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Key Themes

• Survey data on forecasts provide a valuable window into how decisionmakers
think about macroeconomic and microeconomic variables

• The most developed arm of the literature studies mean forecasts of
professionals, so there is lots of room to grow

• “Off the shelf” surveys are not designed precisely to answer our questions,
so there are high returns to designing your own (bridge to Chris’ lectures)

• Survey answers could be cheap talk, unless we can empirically show a link to
decisions (bridge to Joel and Chen’s lectures)

• Surveys by themselves can’t discipline our thinking much without models
(bridge to Joel and Chen’s lectures)
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Outline

Professionals’ Macroeconomic Forecasts

Consumers’ Forecasts

Firms’ Macroeconomic Forecasts

Firms’ Microeconomic Forecasts
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The Survey of Professional Forecasters
• The SPF has been run by the Philadelphia Fed since 1990, and was run from
1968-1990 by the American Statistical Association and the NBER

• It is a quarterly-frequency survey of forecasters at large financial institutions,
in which respondents are asked to forecast a long list of macro variables at
horizons from 0 to 4 (or 5) quarters
▶ Usual suspects: GDP, inflation (deflator, CPI, PCE), unemployment
▶ GDP components: consumption vs. investment vs. net exports
▶ 5-year and 10-year forecasts of GDP growth, productivity growth, inflation
▶ etc.

• Very straightforward to download data and compare predictions with actual
statistical indicators (caveat: first release vs. later release)

• Might be considered a “conservative” test of all sorts of departures from
rational expectations, since respondents are “sophisticated”
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An Example Survey
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A Question to Ponder

What would you do if you had to fill out the SPF in the next hour?

Would your answer change if you were making these projections for. . .

• guiding corporate strategy at a large investment bank?

• an input to a quantitative trading strategy?

• a friendly wager among your friends?
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Other Similar Datasets

• The Livingston Survey, a binannual survey of academia and industry that
has run since 1946

• The Blue Chip Economic Indicators survey, a monthly survey with similar
scope and target audience as the SPF (you need a subscription or library
access for these data)

• The Blue Chip Financial Forecasts survey, which is similar to the above but
asks about more financial variables

• The Federal Reserve staff’s Greenbook (Tealbook) forecasts, which are
released with a five-year delay and provide insight to how monetary
policymakers view the economy (and if they disagree with the market
professionals)
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Toward a “Test of Rational Expectations”

• How do we test aspects of “rational expectations” using survey data on
macroeconomic forecasts?

• Consider an environment with forecasters i ∈ I, trying to predict variable X
at time t. Let Fit denote the information set of agent i at t, let
Eit [X ] = E[X | Fit ] for any random variable X , and let E[X ] denote the
unconditional expectation

• Key Fact. If Y ∈ Fit , then it shouldn’t predict i ’s forecast error:

E[Y (X − Eit [X ])] = E[Eit [Y (X − Eit [X ])]

= E[YEit [X ]− YEit [Eit [X ]]]

= 0

(1)
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A Test of Common-Information Rational Expectations
• Assumption 0: (maintained always) measured expectations correspond with
those derived from Bayes’ rule, given available information

• Assumption 1: information accumulates, or Fis ⊆ Fit for s ≤ t

• Assumption 2: common information, or Fit = Fjt

• Note that these assumptions are standard from most macroeconomic models
in first-year macro, which have a representative agent or heterogeneous
agents who form expectations (at least about aggregates) with the same
information

• These assumptions together with the logic from the last slide imply that no
agent j ’s forecast should predict any other agent i ’s forecast error
(immediate from assuming that Ejt [Y ] ∈ Fjt = Fit)
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Key Test 1: Coibion and Gorodnichenko (2015)
Time-series regression:

zt+h − Ēt [zt+h]︸ ︷︷ ︸
Forecast error

= a + KCG · (Ēt [zt+h]− Ēt−1[zt+h])︸ ︷︷ ︸
Forecast revision

+ut (2)

• Ē[·] denotes mean or median over the SPF panel

• Can vary outcome variable Y and horizon h

• If Assumptions 1 and 2 from the last slide hold (“common information
rational expectations”), then KCG = 0

• Informally, if KCG > 0, expectations “underreact” and, if KCG < 0, they
“overreact”

• On next slide, we will consider results for unemployment and GDP deflator
inflation at horizon h = 3, from 1968-2017
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Key Result 1: Underreaction in Aggregate Forecasts

zt+h − Ēt [zt+h]︸ ︷︷ ︸
Forecast error

= a + KCG · (Ēt [zt+h]− Ēt−1[zt+h])︸ ︷︷ ︸
Forecast revision

+ut (3)

cg

Page 1

(1) (2) (3) (4)
variable Unemployment Inflation
sample 1968-2017 1984-2017 1968-2017 1984-2017

0.741 0.809 1.528 0.292
(0.232) (0.305) (0.418) (0.191)
0.111 0.159 0.278 0.016

Observations 191 136 190 135

Revisiont (KCG)

R2

Notes: The dataset is the Survey of Professional Forecasters and the observation is a quarter between Q4-1968 and Q4-2017. The forecast 
horizon is 3 quarters. Standard errors are HAC-robust, with a Bartlett (“hat”) kernel and lag length equal to 4 quarters. The data used for 
outcomes are first-release.
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Why is This True? View for Inflation

1970 1980 1990 2000 2010 2020
Date (quarters)

0

5

10

One-Quarter-Ahead Inflation (PGDP)
Realized
Median SPF Forecast
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Why is This True? View for Unemployment

1970 1980 1990 2000 2010 2020
Date (quarters)

4

6

8

10

12

Unemployment
Realized
Median SPF Forecast
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Key Test 2: Bordalo, Gennaioli, Ma, and Shleifer (2021)

Panel regression, for forecasters i in quarters t:

zt+h − Eit [zt+h]︸ ︷︷ ︸
Forecast error

= a + KBGMS · (Eit [zt+h]− Ei ,t−1[zt+h])︸ ︷︷ ︸
Forecast revision

+uit (4)

• Can vary outcome variable Y and horizon h

• Important: can be large outliers (in next slide, > 4 x IQR away from median)

• If Assumption 1 holds (information accumulates), then KBGMS = 0

• Informally, if KBGMS > 0, expectations “underreact” and, if KBGMS < 0, they
“overreact”
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Key Result 2: Individual Forecasts “Over-react” More
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A Combination of Facts 1 and 2
Panel regression:

Errori ,t,k = a+(−Knoise)·(Revisioni ,t,k−Revisiont,k)+Kagg ·Revisiont,k+ui ,t,k (5)

idio

Page 1

(1) (2) (3) (4)
variable Unemployment Inflation
sample 1968-2017 1984-2017 1968-2017 1984-2017

-0.166 -0.162 -0.346 -0.410
(0.043) (0.053) (0.042) (0.041)

0.745 0.841 1.550 0.412
(0.173) (0.210) (0.278) (0.180)
0.103 0.152 0.211 0.072

Observations 5383 3769 5147 3643

Revisioni,t – Revisiont  (-Knoise)

Revisiont (Kagg)

R2

Notes: The observation is a forecaster by quarter between Q4-1968 and Q4-2017. The forecast horizon is 3 quarters. Standard errors are 
clustered two-way by forecaster ID and time period. Both errors and revisions are winsorized over the sample to restrict to 4 times the inter-
quartile range away from the median. The data used for outcomes are first-release.

Statistically, it would be useful to put more weight on others’ forecasts
14 / 64



Key Test 3: Coibion and Gorodnichenko (2012) and Angeletos,

Huo, and Sastry (2021)

So far : unconditional
correlations of forecasts,
outcomes, and errors

Unanswered question: how do
forecasts (and errors) respond
to macroeconomic “shocks”?
(nerdier point: lots of moving
average representations can lead
to same correlations)

Solution: estimate IRFs of forecasts to shocks

Shocks: usual suspects; or DSGE shocks; or
“main BC shocks” (Angeletos, Collard & Dellas,
2020)

Estimation method: plain-vanilla linear
projection;
or big VARs; or ARMA-IV

Moments of interest:(
∂ForecastErrort+k

∂BusinessCycleShockt

)K

k=0

= Pattern of mistakes
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Key Result 3: Dynamic Over-Shooting

0.2

0.0

0.2

0.4
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xt + 6

t + 3[xt + 6]

0.2

0.0

0.2

0.4

inflation (annual)

forecast and
outcome

forecast
outcome

0 4 8 12 16 20
0.2

0.0

0.2

0.4

Each "slice" compares 
3-Q-ahead forecasts 
with outcome

Method
projection
ARMA-IV
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Shaded area = ± 1 SE

forecast error
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Same Pattern in a Structural VAR

13-Variable Model: “usual suspects” + unemployment and inflation forecasts

ACD, 2020 (max-share for BC) Cholesky (one-step-ahead Error)
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A Signal-Processing Model that Can Rationalize the Facts

Limited Information

Fundamental is Gaussian AR(1),
unit variance shocks

zt = (1− ρL)−1ηt

Noisy Gaussian signal

si ,t = zt + ui ,t/
√
τ

Information set (stationary)

Fit = (si ,r )r≤t

“Behavioral” Departures

Perception of signal

si ,t = zt + ui ,t/
√
τ̂

Perception of fundamental process

zt = (1− ρ̂L)−1ηt

over/under
confidence?

over/under
extrapolation?
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Interpreting KCG

KCG = κ1τ
−1 − κ2(ρ̂− ρ) (6)

where κ1 > 0, κ2 > 0 depend on (τ̂ , ρ, ρ̂).

1. When τ̂ = τ and ρ̂ = ρ (noisy but rational expectations), KCG is
non-negative and strictly increasing in the level of noise. In this sense, KCG

is a measure of the informational friction.

2. More generally, could also reflect under-extrapolation (ρ̂ < ρ).
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Interpreting KBGMS

KBGMS = −κ5(τ
−1 − τ̂−1) + κ6(ρ− ρ̂) (7)

where κ5, κ6 > 0 depend on (τ, τ̂ , ρ, ρ̂).

1. τ̂ = τ and ρ̂ = ρ (noisy but rational expectations) restrict KBGMS = 0

2. τ̂ ≥ τ (overconfidence) and ρ̂ ≥ ρ (over-extrapolation), imply KBGMS < 0,
or over-reaction of individual forecasts

3. τ̂ ≤ τ (underconfidence) and ρ̂ ≤ ρ (under-extrapolation), imply
KBGMS > 0, or over-reaction of individual forecasts

Alternative explanation in BGMS (2021) paper based on diagnostic expectations

20 / 64



Dynamic Response: Delayed Overshooting
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Discussion and Open Questions
• With three parameters (τ, τ̂ , ρ̂), we can fit everything. But is this a success
or a failure?

• With this hammer (or with diagnostic expectations), you can hit a lot of
nails. Should you?

• Caveat one: we didn’t develop a sophisticated model of where these
parameters came from (learning? inattention? misperception?). Such a
theory would have better predictive power for how and why they differ
across contexts zt .

• Caveat two: we didn’t give a sophisticated model of disagreement or
forecast dispersion, which outside of linear models would be very important.
These disagreements are large and persistent in the SPF. Focus of another
very interesting literature that I couldn’t cover in these slides.
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Disagreements Within the SPF
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Disagreements Within the SPF
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Disagreements Between Professionals and the Fed
From Caballero and Simsek, “Monetary Policy with Opinionated Markets” (2022)
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Outline

Professionals’ Macroeconomic Forecasts

Consumers’ Forecasts

Firms’ Macroeconomic Forecasts

Firms’ Microeconomic Forecasts
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The Michigan Survey of Consumers

• Monthly, nationally representative survey of Americans (about 500
participants, random digit dialing)

• Has existed in some form since the 1940s, and in “modern” form since 1979

• Asks a wide variety of questions about. . .
▶ General economic outlook (optimism about “business conditions”)
▶ Expectations for inflation, gas prices, stock prices, and unemployment (latter

two are categorical)
▶ Attitude toward buying durable goods, buying houses, investing in stock

market

• A more comprehensive, comparable dataset has been collected by the New
York Fed since about 2013
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Ingredients of the Index of Consumer Sentiment
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ICS Drops in Recessions, and Has Medium-Frequency Swing
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The Inflation Expectations Questions
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Inflation Expectations are Elevated, Slow to Adjust
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Huge Divergence Based on Age
Figure 1 of Malmendier and Nagel (2016, “Learning from Inflation
Expectations”). Dots are 1-year moving averages of mean inflation expectations.
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Malmendier and Nagel (2016): Learning with Experience Effects

• Almost self-evident starting point: people with different life experiences
think about inflation differently

• But how can we incorporate this into a statistical model of learning?
Everyone has access to the same “data”

• Malmendier and Nagel propose a specific model of learning with “experience
effects,” that will make specific, testable predictions
▶ Basic idea: people put too high of a weight on “data” from their lives,

relative to what a Bayesian learner would do
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Visualizing the Fit of Experience Effects
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Does This Matter for Decisions?

• Hypothesis: inflation expectations affect portfolio decisions, especially
whether to borrow or save at fixed nominal interest rates (e.g., for houses)

• MSC doesn’t have data on “decisions”

• Turn to the Survey of Consumer Finances and run the cohort-by-time
regression:

FixedRateLiabt,s = β1ExperienceForecastt,s + β′
2Xt,s + δt + δs + ϵt,s (8)

where the FE are at the year and cohort levels and Xt,s are other cohort
characteristics (income, net worth)

• Where does identification come from with two-way cohort and time FE?
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High Inflation Experience → More Fixed Rate Mortgages
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Another form of Experience Effect

• D’Acunto, Malmendier, Ospina, and Weber on “Exposure to Grocery Prices
and Inflation Expectations” (JPE, 2021)

• Combines Nielsen scanner data with a new module asking about inflation
expectations
▶ Fine-grained measure of “exposure”
▶ Quality control on what the inflation data measure
▶ Direct link to decisions

• Data are from two survey weaves, about one year apart (with a few base
years of linked data on spending patterns)
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Best Predictor of Expectations is “Frequency-CPI”
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Further Application: FOMC Forecasts
from Malmendier, Nagel, and Yan (JME, 2021): “The Making of Hawks and
Doves.”
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Taking Stock
• Experience effects, broadly defined, seem like a powerful model of household
inflation expectations. But how does this matter?

• Avenue 1: focus on the aggregate prediction that expectations are mostly
adaptive, and run with the predictions of that
▶ see Section V of Malmendier and Nagel for aggregation results
▶ see Coibion and Gorodnichenko (AEJ Macro, 2015) for New Keynesian

Phillips curve example (“missing disinflation”)

• Avenue 2: Nail down what heterogeneity in inflation expectations implies for
household portfolios, redistributive effects of monetary and fiscal policy, etc.

• Avenue 3: Nail down how “salient prices” affect inflation expectations, for
better prediction, or even policy manipulation

• Key theme is understanding more about how expectations → actions
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Motivation: What About Expectations of Price Setters?

• We have talked a lot so far about “consumer” expectations datasets. What
about firm managers’ expectations?

• Bernanke (2007): Information on the price expectations of businesses who
are, after all, the price setters in the first instance (...) is particularly scarce.”

• Why would these be different than consumers’ (or professionals’)?
Otherwise, why would they be useful to have for researchers or central
banks?
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Coibion, Gorodnichenko, and Kumar: New Survey Evidence

• Coibion, Gorodnichenko, and Kumar (AER, 2020) design and implement a
new survey of firms in New Zealand.

• Four design goals:

1. Ask quantitative questions, instead of just qualitative questions
2. Cover a wide range of “regular” firms (remember, SPF had “firms” too)
3. Ask about both the future (forecasts) and past (backcasts, attention,

awareness)
4. Add a panel dimension

• Survey consists of six waves, from 2013:IV to 2016:II. Included about 3,144
firms in total.
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Some Details on Implementation
• Authors first bought a directory of “all firms”; excluded government,
agriculture, energy, mining; balanced to ensure 2/3 coverage in
manufacturing and professional/financial services

• Emailed 15,000 firms with questionnaire, then followed up with phone call to
General Manager

• Started with pilot of 60 firms to ensure that survey made sense

• Wave 1 response rate of 20%

• Data hand-recorded (and checked); some outliers hand-removed

• Quality verification: checking reported age against official records; checking
(subset) of firms’ products and prices against what comes up online;
checking consistency across waves
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Firms Forecast like Households Do

High mean
and dispersion
for inflation

Both firms an
HH do a little
better in later
periods

Always more calibrated for
unemployment
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Inflation Expectations Well Above 2%, Follow Petrol
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Low Correlation with Expected Prices or Marginal Costs
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Inflation Backcasts Also Too High

As before,

• upward bias for inflation

• calibrated for
unemployment

Note that question is clear
about definition of inflation

How is the interpretation
different?
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Inflation is Special – Compared also to Industry Prices
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What Predicts Inattention?
Firm-level regression:

|BackCastError|i = X ′
i β + γindustry(i) + ϵit (9)

Significant positive coefficient on
• Age
• Employment
• Infrequency of price changes

Negative coefficient on
• Number of competitors – effects of competition? See also Afrouzi, 2023, on
“Strategic Inattention”

• Past price change (i.e., whether past price went up) – indicative of
inattention more than extrapolation?

• Slope of profit function (elicited by asking about hypothetical price changes
and their hypothetical effects on profits) See also Flynn and Sastry, 2023, on
“Attention Cycles”
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Firms Don’t Care Much about Inflation

If so, why do central bankers care what firms think about inflation? 48 / 64



More Concern in Hypothetical Recession
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Taking Experiments Further: Coibion, Gorodnichenko, and

Ropele (2020)

• Authors implement a similar survey in Italy to study causal effects of
information treatments on firms’ decisions.

• Control group is merely asked about inflation expectations. Treatment
group is given information, then asked:
In [previous month], consumer price inflation measured by the 12-month
change in the Harmonized Index of Consumer Prices was [X.X]% in Italy
and [Y.Y]% in the Euro area. What do you think it will be in Italy. . .

• Note that, before researchers redesigned survey in 2012, all firms got the
“treatment.” In that sense, the new group was “control”
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Regression Model: How Expectations Affect Decisions

Firm-level regression, two-stage least squares

yi ,t+k = αk + γkEi ,t−1[πt,12m] + β′
kXt−2 + χseason(t),sector(i) + ϵik

Ei ,t−1[πt,12m] = τ · InfoTreatmenti + ξ′kXt−2 + uik
(10)

• yi ,t+k is firm action k periods ahead (e.g., prices, employment credit
utilization, loan applications), winsorized for top and bottom 2%

• Controls X include expectations of ther variables (firm-specific business
conditions, employment growth, liquidity, general Italian economic situation)

• Fixed effects: seasonal trends for each sector

• Treatment is binary

52 / 64



Main Result: Prices Slightly Up, Employment Persistently Down
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Why? Treated Firms Expect Worse Macro Outcomes
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How to Think About Mapping to the Model? (I)
• Let’s say that the outcome is the price change over the next quarter and
that I want to interpret this in a version of the vanilla New Keynesian model

• Then the structural equation is

πit = βEit [πt+1] + κEit [RealMCit ] (11)

• Does the IV regression estimate β? If so, why are we doing this?

• A better guess is that we get

γNKTheory = β + κ
∆̄Eit [RealMCit ]

∆̄Eit [πi ,t+1]
(12)

where the “∆̄” denotes the expected difference between treatment and
control (i.e., OVB where OV is Real MC Expectations)
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How to Think About Mapping to the Model (II)

• More generally, should a policymaker look at the regression results and
think: “this is what would happen if we tried to move inflation expectations
in the aggregate”? Why or why not?

• Worth thinking about the following:
▶ GE effects
▶ experimenter demand
▶ all sorts of subtleties of framing and context could effect the treatment

effect on expected marginal costs

• Models matter!!
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Motivation

• We’ve talked a lot about firms’ macroeconomic expectations

• And also why the macroeconomic expectations may be unimportant,
inducing inattention toward macro conditions

• So what are firms paying attention to? Are their “microeconomic” forecasts
of firm-specific variables really good? Or are they also subject to animal
spirits, misspecifications, over- and under-extrapolations?
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Gennaioli, Ma, and Shleifer on “Expectations and Investment”

• These authors take data on a long-standing survey of firm CFOs run by
John Graham and Campbell Harvey at Duke University

• Possible to link survey evidence on firm managers’ expectations for their
own business plans and future sales to eventual firm level decisons

• Easy to link these data to more familiar and easily available on equity
analysts’ expectations
▶ What are the costs and benefits of focusing on the CFO’s expectation vs.

the analysts’?
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Microeconomic Expectations in the Duke Survey

Straw man: vanilla Q theory models suggest that such expectations are
completely redundant with the expectations of stochastically discounted cash
flows that are embedded in asset prices.
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Model: Do Expectations Predict Investment?

Firm-by-quarter model

∆12CAPXit = α + β · Eit [∆12Earningsi ] + γ′Xit + ξi + ϵit (13)

• where ∆12 denotes forward difference of 12 months; CAPX is realized
capital expenditure

• Controls include a number of “Q-theory usual suspects”

• Estimation with and without firm fixed effects; no time fixed effects;
standard errors single-clustered by fimr
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Result: Expectations Matter, Net of Q Theory
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Result: Firms are Optimistic After Recent Good Performance

What questions can we answer with just this reduced-form evidence? What else
would we want to know to draw aggregate conclusions?
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Further Directions

• Barrero (2021): using US survey data, shows that firm managers are
unbiased on average but overextrapolative; embeds this is a dynamic general
equilibrium model; and shows effects on macroeconomic volatility,
productivity dynamics

• My own work with Joel Flynn on “Macroeconomics of Narratives”: in
essence, a model of “micro beliefs,” where they come from, and what their
effects are; and different measurement of belief shifters from textual
analysis, which we validate by linking to managerial guidance and analyst
forecasts (will come up later in the course)
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Key Themes

• Survey data on forecasts provide a valuable window into how decisionmakers
think about macroeconomic and microeconomic variables

• The most developed arm of the literature studies mean forecasts of
professionals, so there is lots of room to grow

• “Off the shelf” surveys are not designed precisely to answer our questions,
so there are high returns to designing your own (bridge to Chris’ lectures)

• Survey answers could be cheap talk, unless we can empirically show a link to
decisions (bridge to Joel and Chen’s lectures)

• Surveys by themselves can’t discipline our thinking much without models
(bridge to Joel and Chen’s lectures)
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