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1 Introduction

The US economy has undergone many structural changes in the post war period. On
the real side, we have witnessed a strong moderation of business cycle fluctuations.
On the nominal side we had the rise of inflation in the 70s and the subsequent fall in
the course of the 80s. The conduct of policy has undergone substantial changes, in
particular monetary policy that has become more transparent and more aggressive
against inflation (Clarida, Gali and Gertler, 2001). The relation among the real and
the nominal side of the economy has changed drastically, the most well know case is
the recent break down of the Phillps curve which as very strong and stable before the
80s (Stock and Watson, 2007).

To study these evolution the literature has developed dynamic models that allow
for time variation in the dynamic interrelations among economic variables. Since the
seminal paper by Cogley and Sargent (2003), a growing amount of works have con-
ducted the analysis using time-varying vector autoregressions (e.g. Primiceri, 2006,
Canova and Gambetti, 2008). These reduced form models are essentially forecasting
models in which the dynamic interrelation and the size of the forecast errors are al-
lowed to change over time. These model have been proved to be very powerful for
studying, explain and tracking the structural changes that have affected affecting the
economy. Taking into account structural changes might be helpful for forecasting.
There are at least two reasons why these could be helpful. First, the models could
be able to detect structural changes in real time and hence help forecasting them,
e.g. the declined level of inflation in the 80. Structural changes could hide short term
relations among macroeconomic variables which could be could be reestablished once
the structural break/trend component is removed (Cogley, Primiceri and Sargent,
2008 using a TV VAR find that the Phillips curve is reestablished once the trend
component of inflation is removed; Cogley and Sbordone, find that the Phillips curve
relation could be distorted by the presence of structural break).

The existing literature is based however on in-sample ex-post estimation and it
is not known whether these model are also useful in real-time. This paper is a first
attempt to fill this gap. We perform an out-of-sample forecasting exercixe using a
model with Unempleyment rate, inflation and the policy interest rate. The exercise if
real-time since the forecast is estimated recursively using the data that were available
at the time the forecast is made (we use real-time data).

We compare the TV-VAR forecast with those produced by alternative fixed co-



efficients models. We estimate them using all historical data available at each point
the forecast is made. We also consider estimate these models using a rolling windows
which is an heuristic way of taking structural changes into account.

Our findings show that TV-VAR are very powerful in forecasting. In particular
the TV-VAR model is the only model producing forecasts that are accurate for all the
three variables. Precisely, the TV-VAR produces by far the most accurate forecast
for inflation. For the unemployment rate the best forecasts are produced by the TV
VAR and a fixed coefficient models estimated over rolling windows. For the interest
rate the best forecast are produced by the TV-VAR and the TV-AR.

These implies that TV-VAR models are faster than rolling VARs in recognizing
structural changes in inflation. Moreover, the TV multivariate models work better
than TV univariate models and the Random walk model indicating that interrela-
tions among macroeconomic variables carry out important information once we take
structural change explicitly into account. These results holds true in different sub-
samples. In particular, they are also confirmed in the great moderation sample when
it is known that inflation has become very hard to forecast since most of the model are

outperfomed by the RW (Atkenson and Ohanian) and simple univariate TV models.

2 The Dataset

The dataset used in the paper consists of three variables: GDP deflator (GDPD),
Unemployment Rate (UR) and the three month treasury bills (denoted as IR). We
use real time databases for GDPD (quarterly vintages on quarterly frequency) and

L For the three month interest rate

UR (quarterly vintages on monthly frequency).
we use the actual series.? The unemployment and the interest rate series are sampled
monthly, following CS2001, CS2005 and CPS, we convert them into quarterly series by
taking the middle month and the first month values in each quarter, respectively for
UR and IR. The time span is therefore on quarterly basis from 1948:Q1 to 2007:Q4.
It is covered, in the case of GDPD and UR, by the quarterly vintages 1966:Q1 to

2007:Q4.

!The data are available on the Federal Reserve Bank of Philadelphia website at:

http://www.phil.frb.org/econ/forecast /reaindex.html.
2The series is available on the FRED dataset of the Federal Reserve Bank of St. Louis (mnemonics

TB3MS), at: http://research.stlouisfed.org/fred2/series/ TB3MS



3 The Forecasting Exercise

Our objective is to predict the h-period ahead unemployment rate U Ry, the interest

. . . . P,
rate R, and the annualized price inflation 7', = %log( o

GDP deflator at time ¢ + A and 4070 is the normalization term.

), where P, is the

3.1 The forecasting model

Let y; be a vector including the inflation rate (7;), the unemployment rate (UR;),
and the short term interest rate (I R;). We assume that y, admits the following time
varying coefficients VAR (TV-VAR) representation:

Yy = Aog + ArgYeo1 + o+ Apiyi—p + & (1)

where Ay, contains time-varying intercepts, A;, are matrices of time-varying coeffi-
cients, 1 = 1,...,p and &; is a Gaussian white noise with zero mean and time-varying
covariance matrix X;. Let A; = [Aos, Ary..., Apy], and 6; = vec(A}), where vec(+) is
the column stacking operator. We assume that all the roots of the VAR polynomial
lie outside the unit circle at every t - this is sufficient to make g, locally stationary.

Given this condition, we postulate the following law of motion for 6;:
Qt = et—l + wy (2)

where w; is a Gaussian white noise with zero mean and covariance 2. We let ¥, =
F,DF!, where F; is lower triangular, with ones on the main diagonal, and D; a
diagonal matrix. Let o; be the vector of the diagonal elements of Dt1 /? and bit
i =1,...,n — 1 the column vector formed by the non-zero and non-one elements of
the (i + 1)-th row of F;'. We assume:

logo; =logo;_1 + & (3)
it = Gir—1 + Viy (4)

where & and 1), are Gaussian white noises with zero mean and covariance matrix =
and V;, respectively. Let ¢y = [¢), ..., ¢, 1], Yo = [V1 .- ¥, 1), and ¥ be the
covariance matrix of ¢,. We assume that 1);, is independent of %;,, for j # 4, and
that &, ¥, wy, €; are mutually uncorrelated at all leads and lags. In principle, one
could make e; and w; correlated. However, it is well known that such a model can

be equivalently represented with a setup where shocks are mutually uncorrelated but
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g is serially correlated. Since our measurement equation is a VAR, such a flexibility
is unneeded here. Note that the specification in (3) and (4) is similar to the one
employed by Primi. Relative to CS2005, it allows 1 # 0 at each t. Details of
estimation appear in Appendix.

Equation (1) has the following companion form

Ve =t + Ay + &

where y; = [y...y;_,1)'s & = [€;0...0]" and p; = [Af,0...0)" are np x 1 vectors and

A
( )
n-1)  On-1)m

where Ay = [A1;...Ap;] is an n X np matrix, I,_1) is an n(p — 1) x n(p — 1) identity
matrix and O, (p-1), is a n(p — 1) x n matrix of zeros. Let fi; and At denote the
median of the joint posterior distribution of ji, A, (see Appendix for the details).
The forecast of y,.1 1-step ahead is:

Vesip = fbe + Ath (5)

Forecasts at time ¢t + h are computed iteratively from the previous forecasts:

Yerhit = ft + AFiin = Z Al + ALy, (6)

j=1
Forecasts of m},, are computed by cumulating the first h forecasts of the first

entries (which correspond to m;) of the forecasted vector ¥, p:

7Tt+h\t = Z Yi,i+ift

where y1n—ijy = Tyn—i if © >= h. Forecast of UR,;), and IR, correspond to
the second and third entries of the of the forecasted vector yi, ;.

3.2 Other forecasting models

The forecasting ability of the time varying VAR is compared with that of other time
series models. Particular emphasis will be posed on the comparison between the time
varying VAR and the non-time varying (coefficient) counterpart. Such comparison
allows us disentangle and evaluate the eventual contribution to the forecast accuracy

due to the richer model specification.



e Naive Forecasting Models (Benchmarks):
The first approach used to forecast the variables is a simple, naive forecasting
model. In the case of inflation we choose the Atkeson and Ohanian (2001)
(AO) benchmark. AO demonstrate that, since 1984, structural models of US
inflation have been outperformed by a naive forecasts based on the average rate
of inflation over the current and previous three quarters. This is essentially a

"no change” forecast for inflation:

1
t+hit — Tt = Z(Wt + 1+ Mo + T_3) (7)

In the case of unemployment rate and interest rate the naive benchmark is
slightly modified. In these cases, the last available data point is used as an

estimate of the future values at every horizon.

e Time Varying Autoregression (TV-AR)
Inflation (7;), unemployment rate (U R;) and interest rate (I R;) are modelled as
an autoregressive model with drifting coefficients and drifting stochastic volatil-

ity in the error term:?

Ty = Qo+ Q1 pTp1 + Qo9 + ... + QT + & (8)

The 1-step ahead ahead forecast is computed as:

~tv—ar I N ~ A
Tyfqe = Qo+ Quple + Qo1 + oo+ Qpilepra

where the hat denotes coefficients estimates. Details of the estimation are given
in appendix 1. In general, at time t+h, the forecast can be computed recursively

from the previous forecasts:

p
~ar—tv __ ~ A par—tu
Tyfpy = Qo+t Z Qg |t
=1

where :f:“r;ﬁ’ﬂt = Ty1p—; if i >= h. In the case of inflation, z;; = m, predictions

t+
. ~har—t

at time t + h, Wti%t v
Aarftv)

(log) price changes (X7, urayy

, are computed by cumulating the first h forecasts of the

3AR coefficients and the residual volatility are assumed to evolve according to the equations

discussed in the previous subsection.



e Recursive Autoregression (AR-REC)
Each of the three variables m;, UR; and IR; is modelled as an autoregressive
precess:

Ty =g+ T + Qa9 + ... + QT + € 9)

Forecasts are computed exactely as in the previuos after the parameters are
estimated by Ordinary Least Squares (OLS).

e Rolling Autoregression (AR-ROL)
This model is equivalent to the previous one AR-REC, with the difference that
estimates of the parameters are computed on a ten years rolling window, instead

of using the whole sample length.

e Recursive VAR (VAR-REC) This is a VAR model in the three variables,
m, URy and IRy, collected in a (3 x 1) vector of variables y;:

Y = Ao+ A1y + Ao + ..+ Ay + € (10)

Forecasts of the variable m; are computed using formulas (5) and (6), but re-

placing A; with the estimated matrix of parameters computed by OLS.

e Rolling VAR (VAR-ROL) Equivalent to VAR-REC, with estimates com-
puted by OLS on a ten years rolling window.

3.3 The Simulation Exercise

To analyze the predictive power of the previous model we perform a standard out-
of-sample forecast exercise. The procedure is as follows; the exercise begins by es-
timating all the parameters of the models on a sample span called the estimation
window (1948:Q2 to 1969:Q4). The estimated parameters are then used to fore-
cast the variables h-steps ahead outside the estimation window.* The estimation
window is updated sequentially with one observation and the parameters are re-
estimated based on the new sub-sample.® The h-steps ahead forecasts are again
computed outside the new sample. This procedure is then iterated until the end

of the sample. Forecasts of the vector of variables x,, , labeled as fc?jfh“, with 7 €

4Following the related literature, we use a two lags specifications for all the analyzed models.
5In the case of VAR-ROL the estimation window is kept fixed to ten years. The first observation

is then dropped every time a new observation is added in the iteration,.



{NAIVE AR — REC,AR — ROL,AR—TV,VAR — REC, VAR — ROL,VAR - TV}
are stored and used to compute the Mean Square Forecast Error (M SF E},) at horizon
h.5 For horizon h the M SFE), is defined as the following:

i 1 < h ~hyin2
MSFE), = m s%h(%sw - xs|t>

withi € {NAIVE, AR — REC, AR — ROL,AR—TV, VAR — REC,VAR — ROL, VAR —-TV
Since data are continuously revised at each quarter, several measures of inflation avail-
able. Following Romer and Romer (2000), we consider the figures published after the
next two subsequent quarters as the true realized values.

The MSFE is a measure of the average forecast accuracy over the out-of-sample
window. In the empirical exercise ty = 1970 : Q1 + h and t; = 2007 : Q4 — 12+ h
with h =1,2,...,12. 7

To facilitate comparisons between the various models, the results are reported in
terms of the relative M SF'FE statistics, where the M.SFE of the NAIV E model, used

as benchmark, is at the denominator:

MSFE;
MSFENAIVE

When the relative MSFE is less than one, the model 7 improves the forecast of the
benchmark model. For example, a value of 0.8 would indicate that model ¢ improves

the forecast performance of the benchmark model by 20%.

4 Results

Forecasting results for the three variables are reported in table 1 to 3 in appendix

appendix 2 and are discussed below individually for each variable.

4.1 Inflation

Results for inflation are reported in table 1. The table is divided in three sub-tables
describing the results for the all sample, the first sub-sample (1970:Q1 to 1984:Q4)

6The ex-post realized inflation xf '+h,» can be computed on different vintages. The second subscript

v denotes the vintage used for such computation.
"In the simulation exercise forecasts for horizon h = 1 correspond to nowcast, given that in the

real time dataset figures are available only up to the previous quarter.



and the second sub-sample (1985:Q1 to 2007:Q4) respectively. In each sub-table,
the first row refers to the forecasting horizon, ranging from 1 to 12. In the second
row there is the MSFE for the naive model, used as benchmark. The following rows
show the ratio between the MSFE of obtained with a particular model to the MSFE
obtained with the benchmark.

Results for the full sample point to a superior forecasting ability of the VAR-TV
model. Such model dominates the benchmark specifications over all the horizons with
an average improvement of about 35%. A relative good performance is observed also
for the univariate time varying specification (AR-TV) with improvements of about
10% over the horizons 3 to 7. The other specifications, univariate and multivariate
fail to improve the forecasts accuracy of the benchmark.

The analysis split for the two sub-samples shows that in the first sub-sample
(1970:Q1 to 1984:Q4), the VAR-TV model again displays a superior performance,
with sizeable improvements on the benchmark over all the horizons. The AR-TV
model also improves the forecast accuracy of the naive model, with improvements
greater than 10% in the middle horizons; none of the other models does better than
the benchmark.

On the second sub-sample (1985:Q1 to 2007:Q4), results are somehow similar.
The VAR-TV model is once again the best performing model; its forecast accuracy
increases with the horizon. We observe an improvement of about 10% over the bench-
mark model, for horizon 4, which steadily increases to an outstanding 50% for the
three years predictions (horizon 12). On this sub-sample, the model displays a per-
formance similar to the benchmark for the shorter horizon. The other models fail to
improve upon the simple univariate specification, the only exception is the AR-TV
in the long run.

A visual inspection of the predictions can highlights the forecasting properties
of the different model. Figure 1, in appendix 3, plots, for the two years horizon,
the forecasts of three models, VAR-TV (green line), VAR-REC (dotted, red line)
and AR-TV (dashed, grey line) against the ex-post realized, true values (blue line).
The time varying VAR tracks extraordinarily well the persistent movements of the
two years changes in prices (blue line), both before and after the great moderation
period. Also the AR-TV model exhibits a good ability in tracking the underlying,
persistent movements in the trend, even if it is less accurate than the three variables
multivariate specifications. The VAR-REC model, on the other side, fails in tracking

such movements as quickly as the other models and the underlying trend is tracked



only after a significant time delay.

4.2 Unemployment

Table 2 reports the results for unemployment. Over all the sample, all the models have
a good forecasting performance, especially in the long run, the only exception is the
AR-ROL model, which never beats the benchmark specification. Particularly good
is the performance of the VAR-REC and VAR-TV models. In the long run (horizon
12) their improvements on the naive model are about 53% and 40% respectively.

On the first sub-sample (1970:Q1 to 1984:Q4), there is, in general, a good per-
formance of the multivariate models, while all the univariate specifications fails to
improve upon the benchmark model. On this sub-sample, unlike the inflation case, a
richer information set is more important than the richer dynamics, which is captured
by the drifting coefficients.

On the second sub-sample (1985:Q1 to 2007:Q4) results are quite similar. In
this case also the AR-TV and AR-ROL (in the long run) have a good forecasting
performance. Particularly, good are once again the performances of VAR-REC (es-
pecially in the long-run) and VAR-TV (both in the short and long-run) models, with
improvements, at horizon 12, of about 65% and 50% respectively.

Figure 2 displays the forecasts, at horizon 8, for the three models, AR-TV, VAR-
REC and AR-TV against the realized ex-post values of the unemployment rate. The
two VAR models have quite collinear forecasts. At the beginning of the 80s there is a
spike in the forecast path of the three models, which is more severe for the time varying
specification. The univariate specification does not track very well the unemployment
rate series in the pre-85 sample, while in the great moderation period its predictions

are comparable with those obtained with the multivariate specifications.

4.3 Interest Rate

Results for interest rate are shown in table 3. Over all the sample, the time varying
specifications improve the accuracy of the benchmark model, while the other models
perform worse. The improvements at three years horizon are of about 9% and 16%
respectively for AR-TV and VAR-TV.

During the first period (1970:Q1 to 1984:Q4), none of the models provide forecasts
more accurate than the naive specification. The VAR-TV displays, on average, the

same forecasting performance.
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The second sub-sample (1985:Q1 to 2007:Q4) is characterized by an accurate
forecasting performance of VAR-TV, VAR-REC and AR-TV. The other models do
not improve on the accuracy of the benchmark specification (AR-ROL shows some
improvements only on the longer horizons). Those results confirm the findings of
D’Agostino Giannone and Surico (2006). They find that predictability of interest rates
have increased during the great moderation period. The interpretation of this result
is consistent with the new course of the monetary policy management undertaken by
the Federal Reserve during those years. The improved transparency and the better
communication strategy policies have probably contributed to enlarge the information
set of the agents, who more easily might have predicted the future path of interest
rates.

Figure 3 below displays the two years ahead forecasts for interest rates. The three
models (VAR-TV, AR-TV and VAR-REC) deliver quite collinear forecasts. At the
beginning of the 80s however the VAR-REC does not track very well the movements
of interest rates and it takes some time before the forecasts of this model realign to
those of the time varying specifications to capture the persistent movements in the

interest rate’s trend.

4.4 Discussion

The forecasting results described in the previous section highlights some important
features which is worth stressing. Time varying specifications, especially the VAR one,
offer valid alternatives to traditional models the literature and the practitioners have
used so far for forecasting purposes. In fact, the VAR-TV model, calibrated with pri-
ors as in CPS®, provides outstanding forecasts for inflation over all the sample. Results
are very good especially over the post-85 sample, where the improvements on the AO
benchmark, which is hard to beat *[see|[JAO, SW ;M BC2007arequiteremarkable.

Good predictions are also provided for the interest rate series, which displays
dynamic properties, such as the persistence, similar to inflation. In the pre-85 sample
the forecast accuracy is comparable, on average, to that of the benchmark model and
on the post-85 sample it is much better.

Finally, results for unemployment are very good as well. This series however ex-

hibits movements which are less persistent than those of the other two series; therefore

8Results are robust to alternative priors specifications and are available upon request from the

authors
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also the other time series models, which are designed to describe more stationary dy-

namics, have a good forecasting performance.

5 Conclusions
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Appendix 1

Estimation is done using Bayesian methods. We refer the reader to the Appendix for the
detail, while here we describe the general line of the procedure. We make the following
assumptions for priors densities. & denotes the OLS estimate of parameter x obtained in

the initial sample.

P(f) = N(6,Vp)
P(¢in) = N(¢i, V)
P(logoy) = N(loga,I,)
P(Q) = IW(Q' p1)
P(E) = IW(Z," p2)
P(V) = IW(¥,, p3)

where Qal = ()\1/)1‘79)_1, Eal = Agpol, and \I’al = )\3ip3i(;§i,‘7¢i.

Discuss parameters ...

To draw from the joint posterior distribution of model parameters we use a Gibbs
sampling algorithm along the lines described in Primiceri (2005). The basic idea of the
algorithm is to draw sets of coefficients from known conditional posterior distributions.
The algorithm is initialized? at some values and, under some regularity conditions, the
draws converge to a draw from the joint posterior after a burn in period. Let z be (¢ x 1)
vector, we denote 27" the sequence [2], ..., zl)'. Each repetition is composed of the following

steps:
L. p(aT|2T, 07,67, Q, 2,0, sT)
2. p(sT|zT, 07,07, 9T, Q, =, 0)10
3. p(oT 2T, 07,07, 0,2, ¥, sT)
4. p(0T)2T, 0T, o7, 0,2, ¥, sT)
5. p(Q2T, 07,07 o7 =, W, sT)
6. p(ElzT, 07, 0T, T, Q, W, sT)

7. p(\I/]xT,HT,aT,géT,Q,E,sT)
9

10See below the definition of s7.
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Gibbs sampling algorithm

e Step 1: sample from p(o”|y”, 07, ¢7,Q, =, ¥, sT)

To draw o7 we use the algorithm of Kim, Shephard and Chibb (KSC) (1998). Consider
the system of equations yi = F; ' (y; — X/0;) = Dtl/zut, where u; ~ N(0,1), X; = (I, ® x}),
and ¢ = [1p,Yt—1...y+—p|. Conditional on yT,07 and ¢T, y; is observable. Squaring and

taking the logarithm, we obtain

y;k* :2Tt+vt (11)
e =171+ ft (12)

where y;; = log((yzt)2 + 0.001) - the constant (0.001) is added to make estimation more
robust - v;; = 10g(u%’t) and r, = logo;;. Since, the innovation in (11) is distributed as
log x2(1), we use, following KSC, a mixture of 7 normal densities with component proba-
bilities gj, means m; — 1.2704, and variances U]2~ (j=1,...,7) to transform the system in a
Gaussian one, where {g;, m;, ’UJZ} are chosen to match the moments of the log x?(1) distri-

bution. The values are:

; . . 2
J qj m; 5

1.0000 0.0073 -10.1300 5.7960
2.0000 0.1056 -3.9728 2.6137
3.0000 0.0000 -8.5669 5.1795
4.0000 0.0440 27779  0.1674
5.0000 0.3400 0.6194 0.6401
6.0000 0.2457 1.7952  0.3402
7.0000 0.2575 -1.0882 1.2626

Let sT = [s1, ..., s7|' be a matrix of indicator variables selecting at each point in time the
member of the mixture to be used for each element of v;. Conditional on s”, (Vitlsit =J) ~
N(mj; — 1.2704, 0]2) Therefore we can use the algorithm of Carter and R.Kohn (1994) to
draw r; (t=1,...,T) from N(rye i1, Ryjq1), where 1y = E(ri|regr, v 07,07, Q, 2,0, 57))
and Ry = Var(reres, o, 07,07, Q, 2,0, sT).

e Step 2: sample from p(s”|y”, 07,07, o7, Q, =, V)

Conditional on y;; and rT', we independently sample each s;; from the discrete density

defined by Pr(si+ = jly;7,7it) o< fn(y;7|2rie +my; — 1.2704, ’()]2'), where fn(y|p, 0?) denotes

a normal density with mean p and variance o2.

e Step 3: sample from p(¢”|y”, 07,07, Q, =, ¥, sT)

15



Consider again the system of equations thl(yt - X/0;) = thlg)t = Dt1 / 2ut. Conditional
on AT, g is observable. Since Ft_1 is lower triangular with ones in the main diagonal, each

equation in the above system can be written as

Yt = O1tuiy (13)
Uit = —Uni-1]Pit + oigliz 1=2,...,n (14)

where 0; ¢ and u;+ are the ith elements of oy and u; respectively, Jj1 ;1) = (U1, s Yie1,t)-
Under the block diagonality of W, the algorithm of Carter and R.Kohn (1994) can be
applied equation by equation, obtaining draws for ¢;; from a N(¢; 141, P e41), Where
Dit+1 = B(@ildipr1,y' 07,07, Q,2,9) and ®; 411 = Var(gildier1,y', 07,07, Q,E,0).

e Step 4: sample from p(67|y", o7, o7, Q, =, ¥, sT)

Conditional on all other parameters and the observables we have

yr = X(0: + & (15)
0,5 = et_l + Wt (16)

Draws for 6; can be obtained from a N (441, Py 41), where 6y, = E(0t]01+1, yT, ol o7, Q,2,)
and P41 = Var(0y|0¢41, y’, 0T o7, Q,E, ¥) are obtained with the algorithm of Carter and
R.Kohn (1994).

e Step 5: sample from p(Qy”, 07,07, ¢ =, ¥, sT)

Conditional on the other coefficients and the data, €2 has an Inverse-Wishart posterior
density with scale matrix Q7' = (Qo + X1, Ay (A6;))~" and degrees of freedom dfg, =
dfq, +T, where ! is the prior scale matrix, dfq, are the prior degrees of freedom and T is
length of the sample use for estimation. To draw a realization for {) make dfq, independent
draws z; (i=1,...,dfq,) from N(0,9Q;") and compute Q = (Z?igf 22!)7! (see Gelman et. al.,
1995).

e Step 6: sample from p(Z;;|yT, 07,07, ¢, Q, ¥, sT)

Conditional the other coefficients and the data, = has an Inverse-Wishart posterior
density with scale matrix 21 = (g + Y, Alogoy;(Alogay))~! and degrees of freedom
df=, = df=, + T where & s the prior scale matrix and df=, the prior degrees of freedom.

Draws are obtained as in step 5.

e Step 7: sample from p(¥|y”, 07,07, o7, Q, 2, sT).

Conditional on the other coefficients and the data, ¥; has an Inverse-Wishart posterior
density with scale matrix \Ifl_l1 = (V0 + Z;‘F:l A¢i,t(A¢i7t)/)_1 and degrees of freedom
dfv,, = dfy,, + T where ¥, o is the prior scale matrix and dfw,, the prior degrees of

freedom. Draws are obtained as in step 5 for all 3.
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6 Appendix 2: Tables
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7 Figures

Figure 1: Inflation Predictions: Two Years Ahead
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Figure 2: Unemployment Predictions: Two Years Ahead
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