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Forward looking behavior is a cornerstone of macro models
> Inflation expectations are a key driver of inflation

> The path of expected interest rates is most relevant for

consumption and investment decisions

These notions have influenced the conduct of monetary policy in

recent decades

> Fed statements and speeches regularly discuss inflation

expectations

» Forward guidance has become a key stabilization tool



This evolution in policy has led to an increased interest in
modeling and studying expectations.
Empirically, expectations can be obtained from:

» VAR models

> Surveys

» Financial markets

A growing literature incorporates survey forecasts into VAR models

» VAR models + Surveys



Why include survey data in VAR?

» Forecast macro aggregates:
» Faust and Wright (2013)
» Clark (2011)
» Study dynamics of inflation expectations:
> Leduc and Sill (2013)
» Davig and Clark (2011)
» Ildentify monetary policy shocks:

» D’Amico and King (2017)
» Boivin, Kiley, and Mishkin (2010)



The Main Tension

Benefit: Incorporating survey forecasts in the VAR greatly

enriches the information set for forecasting or shock identification.

Tension: Once survey data are included in the VAR then there
exists two different forecasts for the same (or a closely related)

variable.



Reconciling the VAR and survey forecasts

This tension can be reconciled by imposing equality (Strong
Consistency) between the two forecasts at all points in time.
This is not appealing for at least three reasons:

1. Data concepts may differ across vintages/surveys

2. Computationally demanding

3. Overly restricts the VAR process



Reconciling the VAR and survey forecasts

We propose probabilistically imposing the restrictions as a prior

(Weak Consistency)over the VAR coefficients.



Reconciling the VAR and survey forecasts

We propose probabilistically imposing the restrictions as a prior

(Weak Consistency)over the VAR coefficients.

We distinguish between two forms of forecast consistent priors.

Unconditional forecast prior: A prior over the reduced-form VAR
parameters that places more weight on the
parameter space where the forecasts are more

consistent.

Conditional forecast prior: A prior over the structural VAR
parameters that places more weight on the
parameter space where the impulse responses are

more consistent.



Related Literature in Methodology

» Strong forecast consistency for forecasts inside the VAR:
Cogley (2005)

» Theory-based priors for VAR parameters: Del Negro and
Schorfheide (2004), Giannone, Lenza, and Primiceri (2018)

» Weak forecast consistency prior with additional parameter
restrictions: Frey and Mokinski (2016)

» Forecast consistency for structural-form VAR parameters:
D'amico and King (2017).

» Implementation through importance sampling: Antolin-Diaz
and Rubio-Ramirez (2018)



Unconditional Forecast Consistency

Example: VAR(1) with one-period ahead survey forecasts

A bi-variate VAR(1) for y; = [x4, Efx41]'-
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Conditional Forecast Consistency

Example: VAR(1) with one-period ahead survey forecasts

A bi-variate VAR(1) for y; = [z¢, Efx41]'.
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The Forecast Consistent Prior

Maximum entropy prior for g(A, B) : 7*(g) minimizes KLIC
subject to two moment
restrictions.
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Limited Likelihood Interpretation for A and B:
7(9(A, B)) = h(A, B)
Likelihood for observations satisfying Eg(A, B) =0
where V(g(A, B)) = (AW)~1 : Kim (2002)



The Forecast Consistent Prior: Continued

Forecast-consistent Prior: g(A, B) ~ N(0, AW)™1)

> X and W : hyperparameters to govern the prior precision
» W : calibrated based on pre-sample data

> )\ : chosen based on economic/statistical criterion

Implementation: Resample A, B using
p(9(4;, Bj))
S plg(4i Bi))

w(Aj, Bj) =

where A;, B; ~ p(A, B‘yT)-



Choice of A\

» Unconditional restrictions
1. X is a hyperparameter that can affect model fit.
2. Choose A based on marginal likelihood p(YT|\).
» Conditional restrictions

1. X is a hyperparameter that can control impulse-responses.
2. Choose A that can match an economic theory or external

information (e.g., shock identified using financial market data).



Empirical Applications

» Estimate deflation risks using the unconditional forecast
consistent prior
> Use the conditional forecast prior to identify forward guidance

shocks.



Forecasting Deflation Risks

Empirically assessing the risks around inflation is difficult due to:
» The presence of premiums in inflation derivatives.
» Survey measures of inflation risk are often based on

cross-sectional distribution, not the distribution of future

inflation outcomes.

To derive reliable estimates of deflation risks we combine survey
data on short-term and long-term inflation expectations with
realized inflation in a TVP-VAR.

> A large literature has shown that adding survey data to time

series models improves inflation point forecasts.



TVP-VAR with Survey Forecasts of Inflation

We consider a TVP-VAR model with:
» Long-term (1y9y forward) and short-term (1y) CPI inflation

forecasts from the Survey of Professional Forecasters

» CPl inflation, the CFNAI, and the federal funds rate (Similar
to Clark and Davig, 2011)

We estimate the model from 1981:Q3 to 2017:Q4.
» We use 1970:Q2-1981:Q2 as a training sample to inform W.

We then use the posterior estimates to assess deflation risks.



Mean Absolute Prediction Error: 1981:Q3 to 2017:Q4

SPF TVP-VAR TVP-VAR
Forecast Horizon Median A=1.5 A=0
1 Year ahead CPI inflation 1.14 0.76 0.82




Deflation Risk Over the Next Two Years
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Median Probability of Deflation: 2009:Q4 - 2015:Q4

Michigan Financial TVP-VAR TVP-VAR
Forecast Horizon  Consumer Survey Market A=15 A=0
1 Year 14.1 15.7 6.7 10.4
2 Years 11.6 7.9 15.0

Financial market probabilities are from Fleckenstein et al. (2017).



Forward Guidance

What are the effects of forward guidance shocks on output?

» Downward revisions to the expected path of rates are thought

to increase output in standard sticky-price models.

But, these theoretical results are premised on a sufficiently high
degree of central bank credibility (Krugman, 1998; Eggertsson and
Woodford, 2003)



How to identify “credible” forward guidance shocks?

Credible: We interpret credible as meaning that the path of the
actual funds rate closely reflects the path of short-term interest

rates that survey forecasters expect.

We use the conditional forecast prior in addition to sign restrictions

to identify such forward guidance shocks.

» The value of A calibrates the degree of credibility.



SVAR Model

We closely follow Uhlig's (2005) model and identification.

We estimate a monthly VAR model with:
» Real GDP, CPI, commodity prices, the federal funds rate,
total reserves and non-borrowed reserves
» We also include Blue Chip forecasts of 1-year ahead 3-month
Treasury bill rates

The sample period we use is January-1994 trough December-2007.



|dentifying Restrictions

Sign Restrictions:

> Forecasts of 1-year ahead rates decline on impact and for 6

months.
» CPI rises on impact and for 6 months.
» Commodity prices rise on impact and for 6 months
Conditional Forecast Prior:

» We adjust A to identify varying degrees of credible

communication.

» We initially focus on the case that A is fixed: g(B|A9%Y)



Forward Guidance IRF: Only sign restrictions
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Forward Guidance IRF: “Best” and “Worst” draws
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Forward Guidance IRF: Lines get darker as A increases

Percent

Percent

APR

0.2
0.1
0
-0.1
-0.2

15

0.5

-0.5

Percent
bhbhornw

0.1

-0.1

Output
12 24 36 48 60
Commodity Prices
12 24 36 48 60
Non-Borrowed Reserves
.
[~
12 24 36 48 60
4-Qtr Ahead Rate
I
12 24 36 48 60

Percent

APR

0.2

0.1

-0.1

0.1

-0.1

Percent
bk ornw

Price Level

12 24 36 48 60
Fed Funds
 ——

12 24 36 48 60
Reserves

/h'
12 24 36 48 60



Forward Guidance IRF: Output response increases with A
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Forward Guidance IRF: Sign restrictions with large A
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Conclusion

Including survey expectations in a VAR greatly enriches the
information set for forecasting and shock identification.
» But, doing so without restrictions leads to multiple forecasts.
» Doing so with strong consistency restrictions is unappealing.
We propose a method of combining survey forecasts and VARs
that is computationally efficient.
Applications suggest that our forecast consistent prior:
» Can deliver reliable estimates of deflation risks.

> Leads to sharper identification of forward guidance shocks.



