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Figure 8

Point Estimate and 90% Confidence Sets for Hybrid New Keynesian Phillips
Curve Parameters: Standard Generalized Method of Moments (Ellipse) and Weak-
Instrument Robust (Gray)
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Source: Mavroeidis, Plagborg-Mgller, and Stock (2014), Fig. 11a.

Note: Figure 8 shows confidence sets for two key parameters of the hybrid New Keynesian Phillips Curve.
The dot is the point estimate using generalized method of moments, and the small ellipse around
the point estimate is the corresponding nominal 90 percent confidence set computed using textbook
asymptotics. The gray regions in the figure comprise a 90 percent confidence set that is robust to the
use of weak instruments. The figures show that the weak-identification robust confidence sets differ
dramatically from the standard asymptotic confidence ellipse. See text for details.
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Table 1
Regression Discontinuity Designs: The Jacob—Lefgren Data

QOutcome Sample Estimator Estimate  Standard error  IK Bandwidth
Math All Local Linear 0.18 (0.02) 0.57
Math Reading > 3.32 Local Linear 0.15 (0.02) 0.57
Math Math > 3.32 Local Linear 0.17 (0.03) 0.57
Math Math and Reading < 3.32  Local Linear 0.19 (0.02) 0.57
Math All Local Constant  —0.15 (0.02) 0.57

Note and Source: This table illustrates a regression discontinuity design with data from Jacob and
Lefgren (2004). They study the causal effect of attending summer school, using use administrative
data from the Chicago Public Schools, which in 1996 instituted an accountability policy that tied
summer school attendance and promotional decisions to performance on standardized tests.
We use the data for 70,831 third-graders in years 1997-99. The rule was that individuals who
scored below a threshold (2.75 in this case) on either a reading or mathematics were required to
attend summer school. Out of the 70,831 third graders, 15,846 scored below the threshold on the
mathematics test, 26,833 scored below the threshold on the reading test, 12,779 score below the
threshold on both tests, and 29,900 scored below the threshold on at least one test. The outcome
variable Y/” is the math score after the summer school, normalized to have variance one. The
first row presents an estimate of the effect of summer school attendance on the mathematics
test, using for the forcing variable the minimum of the initial mathematics score and the initial
reading score. We find that the summer school program has a substantial effect, raising the math
test outcome score by 0.18 standard deviations. Rows 2-4 in Table 1 present estimates for separate
subsamples. In this case, we find relatively little evidence of heterogeneity in the estimates.
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Figure 10

“The Mother of All Forecast Errors”: Survey of Professional Forecasters Median
Forecast for Nonfarm Business Employment during the 2007-2009 Recession and
Early Recovery
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Source: Philadelphia Fed Survey of Professional Forecasters.

Note: This figure shows the real-time median forecast of the log of nonfarm employment recorded by the
Survey of Professional Forecasters in the quarters leading up to and through the financial crisis. Even
well after the crisis began and real-time information about the collapse of the economy was available,
these forecasters consistently predicted a mild recession.
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Figure 3

Selected US macroeconomic Time Series: Actual Values and Common Components
(where the common components are the fitted values using the factors from a 200-variable,
6-factor dynamic factor model fit using data from 1959-2007)
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Source: Stock-Watson (2012a), Figure 2.

Note: Figure 3 shows the predicted value of six US quarterly macro variables from a 200-variable, 6-factor
dynamic factor model; this predicted value is called the “common component” of the series. The
parameters in this dynamic factor model were fitted using data from 1959-2007, so the post-2007 values
of the common component represent the pseudo out-of-sample fit.
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January 7, 2017

* Economists as Engineers (Panel Discussion)
Presiding: Alvin E. Roth

Paul Milgrom
Atila Abdulkadiroglu

* Economic Issues Facing the New President (Panel Discussion)
Presiding: Greg Mankiw
Jason Furman
Glenn Hubbard
Alan Krueger
John Taylor

* AEA Nobel Laureate Luncheon Honoring Angus Deaton from Princeton University
Presiding: Alvin E. Roth

James Heckman
David Laibson

Christina Paxson

¢ Publishing and Promotion in Economics: The Curse of the Top Five (Panel Discussion)
Presiding: James J. Heckman
George Akerlof
Angus Deaton
Drew Fudenberg
Lars Hansen

* AEA Awards Ceremony
Presiding: Alvin E. Roth

* AEA Presidential Address - Narrative Economics
Robert J. Shiller, introduced by Alvin E. Roth

2017 AEA Continuing Education webcasts also available

Visit www.aeaweb.org/conference/webcasts/2017
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Table 1
Performance of Different Algorithms in Predicting House Values

Prediction performance (R?) Relative improvement over ordinary least
Training Hold-out squares by quintile of house value
Method sample sample 1st Ind 3rd 4th 5th
Ordinary least 47.3% 41.7% - - - - -
squares [39.7%, 43.7%]
Regression tree 39.6% 34.5% -11.5% 10.8%  6.4% -14.6% -31.8%
tuned by depth [32.6%, 36.5%]
LASSO 46.0% 43.3% 1.3% 11.9% 131% 101% -1.9%
[41.5%, 45.2%]
Random forest 85.1% 45.5% 35% 23.6% 27.0% 17.8% —0.5%
[43.6%, 47.5%]
Ensemble 80.4% 45.9% 45% 16.0% 179% 14.2% 7.6%

[44.0%, 47.9%]

Note: The dependent variable is the log-dollar house value of owner-occupied units in the 2011
American Housing Survey from 150 covariates including unit characteristics and quality measures.
All algorithms are fitted on the same, randomly drawn training sample of 10,000 units and
evaluated on the 41,808 remaining held-out units. The numbers in brackets in the hold-out sample
column are 95 percent bootstrap confidence intervals for hold-out prediction performance, and
represent measurement variation for a fixed prediction function. For this illustration, we do not
use sampling weights. Details are provided in the online Appendix at http://e-jep.org.
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Figure 5

Contributions of Daily Data Releases to the Federal Reserve Bank of New York Real-
Time Nowcast of 2016Q4 GDP Growth

(bars represent weekly contributions of data revisions to changes in the nowcast)
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Source: Federal Reserve Bank of New York Nowcasting report, February 10, 2017.

Note: Figure 5 shows the evolution of a real-time forecast of 2016 fourth-quarter GDP—for obvious
reasons, sometimes called a “nowcast.” Technically, the points through September 31, 2016, are forecasts
of fourth quarter GDP growth; the points October 1 through December 31, 2016, are nowcasts; and the
points January 1, 2017, to the end of the series are backcasts of fourth quarter GDP growth.
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Figure 7
Trend Inflation (Upper Panel) and the Standard Deviation of the Trend

Innovation (Lower Panel) in an Unobserved Components—Stochastic Volatility
Model of US Inflation, 1850-2012
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Source: Cogley-Sargent (2015), Fig. 7(A, C).

Note: Figure 7 illustrates the incorporation of stochastic volatility into latent state variables. Cogley and
Sargent (2015) use an unobserved-components/stochastic-volatility model to study the evolution of the
US inflation process from 1850 to 2012. Their posterior estimate of trend inflation is shown in the first
panel, and their estimate of the time-varying standard deviation of changes in the trend is shown in the
second panel. They find the periods of greatest variance in the trend to be during the Civil War and
during the period of inflation and disinflation in the 1970s and early 1980s.
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Figure 2
Selected Coefficients (Nonzero Estimates) across Ten LASSO Regressions
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Note: We repeated the house-value prediction exercise on subsets of our sample from the American
Housing Survey. First, we randomly cut the sample into ten partitions of approximately 5,000
units each. On each partition, we re-estimate the LASSO predictor, with LASSO regularization
parameter fixed. The figure shows how the variables that are used vary from partition to partition.
Each row represents one of x variables used. Each column represents a different partition. We
color each cell black if that variable is used by the LASSO model (has a nonzero coefficient) in
that partition. The figure documents a fundamental problem: a variable used in one partition may
be unused in another. In fact, there are few stable patterns overall. For details, see discussion in
text and online appendix available with this paper at http://e-jep.org.
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Figure 9

Asymptotic Size of Tests of Values of the Cointegrating Coefficient Using Efficient
Cointegrating Estimators and Their Standard Errors when the Time Series Follow
Local-to-Unity Processes with Parameter ¢

(delta is the correlation between innovations in the error and in the regressor)
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Source: Elliott (1998), Figure 1(a).

Note: The figures portrays the null rejection rate of a test of the value of a cointegrating coefficient in a
simple model with two cointegrated variables. The test maintains that each of the variables is integrated
of order one, that is, has a unit autoregressive root, an assumption that is part of the cointegration model.
The figure shows that small departures from this unitroot assumption (as measured by c, which is the
difference between the true largest root and one, multiplied by the sample size) can cause major problems
for tests and confidence intervals about the value of that cointegrating coefficient.
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Figure 1
A Shallow Regression Tree Predicting House Values

Type =237 [No]
Baths <15 Baths <15
Rooms < 4 UNITSF < 1,122.5 Rooms < b Baths < 2.5

Note: Based on a sample from the 2011 American Housing Survey metropolitan survey. House-
value predictions are in log dollars.
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Figure 4
Fan Chart (Density Forecast) for Consumer Price Index (CPI) inflation in Norway
(percent; four-quarter change)
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Source: Reproduced from Chart 2.2¢c of Norges Bank Monetary Policy Report for December 2016, which
used data from Statistics Norway and Norges Bank.

Notes: This chart shows the distribution of possible future values of Norwegian consumer price inflation,
projections for 2016 Q4 through 2019 Q4.
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Figure 6
US GDP Growth and the Posterior Probability of a Regime Change in its Innovation
Variance
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Source: Kim and Nelson (1999), Fig. 3.A.

Note: The figure shows real GDP growth (the solid line), and the posterior probability of a break in the
variance in GDP (dashed line). Based on this figure, Kim and Nelson (1999) concluded that US GDP
growth had entered a period of low volatility, and that the most likely date for this transition was 1984Q1.
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Table 2
Some Machine Learning Algorithms

Function class F (and its parametrization)

Regularizer R(f)

Global/parametric predictors
Linear #'x (and generalizations)

Subset selection||#]|y = Yk, 14,20
LASSO ||8l], = /]‘:1|»“3j|
Ridge || 4] |22 =2, »“3]'2

i
Bl + (1 -a)||8]]22

Elastic net o

Local/nonparametric predictors
Decision/regression trees

Random forest (linear combination of
trees)

Nearest neighbors

Kernel regression

Depth, number of nodes/leaves, minimal leaf
size, information gain at splits

Number of trees, number of variables used
in each tree, size of bootstrap sample,
complexity of trees (see above)

Number of neighbors

Kernel bandwidth

Mixed predictors
Deep learning, neural nets, convolutional
neural networks

Splines

Number of levels, number of neurons per
level, connectivity between neurons

Number of knots, order

Combined predictors
Bagging: unweighted average of predictors
from bootstrap draws

Boosting: linear combination of
predictions of residual

Ensemble: weighted combination of
different predictors

Number of draws, size of bootstrap samples
(and individual regularization parameters)

Learning rate, number of iterations (and
individual regularization parameters)

Ensemble weights (and individual
regularization parameters)
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Compliments of the American Economic Association

Webcasts of Selected Sessions from the 2017 AEA Annual Meeting . . .
Now available on the AEA Website

January 6, 2017

* Brexit: Six Months Later
Olivier Blanchard
Jonathan Portes
Andrew Lilico
Karl Whelan

* Nobels on Where is the World Economy Headed?
Presiding: Dominick Salvatore

Where in the World Is the World Headed? Angus Deaton

Seeking Political Keys for Economic Growth Roger Myerson

How the Left and Right Are Failing the West Edmund Phelps

Economic Risks Associated with Deep Change in Technology Robert J. Shiller
New Divisions in the World Economy Joseph E. Stiglitz

* AEA/AFA Joint Luncheon - Will the Market Fix the Market?
Eric Budish, introduced by Alvin E. Roth

* Gender Agenda
Presiding: Muriel Niederle

Quantifying the Disincentive Effects of Joint Taxation on Married Women’s Labor Supply
Alexander Bick and Nicola Fuchs-Schuendeln

Long Hours and Women’s Job Choices: Cross Country and Within United States Evidence
Patricia Cortes and Jessica Pan

The Expanding Gender Earnings Gap: Evidence from the LEHD-Census
Claudia Goldin, Sari Pekkala Kerr, Claudia Olivetti, and Erling Barth

Competitiveness and Education Choices Muriel Niederle

Discussant: Erik Hurst

* AEA Richard T. Ely Lecture: The Economist as Plumber:
Large Scale Experiments to Inform the Details of Policy Making

Esther Duflo, introduced by Alvin E. Roth
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