Olden, A., & Møen, J. (2020). The triple difference estimator. NHH Dept. of Business and Management

Science Discussion Paper, (2020/1).

• de Chaisemartin, C., & D’Haultfoeuille, X. (2020). Two-way Fixed Effects Regressions with Several

Treatments. WP

• Athey, S., & Imbens, G. W. (2021). Design-based analysis in difference-in-differences settings with

staggered adoption. Journal of Econometrics.

• Arkhangelsky, D., & Imbens, G. W. (2021). Double-robust identification for causal panel data models

(No. w28364). National Bureau of Economic Research.

• Marcus, M., & Sant’Anna, P. H. (2021). The role of parallel trends in event study settings: An

application to environmental economics. Journal of the Association of Environmental and Resource

Economists, 8(2), 235-275.

• Sun, L., & Abraham, S. (2021). Estimating dynamic treatment effects in event studies with heterogeneous
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treatment effects. Journal of Econometrics, 225(2), 175-199.

• Baker, A., Larcker, D. F., & Wang, C. C. (2021). How Much Should We Trust Staggered Difference-In-

Differences Estimates?. Available at SSRN 3794018.

• Borusyak, K., Jaravel, X., & Spiess, J. (2021). Revisiting event study designs: Robust and efficient

estimation. arXiv preprint arXiv:2108.12419.

• Butts, K. (2021). Difference-in-Differences Estimation with Spatial Spillovers. arXiv preprint

arXiv:2105.03737.

• Callaway, B., & Sant’Anna, P. H. (2021). Difference-in-differences with multiple time periods. Journal

of Econometrics, 225(2), 200-230.

• Arkhangelsky, Dmitry, Susan Athey, David A. Hirshberg, Guido W. Imbens, and Stefan Wager. 2021.

“Synthetic Difference-in-Differences.” American Economic Review, 111 (12): 4088-4118.

• Freyaldenhoven, S., Hansen, C., Pérez, J. P., & Shapiro, J. M. (2021). Visualization, Identification,

and Estimation in the Linear Panel Event-Study Design (No. w29170). National Bureau of Economic

Research.

• Gardner, J. Two-stage differences in differences.

• Goodman-Bacon, A. (2021). Difference-in-differences with variation in treatment timing. Journal of

Econometrics.

• Roth, J., & Sant’Anna, P. H. (2021). Efficient estimation for staggered rollout designs. arXiv preprint

arXiv:2102.01291.

• Wooldridge, J. (2021). Two-Way Fixed Effects, the Two-Way Mundlak Regression, and Difference-in-

Differences Estimators. Available at SSRN 3906345.
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