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How Important are Belief Distortions?

> How important are belief distortions in economic decision making and what role do they
play in macroeconomic fluctuations?
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How Important are Belief Distortions?

> How important are belief distortions in economic decision making and what role do they
play in macroeconomic fluctuations?

> Large theoretical literatures: emerged to argue that systematic expectational errors
embedded in beliefs have important dynamic effects on economy. Agents make
systematic errors for many reasons:
1. Face limits on their ability to acquire and process information (e.g., Sims (2003), Reis (2006a,b),
Woodford (2013), Coibion and Gorodnichenko (2015))

2. Use simple extrapolative rules (De Long, Shleifer, Summers, and Waldmann (1990); Barberis,
Shleifer, and Vishny (1998); Barberis, Greenwood, Jin, and Shleifer (2015)).

3. Intentionally adopt conservatively pessimistic beliefs due to aversion to ambiguity (e.g.,
Hansen and Sargent (2008); Epstein and Schneider (2010); Ilut and Schneider (2015)).

4. Over-weight personal experiences (e.g., Malmendier and Nagel (2011); Malmendier and Nagel
(2015)) or relevance of incoming data (e.g, Bordalo, Gennaioli, and Shleifer (2018); Gennaioli
and Shleifer (2018))

5. Engage in Bayesian learning about a mean with a prior that assumes skewness (e.g., Afrouzi,
Veldkamp, et al. (2019)).
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How Important are Belief Distortions?

> All previous theories presume agents exhibit some form of belief distortion, which we
define here in general terms as:

» Systematic mis-weighting of available information demonstrably pertinent to the accuracy of the belief.
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How Important are Belief Distortions?

> All previous theories presume agents exhibit some form of belief distortion, which we
define here in general terms as:

» Systematic mis-weighting of available information demonstrably pertinent to the accuracy of the belief.

> A first challenge in empirically assessing role of belief distortions in economic outcomes
is that there is no widely accepted measure of belief distortions.

» Use of surveys seems promising to measure agents’ beliefs. But existing studies vary by:

specific survey data used

segment of the population surveyed

time frame to which the survey responses pertain
survey questions analyzed

extraneous econometric methodology
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How Important are Belief Distortions?

> All previous theories presume agents exhibit some form of belief distortion, which we
define here in general terms as:

» Systematic mis-weighting of available information demonstrably pertinent to the accuracy of the belief.

> A first challenge in empirically assessing role of belief distortions in economic outcomes
is that there is no widely accepted measure of belief distortions.

» Use of surveys seems promising to measure agents’ beliefs. But existing studies vary by:

specific survey data used

segment of the population surveyed

time frame to which the survey responses pertain
survey questions analyzed

extraneous econometric methodology

VVyVvVYVYY

> A second challenge: Given the range of theories and large amount of information that is
in fact ex-ante available and possibly pertinent to decision making, there is no widely
accepted benchmark model of belief formation to measure distortions in survey
responses.
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Goals:

1. Provide a measure of distortions that is as wide-ranging as possible.

2. Assess the role of belief distortions in macroeconomic fluctuations.

> Measure beliefs across a range of surveys, respondents, and questions about future
economic outcomes.

P> Adopt the perspective of survey respondents:

1. Out-of-sample nature of the forecast
2. Real-time data-rich environment

3. Heterogeneity in beliefs

> Construct and study a broad measure of belief distortion in economic decision making,.
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» Three key ingredients.
1. Direct evidence on what economic decision makers actually believe.

» Use data from different surveys, different types of decision makers, different survey questions, and
broad cross-sections of survey respondents with different beliefs.

2. Algorithm to acquire and process the theoretically vast quantities of real-time information.

» Failure to take into account the data-rich environment or the the out-of-sample nature of real-time
decisions, can lead to erroneous conclusions about whether beliefs are distorted.

» Use machine learning tools to combine information from the data-rich environment with the survey
forecasts. Machine learning benchmark in principle free of human biases, to process hundreds of
pieces of information available in real-time at mixed sampling intervals.
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Operationalizing Measurement of Belief Distortions

» Three key ingredients.
1. Direct evidence on what economic decision makers actually believe.

» Use data from different surveys, different types of decision makers, different survey questions, and
broad cross-sections of survey respondents with different beliefs.

2. Algorithm to acquire and process the theoretically vast quantities of real-time information.

» Failure to take into account the data-rich environment or the the out-of-sample nature of real-time
decisions, can lead to erroneous conclusions about whether beliefs are distorted.

» Use machine learning tools to combine information from the data-rich environment with the survey
forecasts. Machine learning benchmark in principle free of human biases, to process hundreds of
pieces of information available in real-time at mixed sampling intervals.

3. A sufficiently long time series on the first two.

» Reduce sampling noise, as necessary to distinguish bad luck in a random environment (i.e., pure
random error) from a systematic mis-weighting of information.

> Assess the role of any distortions in dynamic macroeconomic fluctuations.

= Study the bias of respondent type (mean, median, percentiles) as opposed to single respondent.
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Revisiting Well Known Empirical Examples

» Importance of minding challenges of real-world decision making can be illustrated by
revisiting some well-known empirical findings.

> Two key aspects that we need to model:

1. Real-time adaptation to new information & out-of-sample nature of decisions. As an
example, revisit some findings from Coibion and Gorodnichenko (2015) (CB).

2. The data-rich environment in which survey respondents operate. As an example, revisit
findings from Chauvet and Potter (2013) (CP).
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Real-Time, Out-of-Sample Decision Making

Coibion and Gorodnichenko (2015) in-sample regressions

CG In-Sample Regressions of Forecast Errors on Forecast Revisions

Regression: 713 — Fy [my434] = & + B (Fs [i134] — Fy_1 [MTe134]) + 0701 T €
(@) (@) [€) @

Panel A: Sample: 1969:Q1 - 2014:Q4 Panel B: Sample: 1969:Q1 - 2018:Q2
Constant 0.001 -0.077 -0.022 -0.116
t-stat (0.005) (-0.442) (-0.167) (-0.758)
Fi [7tias] — Feoy [meay]  1.194% 1.141% 1.186* 1.116*
t-stat (2.496) (2.560) (2.478) (2.532)
TT42,4—1 0.021 0.027
t-stat (0.435) (0.574)
R? 0.195 0.197 0.193 0.195

P P P

Notes: annual inflation is defined as T3t = PP n x L tl X Pt f X PH’; , Fy [”t+3 t} is the mean Survey of Professional Forecasters (SPF) forecast of annual inflation as of time
4 (= -+ b+ 4

t. Panel A presents the sample in Coibion and Gorodnichenko (2015) and Panel B updates the sample to 2017:Q4. Following CG, regressions are run and forecast errors computed using

forecasts of real-time inflation data available four quarters after the period being forecast. Newey-West corrected (t-statistics) with lags = 4. Newey-West HAC: *sig. at 10%. **sig. at 5%.

*sig. at 1%.
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Real-Time, Out-of-Sample Decision Making

Coibion and Gorodnichenko (2015) in-sample regressions
> Forecast errors predictable by forecast revisions.
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Real-Time, Out-of-Sample Decision Making

Coibion and Gorodnichenko (2015) in-sample regressions
> Forecast errors predictable by forecast revisions.

» Other information (e.g., lagged 71,1 ;_1) insignificant once forecast revisions included.

CG In-Sample Regressions of Forecast Errors on Forecast Revisions

Regression: 71 3¢ — Fy [my434] = & + B (Fs [i134] — Fy_1 [MTe134]) + 0701 + €
(@) (@) [€) @

Panel A: Sample: 1969:Q1 - 2014:Q4 Panel B: Sample: 1969:Q1 - 2018:Q2
Constant 0.001 -0.077 -0.022 -0.116
t-stat (0.005) (-0.442) (-0.167) (-0.758)
Fi [7tias] — Feoy [meay]  1.194% 1.141% 1.186* 1.116*
t-stat (2.496) (2.560) (2.478) (2.532)
TT42,4—1 0.021 0.027
t-stat (0.435) (0.574)
R? 0.195 0.197 0.193 0.195

P P P

Notes: annual inflation is defined as T3 = PP n x L tl X Pt f X PH’; , Fy [”t+3 t} is the mean Survey of Professional Forecasters (SPF) forecast of annual inflation as of time
4 (= - b4 4

t. Panel A presents the sample in Coibion and Gorodnichenko (2015) and Panel B updates the sample to 2017:Q4. Following CG, regressions are run and forecast errors computed using

forecasts of real-time inflation data available four quarters after the period being forecast. Newey-West corrected (t-statistics) with lags = 4. Newey-West HAC: *sig. at 10%. **sig. at 5%.

*sig. at 1%.
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Out-of-Sample GG Regressions

» Forecast model:

3 — Fr [y = a4+ B (Fr [iga ] — Froq [Tigas]) + €

> Rolling (or recursive) regressions used to estimate coefficients at t and predict 7,43 in
subsequent periods. CG model forecasts:

Rryar = &1 + (1 + B(t)) Fy [7tp1a,] — BYFi_1 [Tras]

survey error, = IF; [7y43] — mTiy3y
CG model error; = 73 — Tey3 ¢

» mean-square-forecast errors computed over samples of size T as

F

-1
MSEfR = (TF ) Zstl (survey error, +S)2

—1 _7F
MSEcg = (TF) Zstl (CG model errortJrs)2
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Out-of-Sample CG Regressions

» Compare ratio of mean OOS forecast errors.

Mean square errors (MSE): CG model and SPF

Forecast model: 7,3, — F; [ 3] = &0 + POF; [111434] — BOF;_1 [mr134]

Method Forecast Sample MSE g /MSER
Rolling 5 years 1975:Q4 - 2018:Q2 14
Rolling 10 years 1980:Q4 - 2018:Q2 13
Rolling 20 years 1990:Q4 - 2018:Q2 13
Recursive 5 years 1975:Q4 - 2018:Q2 1.7
Recursive 10 years  1980:Q4 - 2018:Q2 1.6
Recursive 20 years  1990:Q4 - 2018:Q2 1.3

P, P, P,
L 5 B2 o SHB. The regression estimation uses the latest vintage of
t t+1 H2
inflation in real time and, following CG, computes forecast errors real-time data available four quarters after the period being forecast. The sample spans the period 1969:Q1 - 2018:Q2.

Notes: The table eportsthe ratio of MSEs of the CG model orecast over the survey forecast. 1y 3 = pi L

E. Bianchi S. C. Ludvigson NBER Summer Institute



Out-of-Sample CG Regressions

» Compare ratio of mean OOS forecast errors.

> Across range of rolling or recursive windows, CG model performs much worse than
survey forecast.

Mean square errors (MSE): CG model and SPF

Forecast model: 7,3, — F; [ 3] = &0 + POF; [111434] — BOF;_1 [mr134]

Method Forecast Sample MSE g /MSER
Rolling 5 years 1975:Q4 - 2018:Q2 14
Rolling 10 years 1980:Q4 - 2018:Q2 1.3
Rolling 20 years 1990:Q4 - 2018:Q2 1.3
Recursive 5 years 1975:Q4 - 2018:Q2 1.7
Recursive 10 years  1980:Q4 - 2018:Q2 1.6
Recursive 20 years  1990:Q4 - 2018:Q2 1.3

P, P, P,
L 5 B2 o SHB. The regression estimation uses the latest vintage of
t t+1 H2
inflation in real time and, following CG, computes forecast errors real-time data available four quarters after the period being forecast. The sample spans the period 1969:Q1 - 2018:Q2.

Notes: The table eportsthe ratio of MSEs of the CG model orecast over the survey forecast. 1y 3 = pi L
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Out-of-sample nature of real-time decision making

> CG argue that results for mean forecasts support information rigidities, not departures
from rationality (e.g., adaptive expectations).

> If professional forecasters are at the “frontier”, we could have expected the apparent
relation in-sample to be eliminated if it were exploitable.

> Implication: Even agents (such as our machine) who face no substantive information
processing limitations will optimally downweight information that might appear relevant
ex post if it fails to improve ex ante forecasts.
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High- v.s. Low-Dimensional Decision Making

Chauvet and Potter (2013) (CP) out-of-sample example

> Equally important to take into account the high-dimensional nature of decision making.
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High- v.s. Low-Dimensional Decision Making

Chauvet and Potter (2013) (CP) out-of-sample example
> CP: AR(2) works best for out-of-sample GDP growth forecasts.
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High- v.s. Low-Dimensional Decision Making

Chauvet and Potter (2013) (CP) out-of-sample example
> Information in AR lags less important in a high-dimensional setting.

0.008 00076 I
[l High Dimensional
1 ow Dimensional

0.006 1

0.004 - 1

0.002 | 1

0.000
0
-0.002 1
-0.004 - 1
-0.0044
-0.006 - -
}Jl UZ
Autoregressive Coefficients in high- v.s. low-di ional out-of- pl Average autc ive coefficients from one-quarter-ahead rolling regressions of real GDP growth on

predictors. B is the average coefficient on the first AR lag; B, is the average coefficient on the second. The high dimension estimation entertains very large numbers of potential predictors,
in addition to the autoregressive lags, while the low dimension setting uses only two additional predictors. The sample spans 1995:Q1-2018:Q2.

E. Bianchi . C. i NBER Summer Institute



Machine Learning and Econometric Model
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Beliefs and Biases: Outline

> Do survey forecasts systematically mis-weight information? We use large amount of
information (“big data”) and real-time machine learning benchmark model of beliefs.

> Our belief distortion (“bias”) measure for respondent-type i is defined as the difference
between her survey forecast and the machine benchmark.

bias](,it)Jrh = ]Ft(i) |:yj,t+h:| - ]Et(i) [yf”h}
— —_— —~—

Typeibias  Her survey forecast ~Machine benchmark

» Roadmap:

1.
2.
3.

Describe machine benchmark.
Describe data.

Describe evidence. /e there biases? Do they vary over time and across agents? Do they
matter? Are they correlated with anything in aggregate economy? (VAR analysis.)
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Machine Learning and Econometric Model

Notation:

> Lety; ., denote a series indexed by j whose value in period & > 1 a survey forecaster is
asked to predict at time .

> Let ]Ft(l) denote a survey forecast made at time t and let superscript (i) refer to the ith
respondent-type, where i denotes either a respondent-type with the mean belief,
“i = mean” or at the ith percentile of the forecast distribution, i.e., “i = 65” refers to a
belief at the 65th percentile.

> eg, ]FEéS) [yj,t+h} denotes the survey forecast of y; ;,, that is formed at time ¢ by a survey
respondent in the 65th percentile of the survey distribution.
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Machine Learning and Econometric Model

Access and process relevant information with machine learning algorithm:

> Itis imperative that the data used in the algorithm be as rich as possible, so measure of
belief distortion does not miss pertinent information.

» Relevant information not considered by the benchmark can lead to spurious estimates of belief
distortions and their dynamics.

> To address this problem we take a two pronged approach:

1. Diffusion index estimation: relatively small number of dynamic factors are estimated from
hundreds (or potentially thousands) of economic time-series.

2. Machine Learning: regularized estimation, optimally trades off costs of downweighting
information for benefits of reduced parameter estimation error.
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Machine Learning Model of Beliefs

» Consider the machine learning model of expectation formation:
Yiph = ‘X]@ + 5](];)]5(1) [yj,t+h} + B]@th + €jtns 1)
where Zj; is a vector of variables and factors available at the time of the forecast.

» Define the machine efficient benchmark for type i as a set of parameter restrictions that
would imply the survey forecast efficiently processes all available information at time ¢#:

B =1 B2 =00 =0. )
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Machine Learning Model of Beliefs

» Consider the machine learning model of expectation formation:
Yiph = ‘X](l) + 5](];)]&(1) [yj,t+h} + B](QZ]} + €jtns 1)
where Zj; is a vector of variables and factors available at the time of the forecast.

» Define the machine efficient benchmark for type i as a set of parameter restrictions that
would imply the survey forecast efficiently processes all available information at time ¢#:

B =1 B2 =00 =0. @

> Deviations from above benchmark reveal systematic expectational errors, as measured

by the mis-weighting of information contained in Zj; or “1” (B 75 0or lX #— 0) and/or

the respondent-type’s own forecast, ]ng) {yjﬁh} (,B](]; # 1).
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Machine Learning Model of Beliefs

Yitth = 0‘ it 5( IF(I) []/j,tJrh] + B](ZZ)th + €jt+ns

> Several points about the machine learning benchmark bear noting.
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Machine Learning Model of Beliefs

Yitth = 0‘ it 5( IF(I) []/j,tJrh] + B](ZZ)th + €jt+ns

> Several points about the machine learning benchmark bear noting.

1. Measure is individual-specific benchmark that adopts the perspective of a forecaster at the ith
percentile.
2. Machine given any information that the respondent-type could have known at ¢, which

includes her own forecast ]ng) [}/j,t+h} and other information in Z;.

3. ,B](IQ # 1 means ]F(i) [y]- t+h] could have been improved by re-weighting her own forecast

against the other information in Z; which potentially includes ]FE 1 9 [y] t+h]
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Machine Learning Model of Beliefs

Yitth = 0‘ it 5( IF(I) []/j,tJrh] + B](ZZ)th + €jt+ns

> Several points about the machine learning benchmark bear noting.

1. Measure is individual-specific benchmark that adopts the perspective of a forecaster at the ith
percentile.
2. Machine given any information that the respondent-type could have known at ¢, which

includes her own forecast ]ng) [yj,wh} and other information in Z;.

3. ,B](IQ # 1 means ]F(i) [y]- t+h] could have been improved by re-weighting her own forecast

against the other information in Z; which potentially includes ]FE 1 9 [y] t+h]

> Even with factors, the number of possible predictors in benchmark model can be large
or even exceed number of observations. We turn to machine learning algorithm.
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Machine Learning Algorithm

Simplify notation:
Yipsh = Xt/ﬁ](l) + €jtn
where X; = (1, Xy; . Xk;)’ collects the variables (IFSi) [yj,t+h] , th) into a vector with “1” and
. . . /!
,B](l) = (zx]@ ‘B](];) , ) (,BO ,ﬁl ;- 0 ) collects all the coefficients. Let X; = (yjﬁh, X/ ) .
> Consider estimators of /5]. ,

ﬁ](l) =m (th A) ’

» m (X, A) defines an estimator of ,B]@ as a function of X; and a non-negative regularization
parameter vector A

> A estimated with real-time training sample. Denote combined estimator B]@ (Xt, ﬁ) .

P Possible estimators: Least Absolute Shrinkage and Selection Operator (LASSO), Random
Forest, Ridge, Elastic Net (EN) (combines LASSO and Ridge).
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Machine Learning Algorithm Summary

ML forecast @ ¢t | | | I
t_TIS_TTS t_TTS t t4+h

In-sample subsample  Training and cross-validation =~ Out-of-sample forecast

1. Sample partitioning: At time ¢, the prior sample is partitioned into an in-sample
subsample with Tjg quarters and a hold-out training subsample with Tg quarters.
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Machine Learning Algorithm Summary

ML forecast @ ¢t | | | I
t_TIS_TTS t_TTS t t4+h

In-sample subsample  Training and cross-validation =~ Out-of-sample forecast

1. Sample partitioning: At time ¢, the prior sample is partitioned into an in-sample
subsample with Tjg quarters and a hold-out training subsample with Tg quarters.

2. In-sample estimation: Given a pair (A, A;), calculate EN coefficients /;](i) (Xt, M)
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ML forecast @ ¢t | | | I

t_TIS_TTS t_TTS f t4h

In-sample subsample  Training and cross-validation =~ Out-of-sample forecast

1. Sample partitioning: At time ¢, the prior sample is partitioned into an in-sample
subsample with Tjg quarters and a hold-out training subsample with Tg quarters.

2. In-sample estimation: Given a pair (A, A;), calculate EN coefficients [;](.i) (Xt, M)

3. Optimal regularization: Optimal A delivers B](i) (Xt, A) that minimizes mean-square
forecast errors from rolling regressions over the training sample.
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Machine Learning Algorithm Summary

ML forecast @ ¢t | | | I

t_TIS_TTS t_TTS f t4h

In-sample subsample  Training and cross-validation =~ Out-of-sample forecast

1. Sample partitioning: At time ¢, the prior sample is partitioned into an in-sample
subsample with Tjg quarters and a hold-out training subsample with Tg quarters.

2. In-sample estimation: Given a pair (A, A;), calculate EN coefficients [;](.i) (Xt, M)

3. Optimal regularization: Optimal A delivers B](i) (Xt, A) that minimizes mean-square
forecast errors from rolling regressions over the training sample.

4. Optimal sample size: Steps 1-3 are repeated over a grid of window sizes T and Trs.
Optimal window sizes Tjs and Ts minimizes the MSE over the training sample
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Machine Learning Algorithm Summary

ML forecast @ ¢t | | | I

t_TIS_TTS t_TTS f t4h

In-sample subsample  Training and cross-validation =~ Out-of-sample forecast

1. Sample partitioning: At time ¢, the prior sample is partitioned into an in-sample
subsample with Tjg quarters and a hold-out training subsample with Tg quarters.

2. In-sample estimation: Given a pair (A, A;), calculate EN coefficients [;](.i) (Xt, M)

3. Optimal regularization: Optimal A delivers B](i) (Xt, A) that minimizes mean-square
forecast errors from rolling regressions over the training sample.

4. Optimal sample size: Steps 1-3 are repeated over a grid of window sizes T and Trs.
Optimal window sizes Tjs and Ts minimizes the MSE over the training sample

5. Out-of-sample prediction: Values of regressors at t used to make a true out-of-sample

prediction of y;,, using 'g](lt) (Xt,ﬁsr f\gi)).
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Machine Learning Algorithm Summary

ML forecast @ ¢t | | | I
t_TIS_TTS t_TTS t t4h

In-sample subsample  Training and cross-validation =~ Out-of-sample forecast

1. Sample partitioning: At time ¢, the prior sample is partitioned into an in-sample
subsample with Tjg quarters and a hold-out training subsample with Tg quarters.

2. In-sample estimation: Given a pair (A, A;), calculate EN coefficients [;](.i) (Xt, M)

3. Optimal regularization: Optimal A delivers B](i) (Xt, A) that minimizes mean-square
forecast errors from rolling regressions over the training sample.

4. Optimal sample size: Steps 1-3 are repeated over a grid of window sizes T and Trs.
Optimal window sizes Tjs and Ts minimizes the MSE over the training sample

5. Out-of-sample prediction: Values of regressors at t used to make a true out-of-sample
prediction of ., using ,B](,lt) (th]s, )Akgl)).

6. Roll forward and repeat: Roll forward ¢ to t + 1 and repeat steps 1-5.

F. Bianchi S. C. Ludvigson NBER Summer Institute



Machine Learning Algorithm

» The benchmark machine learning belief at time ¢

B[] = 180 (04).

> Out-of-Sample Forecast Errors:

survey errort(fzh = ]Ffi) [yj,m} — Yjt+n )

machine errort(fzh = ]Egi) {y]-,ﬂrh} = Yjtth 4)

> Out-of-sample mean-square-forecast errors (MSE):

12
survey MSE = MSEf = 7 Y (survey error,  ,)? (5)
t=1
1 P
machine MSE = MSEg = P Z(machine errort+h)2 (6)
t=1

F. Bianchi S. C. Ludvigson NBER Summer Institute



Machine Learning Algorithm

>

>

To assess belief distortions we need to compare forecast accuracy across the survey and
machine learning benchmark.

Need a sufficiently large number of obs. on relative accuracy to distinguish bad luck in a
random environment from systematic error.

If machine benchmark consistently produces more reliable forecasts over an extended
sample, we take as evidence of systematic expectational errors and quantify their
magnitude by looking at the ratio of MSEs. Otherwise, conclude no evidence of
systematic error.

F. Bianchi S. C. Ludvigson NBER Summer Institute



Machine Learning Algorithm

> To assess belief distortions we need to compare forecast accuracy across the survey and
machine learning benchmark.

> Need a sufficiently large number of obs. on relative accuracy to distinguish bad luck in a
random environment from systematic error.

» If machine benchmark consistently produces more reliable forecasts over an extended
sample, we take as evidence of systematic expectational errors and quantify their
magnitude by looking at the ratio of MSEs. Otherwise, conclude no evidence of
systematic error.

> Obtain a dynamic measure of belief distortions by taking the difference between the
survey and the machine forecast.

biasj(%h = ]Ft(i) {3/j,t+h} - ]Ep {yj,wh} . 7)

> Ex-ante perspective conceptually distinct from pure random forecast error, since it measures
systematic expectational errors, not ex-post mistakes.

F. Bianchi S. C. Ludvigson NBER Summer Institute



Data
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» We consider three surveys for real GDP growth and inflation
1. Survey of Professional Forecasters (SPF)
2. Michigan Survey of Consumers (SOC)
3. Blue Chip (BC)
> For each survey/variable we consider mean, median, and several percentiles

> Exception: SOC’s GDP only forecast is constructed from a qualitative balance score

F. Bianchi S. C. Ludvigson NBER Summer Institute



Real Time Data-Rich Environment

At each forecast date, we construct a rich dataset of variables observed on or before the day of
the survey deadline.

» Macro Factors use 92 real-time macro variables (Philadelphia Fed)
> Energy prices (BLS)

» Monthly financial factors 7" use 147 monthly financial series

» Daily financial factors 7" cover 87 daily indicators

> Lagged moments of SPF responses

> Additional variables such as detrended output, trend inflation, term-structure slope,...

F. Bianchi S. C. Ludvigson NBER Summer Institute



Results: How Distorted are Beliefs?
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Forecast Comparison: Machine v.s. SPF Inflation

Machine learning v.s. SPF forecasts of inflation

ML: yjpn = 04,-([) + /3,(12 F [yjen] + B]@ Zjt + Ejth

Percentile Median Mean 5th  10th  20th
MSEg 0.38 0.42 0.51 0.43 0.40
MSEg 0.45 0.44 0.90 0.58 0.48

MSEE, /MSER 0.85 0.95 056 « 074 @ 0.83

25th 30th 40th  60th  70th
MSEE 0.41 0.40 0.39 036  0.39
MSEE 0.45 0.45 044 049 056
MSEE /MSEE 0.90 0.88 0.89 0.74  0.70

75th 80th  90th  95th
MSEE 041 04T 053 065
MSER 0.61 070 096 136
MSEE /MSER 0.67 059 055 ' 047

Relative Mean-square-forecast-errors. MSE[ and MSE[: are the machine learning benchmark and survey mean-squared-forecast-errors, respectively. Forecast errors are for a 4-Quarter
ahead forecast and averaged over the evaluation period. The sample is 1969:Q3 to 2018:Q3.
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Forecast Comparison: Machine v.s. SPF Inflation

> Machine model performs much better suggesting belief distortion, even in heralded
consensus 7T forecasts.

Machine learning v.s. SPF forecasts of inflation

ML: yjs 0 = 04,-([) + /3,(12 F [yjen] + B]@ Zjt + Ejth

Percentile Median Mean 5th  10th  20th
MSEg 0.38 0.42 0.51 0.43 0.40
MSEg 0.45 0.44 0.90 0.58 0.48

MSEE /MSER 0.85 0.95 056 074 @ 0.83

25th 30th 40th  60th  70th
MSEE 0.41 0.40 0.39 036  0.39
MSEE 0.45 0.45 044 049 056
MSEE /MSEE 0.90 0.88 0.89 0.74  0.70

75th 80th  90th  95th
MSEE 041 041 053 065
MSER 0.61 070 096 136
MSEE /MSER 0.67 059 055 ' 047

Relative Mean-square-forecast-errors. MSE and MSE[: are the machine learning benchmark and survey mean-squared-forecast-errors, respectively. Forecast errors are for a 4-Quarter
ahead forecast and averaged over the evaluation period. The sample is 1969:Q3 to 2018:Q3.
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Forecast Comparison: Machine v.s. SPF GDP Growth

» For GDP growth, machine model always more accurate than SPF respondents, no matter
what their beliefs.

Machine learning v.s. SPF forecasts of GDP growth

ML: yji 0 = 04,-([) + ﬁ,(];:) F [yjen] + B]@ Zjt + Ejth

Percentile Median Mean  5th  10th  20th
MSEg 2.35 241 222 227 2.12
MSER 2.63 2.60 3.10 2.73 2.59

MSEE /MSEE 0.89 0.93 072 ' 083 @ 0.82

25th 30th 40th  60th  70th
MSEg 221 2.28 2.34 2.34 231
MSEFR 2.57 2.57 260 270 2.81
MSEE /MSEE 0.86 0.89 0.90 0.87  0.82

75th 80th  90th  95th
MSEE 732 243 239 254
MSER 2.87 296 338 390
MSEE /MSER 0.81 082 071 ' 0.65

Relative Mean-square-forecast-errors. MSE and MSE[: are the machine learning benchmark and survey mean-squared-forecast-errors, respectively. Forecast errors are for a 4-Quarter
ahead forecast and averaged over the evaluation period. The estimation sample is 1969:Q3 to 2018:Q3.
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Forecast Comparison: Machine v.s. SOC Inflation

» Much larger average belief distortions for households

Machine learning v.s. SOC forecasts of inflation
ML: yj 40 = IX;X) + ﬂ;]lp)]Ffl) Yjan] + B}(IZ)Z]‘.‘ + €jttn

Percentile Median  Mean 5th 10th  20th
MSEEg 1.64 1.97 3.25 2.28 1.76
MSER 2.84 4.65 15.11 8.27 3.87

MSEE /MSER 0.58 0.42 0.22 0.28 0.46

25th 30th 40th 60th  70th
MSEE 1.83 1.76 1.50 1.75 1.70
MSER 3.16 2.62 2.30 4.69 8.26
MSEE /MSEg 0.58 0.67 0.65 0.37 0.21

75th 80th  90th  95th
MSEg 165 183 251 272
MSE 1062 1505 4703 84.92
MSEE /MSER 0.16 012 (005 (003

Relative M f t-errors. MSE[; and MSE are the machine learning benchmark and survey mean-squared-forecast-errors, respectively. Forecast errors are for a 4-Quarter
ahead forecast and averaged over the evaluation period. The estimation sample is 1981:Q3 to 2018:Q3.
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Forecast Comparison: Machine v.s. SOC GDP Growth

P Similarly large distortions for SOC forecasts of economic growth

Machine learning v.s. SOC forecasts of GDP Growth
ML: Yt = "‘](X) + ﬁ;JQ]Ft(l) [%Hh} + B/(IZ)Z/* + i+

Percentile Median
MSEE 241
MSEE 3.24
MSEE /MSEg 0.74

Relative Mean-square-forecast-errors. MSE and MSEF: are the machine learning benchmark and survey mean-squared-forecast-errors, respectively. Forecast errors are for a 4-Quarter
ahead forecast and averaged over the evaluation period. The estimation sample is 1978:Q1 to 2018:Q3.
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Forecast Comparison: Machine v.s. BC Inflation

» Machine model also improves over BC survey forecasts

Machine learning v.s. BC forecasts of inflation
ML: yjp4n = "‘,‘(x) + /S;]Q]Ff') [y/fwh} + B;‘Z)th + €jtth

Percentile Median Mean  5th  10th  20th
MSEEg 0.41 0.40 0.48 0.40 0.43
MSER 0.49 0.48 0.83 0.67 0.51

MSEE /MSER 0.84 0.84 0.58 ' 0.60 = 0.85

MSEE 0.42 0.41 043 040 039
MSER 0.49 0.47 047 051 0.56
MSEE /MSE 0.85 0.86 0.91 0.78 ' 0.69

75th 80th  90th  95th
MSEg 039 038 042 044
MSEF 0.59 065 087 114
MSEE, /MSE 0.65 059 ' 048 ' 038

Relative Mean-square-forecast-errors. MSEf and MSEF are the machine learning benchmark and survey mean-squared-forecast-errors, respectively. Forecast errors are for a 4-Quarter
ahead forecast and averaged over the evaluation period. The estimation sample is 1981:Q3 to 2018:Q3.
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Forecast Comparison: Machine v.s. BC GDP Growth

» Similarly large distortions for BC forecasts of economic growth

Relative M f

Machine learning v.s. BC forecasts of GDP Growth

ML: e = pc;i) + /S;]Q FY [Vitn] + B}@Zﬂ + Ejtn

Percentile Median Mean  5th  10th  20th
MSEEg 2.14 2.29 2.29 2.08 2.37
MSER 2.81 2.77 297 2.76 2.67
MSEEg / MSEg 0.76 0.83 0.77 0.75 0.89
25th 30th 40th 60th 70th
MSEEg 2.19 2.20 211 2.20 2.29
MSER 2.68 2.71 2.76 2.89 2.99
MSEE /MSEFR 0.82 0.81 0.77 0.76 0.73
75th 80th 90th 95th
MSER 2.23 2.23 2.28 2.54
MSEg 3.06 3.18 3.50 3.82
MSER/MSEr 070 065 [ 0.67 ' 0.66

t-errors. MSE[; and MSE are the machine learning benchmark and survey mean-squared-forecast-errors, respectively. Forecast errors are for a 4-Quarter

ahead forecast and averaged over the evaluation period. The estimation sample is 1978:Q1 to 2018:Q3.

E. Bianchi

S. C. Ludvigson
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Dynamics of Belief Distortions

Biases in the Mean and Median Survey Forecasts

SPF Inflation SPF GDP growth

2 avg bias®%/avg Ay = 0.20

1| av bias®ave x = 013 |

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
SOC Inflation SOC GDP growth

a4 avg bias®%avg Ay = -0.05
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Blue Chip Inflation Blue Chip GDP growth

0.5 a avg bias®%/avg Ay = 0.22
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-1 | avg biasS%avg = = 0.06 J -2

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

[ NBER recession Median bias - = = ‘Mean bias

Biases in the consensus forecasts. The figure reports the time series bms]("t)ﬁ»h = ]Fi’) [ t+h} - ]Eg’) [y]- t+h} for i = 50, mean. The sample spans the period 1995:Q1-2018:Q2.
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Dynamics of Belief Distortions

> For SPF and BC, several periods with no or small biases.

Biases in the Mean and Median Survey Forecasts

SPF Inflation SPF GDP growth

2 avg bias®%/avg Ay = 0.20

-1} avgbias®/avg w = 0.3 4

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
SOC Inflation SOC GDP growth

a4 avg bias®%/avg Ay =-0.05

2

o

v
-2 | avg bias®%avg x = 0.31

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Blue Chip Inflation Blue Chip GDP growth
0.5 a avg bias®®/avg Ay = 0.22
o 2
-0.5 o
-1 | avg biasS%avg x= 0.06 J -2
1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

Median bias = =

[ NBER recession ‘Mean bias |

Biases in the consensus forecasts. The figure reports the time series bzas/(,’t)+h = ]Fg’) [yi t+h} - ]Eg’) [y]- t+h} for i = 50, mean. The sample spans the period 1995:Q1-2018:Q2.
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Dynamics of Belief Distortions

> In all surveys, periods where 7t expectations were systematically biased upward...

Biases in the Mean and Median Survey Forecasts

SPF Inflation SPF GDP growth

2 avg bias®%/avg Ay = 0.20

L]
-1} avgbias®/avg w = 0.13

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
SOC Inflation SOC GDP growth

a4 avg bias®%/avg Ay =-0.05

2

o

v
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1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Blue Chip Inflation Blue Chip GDP growth
0.5 a avg bias®7avg Ay = 0.22
o 2
_0.5 o
-1 | avg biasS%avg = = 0.06 J -2
1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

Median bias = =

[ NBER recession ‘Mean bias |

Biases in the consensus forecasts. The figure reports the time series bzas/(,’t)+h = ]Fg’) [yi t+h} - ]Eg’) [y]- t+h} for i = 50, mean. The sample spans the period 1995:Q1-2018:Q2.
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Dynamics of Belief Distortions

> ..and systematically biased downward.

Biases in the Mean and Median Survey Forecasts

SPF Inflation SPF GDP growth

2 avg bias®%/avg Ay = 0.20

L]
-1} avgbias®/avg w = 0.13

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
SOC Inflation SOC GDP growth

a4 avg bias®%/avg Ay =-0.05

2

o

v
-2 | avg bias®%avg x = 0.31

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Blue Chip Inflation Blue Chip GDP growth

0.5 a avg bias®%/avg Ay = 0.22
o 2
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-1 | avg biasS%avg = = 0.06 A1 -2

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

[ NBER recession Median bias - = = ‘Mean bias

Biases in the consensus forecasts. The figure reports the time series bms]("t)ﬁ»h = ]Fi’) [yi t+h} - ]Eg’) [y]- t+h} for i = 50, mean. The sample spans the period 1995:Q1-2018:Q2.
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Dynamics of Belief Distortions

» For GDP growth, all surveys show extended periods of over-optimism, especially post
Great Recession, and right before the 2001 recession.
Biases in the Mean and Median Survey Forecasts

SPF Inflation SPF GDP growth
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Biases in the consensus forecasts. The figure reports the time series bzas/(,’t)+h = ]Fg’) [yi t+h} - ]Eg’) [y]- t+h} for i = 50, mean. The sample spans the period 1995:Q1-2018:Q2.
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Dynamics of Belief Distortions

» HHs’ SOC: over-pessimism right after 2001 recession

Biases in the Mean and Median Survey Forecasts

SPF Inflation SPF GDP growth

2 avg bias®%/avg Ay = 0.20
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[ NBER recession ‘Mean bias |

Biases in the consensus forecasts. The figure reports the time series bms]("t)ﬁ»h = ]Fi’) [yi t+h} - ]Eg’) [y]- t+h} for i = 50, mean. The sample spans the period 1995:Q1-2018:Q2.
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Dynamics of Belief Distortions

> Biases large! (Especially in SOC): inflation biases => systematic errors on order of
0.5-2%; GDP growth by 1-4%.
Biases in the Mean and Median Survey Forecasts

SPF Inflation SPF GDP growth

2 avg bias®%/avg Ay = 0.20
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SOC Inflation SOC GDP growth
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1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

[ NBER recession Median bias - = = ‘Mean bias

Biases in the consensus forecasts. The figure reports the time series bms]("t)ﬁ»h = ]Fi’) [yi t+h} - ]Eg’) [y]- t+h} for i = 50, mean. The sample spans the period 1995:Q1-2018:Q2.
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Heterogeneity: SPF

Common and Heterogeneous Distortions in the SPF

1st PC SPF Inflation bias 1st PC SPF GDP growth bias

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

SPF Inflation bias: All percentiles SPF GDP growth bias: All percentiles
6
|

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Rec. Med Mean 5 10 20 25 30
--- 40 60 =---70 ---75 80 --=-90---95

Biases in the SCF. The figure reports the time series biﬂs}?Hl = ]Fgl) [yj,Hh} - ]Et(X) [Vj,Hh] The sample is 1995:Q1-2018:Q2.
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Heterogeneity: SPF

> First principal component of bias shows comimon distortions

Common and Heterogeneous Distortions in the SPF

1st PC SPF Inflation bias 1st PC SPF GDP growth bias

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

SPF Inflation bias: All percentiles SPF GDP growth bias: All percentiles
6
|

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Rec. Med Mean 5 10 20 25 30
--- 40 60 =---70 ---75 80 --=-90---95

Biases in the SCF. The figure reports the time series biﬂs}?Hl = ]Fgl) [yj,Hh} - ]Et(X) [Vj,Hh] The sample is 1995:Q1-2018:Q2.

E. Bianchi 5 i NBER Summer Institute



Heterogeneity: SPF

P Substantial heterogeneity in beliefs.

Common and Heterogeneous Distortions in the SPF

1st PC SPF Inflation bias 1st PC SPF GDP growth bias

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

SPF Inflation bias: All percentiles SPF GDP growth bias: All percentiles
6
|

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Rec. Med Mean 5 10 20 25 30
--- 40 60 =---70 ---75 80 --=-90---95

Biases in the SCF. The figure reports the time series biﬂs}?Hl = ]Fgl) [yj,Hh} - ]Et(X) [Vj,Hh] The sample is 1995:Q1-2018:Q2.
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Heterogeneity: SPF

> Ex-ante perspective implies that more than one forecaster can show no bias.

Common and Heterogeneous Distortions in the SPF

1st PC SPF Inflation bias 1st PC SPF GDP growth bias

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

SPF Inflation bias: All percentiles SPF GDP growth bias: All percentiles
6
|

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Rec. Med Mean 5 10 20 25 30
--- 40 60 =---70 ---75 80 --=-90---95

Biases in the SCF. The figure reports the time series biﬂs}?Hl = ]Fgl) [yj,Hh} - ]Et(X) [Vj,Hh] The sample is 1995:Q1-2018:Q2.
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Forecasts v.s. Actual

> Ex-post forecast mistakes distinct from ex ante expectational error.

Forecasted versus Actual Inflation, GDP Growth

SPF Inflation SPF GDP growth

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
SOC Inflation SOC GDP growth

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Blue Chip Inflation Blue Chip GDP growth
6
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Realized value |

[ NBER recession Machine forecast Survey forecast -

Forecasted and Actual variables. For each variable and survey, the figure reports the median survey forecast of inflation or GDP growth over the next 4 quarters, the corresponding the
machine forecast, and the actual inflation or GDP growth du this period. The sample is 1995:Q1-2018:Q2.
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Forecasts v.s. Actual

> Underscores the distinction between /i.ck and systematic bias. Large forecast errors per se
not evidence of bias (e.g. GR).
Forecasted versus Actual Inflation, GDP Growth

SPF Inflation SPF GDP growth

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
SOC Inflation SOC GDP growth

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Blue Chip Inflation Blue Chip GDP growth
6
3 a
2 2
o
1 -2
-4
1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

Realized value |

[ NBER recession Machine forecast Survey forecast

Forecasted and Actual variables. For each variable and survey, the figure reports the median survey forecast of inflation or GDP growth over the next 4 quarters, the corresponding the
machine forecast, and the actual inflation or GDP growth during this period. The sample is 1995:Q1-2018:Q2.
NBER Summer Institute
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Forecasts v.s. Actual

P SPE: machine more accurate in last 5 years, while surveys overpredicted 7 and GDP
growth.
Forecasted versus Actual Inflation, GDP Growth

SPF Inflation SPF GDP growth

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
SOC Inflation SOC GDP growth

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Blue Chip Inflation Blue Chip GDP growth
6
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1995 2000 2005 2010 2015 1995 2000 2005 2010 2015

Realized value |

[ NBER recession Machine forecast Survey forecast -

Forecasted and Actual variables. For each variable and survey, the figure reports the median survey forecast of inflation or GDP growth over the next 4 quarters, the corresponding the
machine forecast, and the actual inflation or GDP growth du this period. The sample is 1995:Q1-2018:Q2.
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Degree of Sparsity and Shrinkage

Degree of Sparsity and Shrinkage

SPF Median Inflation soc lgledign Inflation BC Median Inflation
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Scatterplots of ridge and LASSO penalties. For each observation in the evaluation sample from 1995:1-2018:Q2, the y-axis displays the degree of sparsity implied by the estimated Lasso
penalty, A1, in units of the fraction of non-zero regression coefficients, and the x-axis displays the degree of shrinkage implied by the estimated 12 penalty, Ay inunits of 1/ (1+ ;).
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Degree of Sparsity and Shrinkage

» Machine often selects only a few variables, but...
Degree of Sparsity and Shrinkage
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Scatterplots of ridge and LASSO penalties. For each observation in the evaluation sample from 1995:1-2018:Q2, the y-axis displays the degree of sparsity implied by the estimated Lasso
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Degree of Sparsity and Shrinkage

> ..there are several exceptions
Degree of Sparsity and Shrinkage
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Bias Decomposition: SPF Inflation

> The selected variables change over time

Bias Decomposition: SPF Inflation
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The figures plots contributors to the median bias Fy [1/- H»h] - JEESO) [y] t+h] =—&"" +(1- B(]‘ZO) ]FESO) [1/] H»h] - B(;O)/Zﬂ at each time t.
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Bias Decomposition: SPF Inflation

» Forecasters over-confident about their own forecasts

Bias Decomposition: SPF Inflation
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Results: Do Belief Distortions Matter for Macro Fluctuations?
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Do Belief Distortions Matter for Macro Fluctuations?

> Illustrate using VAR analysis, with 1st PC of belief distortion, %j,wh across all surveys
and percentiles

> Separate VARs for inflation and Real GDP biases

> VAR variables: real GDP, GDP deflator, real investment, real wage, S&P 500, FFR, %th.
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Do Belief Distortions Matter for Macro Fluctuations?

> Illustrate using VAR analysis, with 1st PC of belief distortion, %j,wh across all surveys
and percentiles

> Separate VARs for inflation and Real GDP biases
> VAR variables: real GDP, GDP deflator, real investment, real wage, S&P 500, FFR, %jﬁh‘

> COV matrix of VAR residuals orthogonalized using a Cholesky decomposition with
variables ordered as listed above.

» Conservative approach: Bias can affect other variables only with a lag.

> A bias shock is a movement in belief distortions that is orthogonal to the aggregate
economic state.

> We use a Bayesian approach with flat priors.
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Responses to an Inflation Bias Shock, SPF and BC

to a one
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Responses to an Inflation Bias Shock, SPF and BC

> Systematic over-prediction of 7t that is orthogonal to economic state is associated with a
recession. GDP growth, investment and stock market fall.
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Responses to an Inflation Bias Shock, SPF and BC

» Why? One story: note real wages rise, so this is tantamount to an adverse cost-push

shock.

to a one

Real GDP

IRF to Inflation Bias Shock

GDP deflator

Real Investment

prd 0.02 = 0.5 ==
0.1 Pie .- e
f‘ o - I'
e Saea=" ° .
o k= _— -0.02 N\ e _oETET
.- -0.04 S o
~. .- .
-0.1 -0.06 =~ = -0.5 S .-
5 10 15 20 5 10 15 20 5 10 15 20
Real Wage S&P 500 FFR
0.1 = T 1 = ~Io o = -
’ Sea ,” ~< . -
’ Sea P | L
cos |/ 4 osf . .
g /, -- " o
‘ S o
Seo R R T ~o P
o - 01 g
5 10 15 20 5 10 15 20 5 10 15 20
[ Median - - = 68% bands|

d deviation i:

P P
future inflation. Units are in percentage points. The sample

E. Bianchi

bias shock. Estimates from quarterly VAR with one lag. An increase in the bias means that forecasters systematically over-predict
e is 1995:Q1-2018:Q2.

NBER Summer Institute



VAR: Real GDP Growth Bias Shock

> Systematic over-prediction of GDP growth that is orthogonal to economic state is
associated with an expansion. GDP growth, investment and stock market increase.

IRF to Real GDP Growth Bias Shock
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VAR: GDP Growth Expectation Shock

> A positive shock to expected GDP growth has the opposite effect, causing a recession

VAR: GDP Growth Expectation Shock
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Conclusions

We provide new measures of systematic expectational errors in survey responses and relates
them to macroeconomic activity.

> We confront the two challenges faced by forecasters
1. Out-of-sample nature of the forecast
2. Data-rich environment
3. Heterogeneity in beliefs

Separate luck from systematic expectational errors
> Large improvements of the machine over the surveys: Large biases

> Across all surveys, respondents appear to be overconfident, placing too much weight on
their own forecast relative to other information

> Significant variation in the selection of variables over time.

» Fluctuations in belief distortions exhibit important dynamic relations with the
macroeconomy.
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