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But how do economic agents form expectations?
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THE “STANDARD” (NOISY INFORMATION) MODEL

Fundamental (State):
Xt = PXp—1 T Wy

Signal (Measurement):
Vi = X + vy

Kalman filter:

Prediction:
i i  hoi
Xt+h|t = PXt+h—1t = P X¢|t

Practice: “Model”
4 _ | h .
Xivne = P X T1add factor}yp

Add factor Is subjective adjustment.



INFLATION FORECASTS

Prediction in the standard noisy-information model:

l _ l _ _h.i
Xt+h|t = PXt+h—1t = P Xt|t

When estimating a regression of the forecast x;, . on the forecast x;,,_y;:

|. The fit of the regression should be perfect (R* = 1) for any h > 1.

I1. The regression coefficient recovers p, the persistence parameter, forany h = 1.
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Note: p-value (equality of estimated coefficients) <0.01
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SPF INFLATION FORECASTS

Regression: x;,p: = PXtyp_1)c + €rror
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SPF INFLATION FORECASTS

Regression: x;,p: = PXtyp_1)c + €rror

R-Squared

| | | | | | |
1985q1  1990q1  1995q1  2000q1  2005q1  2010ql  2015ql



ROBUSTNESS 1: AR(1) CAPTURES WELL THE ""MODEL"
Regressions: X,y e = Xp P’ Zsn_pc + €rror

Panel A: AR(1) Panel B: AR(4)
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ROBUSTNESS 2: DISAGREEMENT ABOUT THE "MODEL"

Regression: x;, i = p'Xtyp_y)e + error
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RECAP
Regression:
Xigh|e = Phxat T erroryy

Practice (SPF): (80% of forecasters o!o this according to a special survey of SPF)
x§+h|t = Phxﬁt + {add factor},

OECD: An add-factor Is the adjustment made to equation-based projection over the forecasting period.
For example, if an equation has under-predicted a variable in recent periods, then an "add factor" may
be added to the equation If it is judged that the equation will under-predict over the forecast period as
well. In short, add factors are equation-residuals applied over the forecast period.

Larry Klein: “After the preparation of preliminary predictions from the ... Wharton-EFU Model, there
IS a discussion of the assumptions and properties of the prediction with business and government
specialists. A priori information on Impending labor disputes, hedge purchasing, production
bottlenecks, major economic decisions and similar phenomena are then suggested for further
modification of parameter or residual values, and a revised forecast in prepared.”

Add factor Is information about the future (“forward information”, “news”, etc.)
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NOISY FORWARD INFORMATION

Fundamental (State):
Xt+H p 0 -
_ xt+H 1 1 O 0

0
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Signal (Measurement):

Yt t+H Xt+H Vt t+H
xt+H 1 Vi i
yi = Ytt+H 1| = LEHH-1| = x, + Vi

i
t,t

Kalman filter:
x:,“|t = x:f|t—1 + G()’% — xtlf|t—1)



NOISY FORWARD INFORMATION: FORECASTS
xé+h|t =
thi+h—1|t
+(xti+h|t—1 — pxti+h—1|t—1)
+(Gj — pGjy1) (e — 24e1)
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NOISY FORWARD INFORMATION: FORECASTS

x£+h|t =
PX{yn_1|c standard
(Xt pnieot1 — PXisn-1)-1) revisions in weights on past signals
+(Gj — pGjiq) (% — x4 _1) information in new forward signals
+(G; — pGjy1)Vi idiosyncratic noise

p # p (and pp < Pp+1)

xt, .= pxt . ..+ {new terms :>{
t+h|t — PXt+n-1|t t j R* < 1 (and R,Zl < R;Zl+1)

Intuition: as h T, signals become less precise =for some H we get x;, y1; = pXtip_1t
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NOISY FORWARD INFORMATION: SIMULATIONS

R-squared

Persistence 0 1 Forecasting horizon
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HOW CAN ONE MAKE IT USEFUL?
An insight from Goldstein (2021):

Model:

let|t = x§r|t—1 + G(Yfr — let|t—1) = xtltlt—l T G(xt +v; — xtl5|t—1) = - G)xtlflt—l T G(xt T Vzlt)

Take the average across individuals (hence we drop superscript i) and obtain:
Xije = (I — G)Xge—1 + GXy

Subtract the bottom equation from top equation:
let|t — Xee = (x;}|t—1 - xt|t—1) + GV,

We can estimate this equation-by-equation with OLS and recover I — G

xt+h|t Xt+h|t = (xt+H|t 1~ Xt+H|t— 1)"‘ (xt+H 1t—1 — Xt+H-1|t—- 1) T
+ (x‘ — X ) + error
tlt—1 tlt—1 ¢

Standard noisy-info model: x§+h|t — Xtth|t = :B(x£+h|t—1 — xt+h|t_1) + errory



A TEST OF FORWARD INFORMATION

Dependent variable:

i
Xt+1]t — Xt+1|t

i
Xt+2]t — Xt+2|t

i
Xt+3]t — Xt+4|t

i
Xt+alt — Xt+4|t

Xtj—1 — Xeje—1 -0.013 -0.013 -0.063*** -0.062%**
| (0.025) (0.021) (0.012) (0.020)
Xep1fe—1 — Xe+1)t-1 0.220%** 0.003 0.021 0.032
| (0.052) (0.040) (0.044) (0.034)
Xtpale—1 — Xea2|t-1 0.130%** 0.458*** -0.095** -0.056*
| (0.050) (0.057) (0.046) (0.032)
Xt43[e—1 — Xe43|t-1 -0.126** -0.120** 0.486%** 0.103*
| (0.061) (0.057) (0.069) (0.059)
Xtpaje—1 — Xe+ajt-1 0.071 0.056 0.037 0.362%**
(0.066) (0.043) (0.038) (0.044)
Constant -0.008 -0.001 0.005 0.007
(0.009) (0.006) (0.008) (0.008)
Obs. 3,854 3,856 3,855 3,853
R? 0.053 0.146 0.213 0.178
BIC 10,515 8,565 7,434 7,323
BIC for standard noisy info 10,822 8,763 7,635 7,484




ANOTHER TEST OF FORWARD INFORMATION

Dependent variable: Full 1980 1990 2000 2010
Xe — Xe|t (backcasts) Sample > > > >
X{je-1 — Xe|e-1 0.018 0.118 0.017** -0.000 0.002**
| (0.014) (0.082) (0.008) (0.000) (0.001)
Xig1jt—1 — Xe+1]e-1 0.009 0.014 0.032** 0.000 0.002
| (0.016) (0.084) (0.015) (0.000) (0.001)
Xiy2)t-1 — Xt+2|e-1 -0.029 -0.202** -0.034*** 0.001 0.000
| (0.018) (0.085) (0.013) (0.001) (0.003)
Xi43jt-1 — Xt+3]e-1 0.009 0.078 0.013 -0.000 0.002
| (0.018) (0.123) (0.015) (0.001) (0.002)
Xiyalt—1 — Xt+a|e—1 0.001 -0.007 -0.009 -0.000 0.002**
(0.014) (0.067) (0.009) (0.001) (0.001)
Constant 0.004 0.027 0.002 0.000 0.001
(0.005) (0.037) (0.002) (0.000) (0.002)
Obs. 3,849 559 1,068 1,272 950
R* 0.004 0.023 0.023 0.003 0.002

Intuition of the test: when all forecasters observe realized inflation in the same way, the deviation

of their backcasts from the mean should not be persistent.



HOW TO EXTRACT FORWARD

Recall xti+h|t = px£+h_1|t + residual

The residual measures forward information:

INFORMATION?

. — l _ l l
residual = Fl p ), = (xt+h|t—1 - pxt+h—1|t—1) |
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- (Gpy1 — th)(xt — xfﬁ|t—1) i



HOW TO EXTRACT FORWARD INFORMATION?

Recall x§+h|t = px£+h_1|t + residual

The residual measures forward information:

residual = FI£+h|t = (x£+h|t—1 - px£+h—1|t—1) + (Gpy1 — th)(xt — xfﬁ|t—1) i

(Gpit — PGh)Vf:

In practice: Fliinie = Xipnpe — (6t + ﬁtx£+h_1|t)

o Allow time-varying intercept (e.g. changes in trend inflation)
e Estimate p on a long forecast horizon h (as h T, forward Info is less precise
and the bias iIs smaller). Allow p to vary over time as well.
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FORWARD INFORMATION
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FORWARD INFORMATION

Variable: Mean gtar_ldgrd
eviation

Fly\¢e -0.150 1.122

Fliiq)e -0.078 0.454

Fli i)t -0.029 0.182

Flii 3 -0.017 0.134

Fleia) -0.010 0.104

Actual inflation 2.704 1.992

Properties:

* The variation of forward information over time decreases in the horizon. This pattern is in line with
diminishing information in forward signals for longer horizons. It is also driven by the decay in the
change of weights on signals across horizons.



FORWARD INFORMATION

Variable: Mean gtar_ldgrd Serial correlation
eviation

Fli ¢ -0.150 1.122 -0.275

Flpyq)e -0.078 0.454 0.204

Flp o)t -0.029 0.182 -0.073

Fli i3 -0.017 0.134 -0.209

Flyya) -0.010 0.104 0.011

Actual inflation 2.704 1.992 0.350

Properties:

* The variation of forward information over time decreases in the horizon. This pattern is in line with
diminishing information in forward signals for longer horizons. It is also driven by the decay in the
change of weights on signals across horizons.

 Series for forward information should be serially correlated due to the overlap in forward signals over
time. That is, previous forward signals which look beyond time t are still useful for the forecast made
at time t.



FORWARD INFORMATION

Variable: Mean gtar_\dgrd Serial correlation Correlatlc_)n
eviation between horizons
Fly¢ -0.150 1.122 -0.275
Fliiq) -0.078 0.454 0.204 -0.258
Fli o -0.029 0.182 -0.073 0.324
Fli 3¢ -0.017 0.134 -0.209 0.069
Fliia)¢ -0.010 0.104 0.011 -0.094
Actual inflation 2.704 1.992 0.350
Properties:

* The variation of forward information over time decreases in the horizon. This pattern is in line with
diminishing information in forward signals for longer horizons. It is also driven by the decay in the
change of weights on signals across horizons.

» Series for forward information should be serially correlated due to the overlap in forward signals over
time. That is, previous forward signals which look beyond time t are still useful for the forecast made
at time t.

* The series for forward information are correlated across horizons because the same signals are
applied at each horizon. The correlation should eventually decay due to the diminishing variation.



FORWARD INFORMATION

Cross-sectional variation in inflation forecasts and forward information

. . . var(FI;

var(Xiepe)  var(PiXisn—1)c) Va""(FIf+h|t) ( it+h|t)

var(xt+h|t)
h=20 0.889 0.398 1.143 1.134
h=1 0.610 0.533 0.700 1.071
h=2 0.498 0.336 0.324 0.807
h=3 0.481 0.308 0.279 0.762
h=4 0.459 0.304 0.178 0.623

Forward information (forecasters have different news about the future) accounts for a large share of
forecast disagreement.



DOES FORWARD INFORMATION MATTER?
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Policy rule: r, = ¢

T
P1Tt-1
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DOES FORWARD INFORMATION MATTER?

Policy rule: r, = ¢

GB r T
YTt 919apt|t Hzgrtn P1Tt—1 T P2Tt—2
(1) (2) 3)
P 0.051%*
(0.021)
(6t—1 + pt_lﬂt_l) 0031 0124
(0.053) (0.083)
FISE 0.058%** 0.151%**
(0.018) (0.039)
FIGB 0.176%**
t+1|t (0.059)
FIGB 0.069
b2t (0.087)
FIGB 0.134
bl (0.191)
FIGB 0.205
t+4|t (0.276)
gapgE 0.025* 0.024 0.027
(0.014) (0.015) (0.017)
gré? 0.149%*x 0.149%** 0.143%**
(0.039) (0.039) (0.038)
rey 1.134%%* 1.151%%* 1.089%**
(0.099) (0.111) (0.128)
rees 20.184%* 20.196%* 20.185*
(0.089) (0.097) (0.103)
R? 0.982 0.982 0.984

Et



COVID: FORWARD INFORMATION BOOMING

Estimate x;,,; = px{1n_1); + error, before and after the outbreak



COVID: FORWARD INFORMATION BOOMING

Estimate x;,,; = px{1n_1); + error, before and after the outbreak

= | ——— 2020Q1 — 202001
' m— 2020Q2 m—— 202002

O

T T T I T T T T
CPI GDP INT UNEMP CPI GDP INT UNEMP

The term structure of persistence Is shifted downward In response to a big event.
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CONCLUDING REMARKS
e Some key questions:

o How do people form expectations?
o Why do we see disagreement Iin forecasts?
o What is the role of news?

o \We offer a simple framework to measure forward information (private signals
about future “fundamentals”™).

e Forward information appears to be an important force.
Key Insights:

o Forward information accounts for the practice of "add-factoring" (forecast
adjustment).

o Information varies not only across agents, but also across horizons
(information about the past could be homogenous!).



