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Economic forecasting models are based on a combination
of human insight and statistical analysis, but the question of how
best to comﬁine theses elements remains, in practice, unre-
solved. Their combination cannot be avoided. Given the limita-
tions of human brains and economic databases, the potential link-
ages among economic variables are too numerous to be accurately
gauged by either human reasoning or statistical analysis alone.
The traditional solution to this degrees of freedom problem has
been, more or less, to use reasoning to select a small set of
coefficients thought to represent the jmost important linkages
among variables, to assume all other linkages can be ignored (by
fixing their coefficients at zero), and then to estimate the
chosen coefficients from the data. Bayesian statistical theory
suggests a different approach. Include as many linkages--and thus
coefficients--as your computer can handle. Then use human insight
to overcome the degrees of freedom problem, by allowing the data
and a set of prior beliefs to jointly determine the estimated
values of all the coefficients.

This paper discusses how the Bayesian approach can be
used to construct a type of multivariate forecasting model known
as a Bayesian vector autoregression (BVAR).l Since the idea of
specifying prior beliefs about the numerous coefficients of a
multivariate forecasting model is rather daunting, the key to the
BVAR approach is to simplify this task. To that end, Doan,
Litterman, and Sims (1984) have proposed that a certain family of
prior probability distributions, indexed by a fairly small set of

so-called hyperparameters, can adequately represent modelers'



prior beliefs in most cases. They have shown how to estimate a
BVAR, either when the modeler picks a particular member of their
family of prior distributions or in the not uncommon case where
the modeler has no strong beliefs (i.e., flat priors) about which
members of this family of possible prior distributions aré most
appropriate. The explanation of their suggestions, in Section 2,
forms the core of this paper. However, the BVAR approach to
economic forecasting has implications, as well as a set of conven-
tional procedures, for how the data in a model are selected and
transformed. For that reason, and for ?ompleteness, Section 1
discusses how to specify a BVAR and set up a BVAR database. A

l-variable model is used to illustrate the BVAR approach.

Section 2: Specifying a BVAR

In the simplest form of a BVAR, n lags of each variable
in the model appear in each equation. In that case, model speci-
fication consists of picking n and é data series for each vari-
able. Even more complicated BVARS generally consist of blocks of
equations that have the simple form or slight variations of it, so
the links between model specification and database preparation
remain quite direct. For that reason, I will discuss the basics
of specifying a BVAR through a step-by-step discussion of ‘the
setting up'a BVAR database. In many ways the considerations and
conventions used by BVAR modelers are the same as those used by
other forecasters, except that somewhat different criteria are

used in deciding which variables to include in the model.

What is the purpose of. the model? The first step in

specifying any forecasting model, including a BVAR, is to staté as



precisely as possible the goal of the forecasting exercise. At a
minimum, the forecaster presumably wishes to produce accurate
forecasts of at least one variable, and often more. I will refer
to these variables as the variables of interest. They should be
identified at the outset, and a loss function over their forecast
errors could also be specified.

Frequently the forecaster wants not only to forecast
accurately but also to claim that his or her forecasts incorporate
the effects of one variable on another. (Note that this desire
may be independent of, or even conflict with, the desire to fore-
cast a set of variables accurately.) Aftér October 19, 1987, for
example, forecasters had to indicate whether their forecasts
reflected that day's crash in the stock market. Incorporating
such cross variable linkages rules out one fairly effective class
of pure forecasting models--those which forecast each variable of
interest by means of a univariate ARIMA model. Instead the mod-
eler will need a multivariate model to estimate the linkages among
the variables of interest and/or between those variables and a set
of other variables which affect the variables of interest but are
not of direct interest themselves. I will refer to these other
variables as related variables.

The forecaster may be even more ambitious and wish not
only to incorporate but also to separately'identify the causal
linkages among variables. For example, forecasters may wish to
say not only that their forecasts reflect the stock market crash
but also that they know by just how much the crash affected each

variable's forecast. In this case the estimated multivariate



model will have to be augmented by a set of identification re-
strictions on the model's coefficients and/or covariance ma-
trices. These additional restrictions provide a unique relation-
ship between the forecasting model and a model of the underlying
structure of the economy. Meaningful what-if que;tions can then
be posed in the structural form of the model and traced through to
the corresponding forecasting model, producing what are known as
conditional forecasts. To estimate the effects of the stock
market crash, for instance, the forecaster could use the struc-
tural model to pose the question of what the current outlook would
be if the stock market had held sbeadj at its October 18th
level. Without identifying restrictions, what-if questions can't
be posed, and the forecasts are said to be unconditional. Mod-
elers can say that their unconditional forecasts incorporate the
effects of the stock market crash,2 but they can't say just what
those effects are. |

For the purposes of this paper, I will assume that my
goal is to accurately forecast, in as much detail as possible,
economic activity in the state of Minnesota. I will also assume
that my clients, whom I take to be the general public, demand
multivariate forecasts (whether or not these are more accurate
than multiple univariate forecasts) that incorporate the }1nkages
among Minpesota variables and between Minnesota and national
variables. However, my clients are content with unconditional
forecasts, allowing me to defer the complexities and controversies

of how to impose identifying restrictions on BVARs.



How many variables and linkages can [ include in the

model? Ideally, my clients would like forecasts of almost every
Minnesota economic vafiable. Furthermore, they want each vari-
able's forecast to incorporéte the effects of all the other vari-
ables. In non-Bayesian modeliﬁg; this ideal cannot be met because
of insufficient degrees of freedom. Because there are many data
series, the number of potential linkages among them, and hence the
potential number of model coefficients, is huge. But each data
series is fairly short, so that the number of observations per
coefficient in an equation is small, possibly less than one. To
conserve degrees of freedom, some variables are left out of the
model, and many potential linkages among the remaining variables
are turned off by assuming that the coefficients that represent
them are zero.

In BVAR modeling, concerns over degrees of freedom play
a much less important role in deciding which variables and link-
ages among variables to include in the model. Instead modelers
must worry more about the availability of computing power, support
staff, and their own time and energy in deciding whether to en-
large their models.

BVAR models can easily demand more memory than many
computers and software packages allow. The prior information a
BVAR modeler supplies to the estimation program includes a vari-
ance-covariance (VCV) matrix for each equation. Since BVARs
typically include several lags of many variables in each equation,
the number of coefficients, k, in a given equation can be large by

non-Bayesian standards. Since the VCV matrices, in turn, are



k x k, the memory required to store them may exceed the limits of
many computer systems (microcomputers, for example) or of software
~ oriented to non-Bayesian methods. For example, although the RATS
softuaré available on my bank's mainframe is designed for BVARs
and accommodates a fairly generous number of coefficients per
equation--about 200--this 1limit is binding at times and has dic-
tated a block recursive structure for some of the models in use
there. On a personal computer, RATS can handle about 50 coeffi-
cients per equation. For a quarterly model with 6 lags of each
variable in each equatiqn. this imposes a limit of about 9 vari-
ables.

BVARs can also put large demands on support staff and on
the modeler's time and energy. Whenever a large model is speci-
fied, someone has to assemble and maintain the database. This
takes a lot of time, or money, or both. In addition, estimating a
BVAR requires some programming and generates a lot of output that
needs to be analyzed. My impression is that, variable for vari-
able, BVARs are’probably much easier to estimate and maintain than
many econometric alternatives. Nonetheless, they do require
support, and in practice limits on these resources may also con-
strain the size of BVARs.

Degrees of freedom do play a role in choosing variables
for a BVAR. Although they ease the degrees of freedom problem,
the prior beliefs imposed on the coefficients of BVAR models
express a degree of uncertainty about the value of the coeffi-
cient. The more data are available, the maore this uncertainty can

be reduced. In cases where the prior uncertainty is large and the



data series are short, some variables may have to be dropped from
a BVAR to conserve degrees of freedom. I have estimated 6-vari-
able, 6-lag BVARs with as little as 10 years of monthly economic
data, but where longer data series can be substitutqd'l would
nbrmally exclude business cycle variables with less thah 15 or 20
years of available data.

For my Minnesota model, let me begin with a generous
wish list of variables of interest. 1I'll include gross state
product, nonfarm employment, nonfarm earned income, farm income,
an index of farm prices, farm land values, nonearned income, the
unemployment rate, retail sales, the Hinne;polis-St. Paul CPI, and
possibly some further disaggregations of the above series. 1I'll
tentatively assume that the model will have the simple BVAR form,
with n lags of each variable in each equation (n to be determined
later).

How Shall I Transform the Data? The BVAR framework does

not have strong implications for whether data series should be
modeled as seasonally adjusted ér not, logged- or not, deflated or
real, etec. Nonetheless, some conventions appear to have been
followed in the majority of BVAR applications. In addition, the
BVAR framework itself allows certain new ways of dealing with
these issues, especially seasonality.

Seasonal adjustment. Most BVARs to date have been

estimated with seasonally adjusted data. I suspect that this is
because most BVAR applications so far have been for general pur-
pose macro or regional forecasting, where success consists of

beating your competitors' forecasts of the seasonally adjusted



versions of variables like GNP, CPI, and unemployment. To keep
things simpler, I will assume that my clients also want me to
forecast the seasonally adjusted versions of my Minnesota vari-
ables.

As BVARs spread to other applications--such as predict-
ing government revenues or corporate cash flows--~forecasts of the
nonseasonally adjusted versions of variables will be more rele-
vant. The question then arises: Is it more accurate to directly
model the unadjusted series, or should I first adjust, then model,
then unadjust? Some research now underway touches on that ques-
tion, but I don't think there's an answer‘yet. BVARs do open up
one interesting possibility, which is to model the unadjusted data
directly and introduce seasonal patterns into the prior beliefs
about the coefficients (Canova 1987, Ballabriga 1987).

Logging. The general practice in BVAR models has been
to log most variables, except those in ratio form or those taking
on negative values. Many economic data series--GNP and Minnesota
nonfarm employment, fob example--seeﬁ to grow nearly exponentially
with proportional disturbances. Logging them is convenient be-
cause it allows their behavior to be better approximated by a
linear model with constant-variance additive disturbances. Even
series that show little evidence of exponential growth or propor-
tional disturbances may be :logged; if their affects on other
variables are believed to be more nearly multiplicative than
additive. In U.S. models the exchange rate is often logged partly
for these reasons, and in my Minnesota model I will log the index

of ag prices for this reason.



Some series are usually not logged, however. Series in
ratio or proportional fbfm--such-as interest rates or unemployment
rates--are usﬁally not logged. Their ratio form already captures
some multiplicative effects and their U.S. time series may show
little evidence of exponential growth.3 For these reasons, I will
not log the Minnesota unemployment data. Series that have nega-
tive values cannot, of course, be logged. For this reason, I will
work with levels rather than logs of Minnesota net farm income.

Deflating. With regard to deflating nominal variables,
BVAR modelers seem to follow the convention of convention. That
is, if the users of the forecast are priﬁarily interested in the
deflated version of a variable, then that form is directly incor-
porated in the model (rather than being computed from the fore-
casts of the nominal version and a deflator). Thus GNP is gener-
ally modeled in real terms (despite the occasional interest in
nominal GNP). If the nominal version is of more direct interest--
as is often true of stock price indices or the money supply--it is
included in thé model.

Sometimes this rule of thumb is not workable. For
example, I don't know whether the users of my Minnesota forecasts
are more 1ﬁterested in real or nominal retail sales. Also, my
previous experience with this series has indicated that»modeling
1t;in nominal form may lead to implicit forecasts of real growth
that seem unreasonable. Therefore, I will deflate retail sales.

Detrending. Although many data series, even those that
* have been logged, seem to grow over time, BVAR modelers rarely

detrend their data series. Trend effects are allowed to enter
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into the estimated coefficients of the many distributed lags in
the model. Frequently this results in explosive roots in the
estimated model.

Are Appropriate Data Series Available? At this point, I
know which variables I want in my model, and in which forms. Now
I have to see if I the necessary raw data series are available or
can be created.

Some series are just not available at all. They must be
dropped or replaced by proxies. In my case, gross state product
figures for Minnesota are not available now. To some extent, they
can be proxied by employment and income. |

Some raw series are available, but not frequently
enough. The available series on my wish list are reported at a
variety of intervals--monthly, qﬁarterly, and annually. I could
put them on a common basis with an annual model, but my clients
aren't satisfied with this option. An alternative is use inter-
polation procedures to estimate quarterly values for series, such
as i‘arm land values, available only annually. The model could
than be standardized on a quarterly calendar. My clients approve,
and I proceed on this basis. " To interpolate quarterly land
values, I need to find a set of quarterly data series that provide
information about the likely intrayear movements in land values.
I can use some of the series I have already chosen, such as farm
prices and incomes. I may also wish to gather some additional
series--such as farm mortgage interest rates--just for this pur-

5
pose.



-1 -

~Some raw series are too short or inconsistent. My
Minnesota employment figures go back, in one form or another, to
1939, but income data begins in. 1958, retail sales data in 1964,
and unemployment data in 1970. I will pick 1958 as my starting
date. I throw away the earlier data on employment (except that
I've already used it to seasonally adjust) and estimate regression
equations for retail sales (using post-1964 data) and unemployment
(using post-1970 data) that allow me to backcast them to 1958. In
these regressions, as in my interpolations, I may use a combina-
tion of variables in the model and variables gathered solely for
this purpose. Similar techniques can be used to splice a more
recent to a less recent version of a data series that is not
available in a statistically consistent form for the whole data
period. Mendesh (1987) describes one not entirely successful
application of this approach to M1 data in the U.S.

Finally, some series are released with an unusually long
delay. If this delay is not too much longer than for the other
variables in the model, the data may still be useful. This is the
case for the quarterly data on Minnesota earned income, which are
released about four months after the end of the quarter they
cover. Most of my other series are available by one month after a
quarter, but the one quarter lag of the income data does not
prevent them from contributing to my forecasts of the other vari-
ables. This will probably not be true of the new data series on
state gross product that may be released soon. As I understand
it, these series will be annual and available about 13 to 15

months after the fact. Even if I could get a good historiecal
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gross state product series and interpolate it to a quarterly
level, the delayed release of this series would probably make it
useless in my forecasting model.

How Should Relate Series Be Handled? Recall that re-

lated series,‘though not of direct interest themselves, may belong
in thé model because they éffect the forecasts of the variables of
interest. The usual BVAR methodology requires that forecasting
equations for these related series appear somewhere in the model,
so that the model is self-contained in the sense that it can
produce forecasts autonomously. However, the modeler has wide
latitude in choosing exactly how to model the related series.

The essential feature of a related series is that it
contributes to the'forecasts of the variables of interest, either
by making them more accurate or by allowing modelers to claim that
the forecasts incorporate all information their clients believe
relevant. Note that to improve the forecasts of the variaﬁles of
interest, the related series could be either causally related or
merely correlated with the variables of interest. In my Minnesota
model, for example, national output, income, and employment vari-
ables can be viewed as shifting the demand for Minnesota products,
thereby causing changes in Minnesota's employment and income. The
role of stock market indices, such as the S&P 500, is less
clear. They seem to contribute significantly to making both U.S.
and Minnesota growth forecasts more accurate, but economists
disagree over whether this is because they cause or mérely prefi-
gure changes in the real sector. A sharper example was related to

me by Thomas Cargill, who found that state gambling revenues in
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Nevada could be used to improve forecasts of GNP. Probably no one
thinks that Nevada gambling revenues cause big changes in GNP, but
it is easy to believe that they might be correlated with--and thus
serve as a proxy for--some unmeasured dimension of consumer con-
fidence.

For my Minnesota model, I will choose my related series
from a list of important national economic variables. These
include the national counterparts of all my Minnesota variables of
interest, plus GNP and selected GNP components, the interest rate
on 3 month T-bills, the money supply, the exchange rate, the S&P
500 index, and and index of commodity priées.

The usual BVAR estimation method requires that forecast-
ing equations for the related series be included in the model.
The method relies on computing realistic simulations of the out-
of-sample forecasting performance of the model. That, for exam-
ple, means estimating the model through the first quarter of 1964,
forecasting the next eight quarters, computing the resulting eight
forecast errors, and then repeating the process for each succes-
sive quarter. If the modeler tries to avoid modeling the related
series by simply plugging in someone else's forecasts of these
variables, it will probably be impossible to find out what that
other forecaster forecasted, or would have forecasted, as of the
first quarter of 1964. As a result, it will be impossible to
compute realistic statistics on the model's out-of-sample fore-
casting performance. Statistics computed by using the actual
rather than forecasted values of the related series--in effect,

under the assumption of perfect foresight of the related series--
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will generally be too optimistic. This can lead to the estimation
of a model which is suboptimal in computing current forecasts,
when perfect foresight of the related series is impossible.

Some important BVAR applications also require that the
related series be included in the model. For example, BVAR fore-
casters frequently use stochastic simulation to compute confidence
bands around forecasts or probabilities of events like a reces-
sion. Such probability assessments cannot be accurately computed
without a stochastic model for the related series.

Although the related series need to be included in the
model, they do not have to be modeled in the BVAR style. The
modeler is free to make liberal use of exclusion restrictions in
the equations for the related variables, since by definition the
clients don't care whether the forecasts of the related series
incorporate feedback from other variables. At one extreme, then,
the modeler may choose to model each related series as a univari-
ate autoregression. At the other extreme, the modeler may simply
enlarge the BVAR and treat the related series as though they were
variables of interest. Each equation would contain n lags of the
variables of interest and of the related variables. Even com-
mitted BVAR modelers may stop short of this extreme, 'however,
especially if it generates more coefficients than can be estimated
with the modeler's computer package. An intermediate possibility
is to follow a block recursive pattern: one BVAR with equations
for the related variables only, with no variables of interest on
the right-hand side, and a second BVAR with equations for the

variables of interest, with some or all of the related variables
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“on the right-hand side. A variety of other forms is also possi-
ble, and the out-of-sample forecasting statistics used in estimat-
ing the mddel can guide the selection of a final model. I will
use these statisticé in deciding whether to estimate a single BVAR
for the Minnesota and U.S. series or to adopt a block recursive
structure by excluding Minnesota variables from the U.S. vari-
able's equations.

Is the Model Manageable? I have now drawn up a fairly

long wish list of variables of interest and related series. It's
time to check whether my staff, my computer, and I can handle so
big a model. |

My computing resources are probably adequate. They
allow about 200 coefficients per equation. Since I am working
with quarterly data, I can probably get by with 4 lags of each
variable. (I recommend at least enough lags to cover half a year,
and preferably at least a year's worth.) This means I can put
about 50 variables in the model and still not have to exclude any
variable from any equation. If I want to experiment with 8 lags--
which might be a good idea--1 will have to cut down to about 25
variables. Even that is not very restrictive.

In this case my human resources are binding, however.
As usua;, I have not allowed enough time to prepare for this
conference. In addition, I am not-clever enough to clearly and
concisely present a large model to you as an illustration qf the
BVAR technique. As a result, I will prune my model way back. My
only variable of interest will be Minnesota nonfarm employment.

My related series will be the S&P 500 index, the interest rate on
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3 month T-bills, and GNP. All will be modeled as quarterly aver-
ages, with data since 1958. Orily GNP will be deflated. GNP and
Minnesota employment will be seasonally adjusted, buﬁ the other
two series are already yirtually nonseasonal in their raw form.

All except interest rates will be logged.

Section 2: Estimating a BVAR
As its name suggests, the Bayesian vector autoregression

procedure is motivated by Bayesian statistical theory. However,
BVAR methods do not rigorously follow Bayesian guidelines. They_
can instead be interpreted as approximations to exact Bayesian
methods.

~Without Bayesian-like restrictions, my proposed Minne-
sota model would probably be subject to degrees of freedom prob-
lems, leading to what is known as overfitting of the coeffi-
cients. With four lags of each of my four variables in each of my
four equations, plus a constant term, I would have an unrestricted
VAR (UVAR) system with 68 coefficients, or 17 per equation.
Because the right-hand side variables are the same for each equa-
tion, the theory of seemingly unrelated regression (SURE) implies
that I can optimally estimate my entire UVAR by applying OLS to
each equation separafely. .I have 119 quarters of data for each
equation, or 6 to 7 for each of the 17 coeffiqients in the equa-
tion. Those 17 coefficients are probably more than enough to fit
Quite Qell the in-sample data on Minnesota employment. In fact,
the fitted éoefficients may fit fhe data too well, in the sense
that meaningless accidental patterns in the historical time series

may strongly influence the estimated coefficients (see Todd [ 1984}
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for a nontechnical discussion of this idea). This is called
overfitting.

- A comparison of simulated out-of-sample forecasts of
this UVAR and a set of four 4-lag univariate autoregressions
suggests that overfitting is at least mild problem in the UVAR
(see Table 1). One step ahead, its forecasts for all variables
are less accurate than those of the system of univariate equa-
tions; For the national variables, this remains true at longer
horizons, and the UVAR GNP forecasts are clearly inferior. For
Minnesota employment, however, the two models forecasts are nearly
equally accurate, and the UVAR does bet;ter: at long horizons. This
reinforces the notion that national variables are important for
Minnesota forecasts.

In larger UVAR models, where the number of coefficients
grows rapidly, overfitting is more of a problem. The number of
coefficients may even exceed the number of observations.

The BVAR method is designed to offset overfitting by
imposing Bayesian prior restrictions on the coefficients. In
effect, the information that OLS extracts from the data is supple-
mented by the modeler's beliefs about the likely values of the
coefficients. For practical reasons, these prior beliefs have so
far been 1~mposed by methods that only approximate true Bayesian
procedures.

One reason that BVAR methods are only approximately
Bayesian is. that the coefficients of all BVARs to date have, I
believe, been estimated with equation-by-equation estimators

rather than system estimators. Although optimal for UVARs, single
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equation methods are suboptimal for BVARS unless the prior vari-
ance-covariance matrices of the coefficients are identical for
each equation (up to a scale factor given by the ratio of distur-
bance term variances). It is unlikeiy that é modeierfs prior
beliefs would satisfy this condition exactly, so the typical BVAR
single equation estimation procedure is inefficient.

Full system estimation of a BVAR, though efficient, is
computationally demanding. In my Minnesota model, it would in-
volve the 68 x 68 variance-covariance matrix of all the coeffi-
cients, instead of the four 17 x 17 variance-covariance matrices
of the separate equations. Some effbrts:are being made to find
efficient algorithms for system estimation of BVARs, but I am not
aware of any completed applications yet.

For each BVAR equation, the prior information takes the
form of a "known" variance of the disturbance term and a normal
distribution for the coefficients.

Though treated as known, the disturbance term variances
in the prior are usually computed from the data. [Alternatively,
Doan, Litterman, and Sims (1984) propose treating this variance as
an additional hyperparameter. ] For each BVAR variable, Doan,
Litterman, and Sims (1984) propose setting the standard deviation
6f its disturbance term to 0.9 times the standard error of the
residuals in a regression bf the Variable'on six lags of itself.
The factor 0.9 allows for a 10 percent reduction in the standard
deviation when other variables are added to the equation. All of
these standard deviations are also used in scaling the prior

covariance matrix of the coefficients of each equation. Therefore
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a standard deviation must be computed even for related series that
are not modeled with BVAR equations.

| The mean of the normal distribution of each equation's

coefficients is typically set according to the so-called randoﬁ

walk, or random walk with drift, prior. The intuition behind this

prior is that most economic serles are reasonably well approxi-

mated by a random walk around a trend.

To help capture the trend, a constant is included in
each equation. For logged variables, the constant can pick up the
trend growth rate. (As it happens, the variables that typically
have not been logged also typicallyv exhibit 1little trend.)
Usually, the prior means of all the constant terms are 2zero.
Their prior variances are usually scaled by a hyperparameter
dedicated to this purpose. ' Alternatively, their variances can be
set at a large multiple (100,000 for example) of the disturbance
term variance, to express prior ignorance about the constant term
and thereby let the data determine its value.

) To represent a discrete time random walk, the prior mean
of the coefficient on the first lag of the dependent variable is
set to 1.0. All other coefficients are given a prior mean of 0.0.

It may be more plausible that a variable behaves like a
random walk in continuous, not discrete, time. In this case the
implications of the random walk prior for the BVAR coefficients
are somewhat different. BVARS are generally fit to time-averaged
discrete data series. If the underlying continuous ﬁime version
of the variable follows a random walk, the time-averaged version

will show a more complicated pattern of lag coefficients. ([See
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Christiano and Eichenbaum (1987), pp. 75-77 and Working (1960).]
The coefficient of the jth lag of the dependent variable will have
a nonzero mean given by (1-»«::)«;'1'1 where a = v3-2. The prior means
of the 6ther coefficients in the equation remain zero, however.

Specif‘ying the prior variance-covariance matrices for
the coefficients of each equation is the heart of the BVAR method
and the core of a typical BVAR computer program. Usually the
prior VCVs are chosen from a standard family of VCVs. This fam-
ily, which is indexed by about ten so-called hyperparameters, has
gradually emerged from the work of Sims, Litterman, and Doan.
Each setting of the hyperparameters identifies a particular VCV in
this family, and thus completes the specification of the prior
normal distribution of the coefficients. Viewed another way, the
prior VCV can be written as a function of the hyperparameters (and
of the disturbance term variances). Doan, Litterman, and Sims
(DLS) have thus considerably simplified the task of specifying
prior VCVs, reducing the number of decisions from hundreds or
thousands to about ten.

The DLS family of VCVs is baséd on two simple beliefs
about t.:he coefficients of a multivariate time series forecasting
model. One is the belief that, in forecasting a given variable,
its own past values are likely to be more useful than the past
values of other variables. The other is that, for both the fore-
casted variable and the other variables used to forecast it, more
recent values are likely to be more useful than more distantly
laggéd values. In other words, our confidence that a coefficient

is nearly zero increases if the coefficient applies to a more
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distant lag or to a variable other than the dependent variable, as
indicated in Figure 1.

These two simple beliefs are expressed by means of two
or three hyperparameters. One, which I will call DAMP, controls
the rate at which the prior variances shrink toward zer6 as lag
length increases. This is generally done by making the prior
variances of coefficients on jth lags proportional to either
J’DAMP or DAMP(J‘1). Although the most prominent BVAR software
package (RATS, by VAR Econometrics) has a built in facility for
varying DAMP (which it refers to as the lag decay parameter), in
many applications the formula J'1 is used.

Two other basic hyperparameters govern the relative
prior variances of coefficients of own lags (lags of the dependent
variable) versus coefficients of cross lags (lags of other vari-
ables). Own lag variances are all scaled by the hyperparameter
DLS call r4, and cross lag variances are all scaled by the hyper-
can strongly affect the fore-

parameter they call =« X and «

2°

casting performéhce of a BVAR.

2

Over the years, the DLS family of VCVs has been refined
by the addition of more hyperparameters. The prior variances of
the constant terms, for example, are scaled by a hyperparameter

they call « Other hyperparameters influence the time variation

3°
of the coefficients ('7"8)’ the sum of the coefficients ('6)’ and
relative variances among the cross variables ('R)'

Although DLS have taken us a long way toward specifying

a prior VCV for our coefficients, it is usually the case that even

experienced BVAR modelers cannot pick a setting of the hyperparam-
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eters that adequately represents their beliefs. In fact, most of
the easily agreed to characteristics of a prior VCV are common to
all members of the DLS family; and DLS focus attention on the
hyperparameters partly because they index the remaining uncer-
téinty about the nature of the prior. In Bayesian terms, the
prior distribution of the coefficients is a mixture of nortﬁal
distributions, and the hyperparameters index the family of normal
distributions in the mixture. (More correctly, the distribution
of the coefficients is a mixture of conditional normal distribu-
tions, each conditional on the assumed variance of the equation
disturbance term.) A Bayesian could broceed by expressing a
fairly flat prior distribution over the hyperparameters, computing
the implied mixture of coefficient distributions, and using that
mixture to specify the prior VCV of the coefficients.

This fully Bayesian approach has never, as far as I
know, been implemented. Instead DLS have suggested a procedure
for using the historical data to select a particular set of hyper-
paraﬁeters (and thus also a particular VCV for each equation).
This procedure appears to be contradictory. A prior is the dis-
tribution the modeler believes before examining the data, so how
can the data be used to pick the prior? Strictly speaking, they
cannot. However, under certain conditions, this data-based method
for selecting a prior is Jjustified as an approximation to the
Bayesian mixture-of-distributions procedure outlined above (see

the Appendix).
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The key ingredient in the DLS procedure for selecting a
set of hyperparameters is realistic simulation of the model's out-
of-sample fbrecasﬁing performance. A set of hyperparameters is
choseh. Then the model is estimated, using Kalman filter tech- .
niques to incorporate the prior associated with those hyperparame-
ters, through a startup date. A forecast is made from that date
and compared to the actual data to compute its forecast errors.
The Kalman filter is applied again to update the estimates of the
coefficients with data through date startup plus one, and the
forecasts and fbrecast'errors for that date are computed. This
continues until the end of the historical data are reached. The
whole procedure is then repeated for many other settings of the
hyperparameters, so that each hyperparameter setting has a simu-
lated forecasting track record. The setting with the best track
record wins. That is, its prior is singled out and used to esti-
mate the final forecasting model.

A critical aspect of this procedure, obviously, is
deciding which forecasting track record is best. Several crite-
ria, or metrics, have been proposed and used, including minimiza-
tion of the log determinant of the VCV of the simulated one-step-
ahead forecast errors and minimization of weighted averages of
root mean squared forecast errors one or more steps ahead. The
choice of a criterion is to some extent problem specific and could
be based on the modeler's forecast error loss function. In my
Minnesota model, for example, I could focus on my variable of
interest, using as my criterion the root mean gquared error of

one-step-ahead forecasts of Minnesota nonfarm employment.
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However, the criterion that is most consistent with the
notion that BVAR methods are approximately Bayesian is maximiza-
tion of the quasilikelihood statistic proposed by Doan, Litterman,
and Sims (1984). For any given equation, maximizing this statis-
tic is equivalent (under certain assumptions) to minimizing a
weighted sum of the out-of-sample one-step-ahead forecast errors,
with weights that are inversely proportional to the conditional
forecast error variances. An equation's forecasting performance
thus depends both on its model's accuracy and on its model's
ability to detect when forecasts are subject to abnormal uncer-
tainty. An analogous statistic could be éompul:ed for the model as
a whole if efficient system Kalman filtering algorithms were
available. Since these algorithms are not available yet,' a mod-
el's forecasting performance (that is, its performance under a
given set of hyperparameters) is ranked by summing the quasilike-
lihoods of its individual equations. This is the criterion I will
use to select hyperparameters for my Minnesota model.

The remaining task--searching for a set of hyperparame-
ters that optimize the criterion--is computationally intensive.
Even if the final model selected will be small enough to estimate
and use on a microcomputer, it is helpful to use a mainframe at
this stage. This is especiélly true if the number of hyperparame~
ters is large, say 5 or more.

The computational burden of hyperparameter search de-
pends on two factors, the number of hyperparameters to be picked
and the computational complexity of computing out-of-sample fore-

casts for a given set of hyperparameters. The latter factor
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depends primarily on the number of coefficients per equation and
the length of the historical. period over which out-of-sample
forecasts will be computed. The -former factor determines the
dimension of the space to be searched. This is important because
it can rule out a nearly surefire method of optimizing the criter-
ion--checking all hyperparameter settings on a fine grid that
encompasses éll reasonable values. For example, five hyperparame-
ters and 5 grid points for each implies a grid with 55. or 3125,
settings of the hyperparameters. Except for small models with
short out-of-sample forecasting periods, checking all of those
hyperpax;ameter settings would require .hours--possibly days--of
mainframe CPU time. Similarly, computational burdens also limit
the possibilities of computing the ‘numerical derivatives needed
for hill-climbing algorithms.

With grid search and hill climbing effectively ruled
out, two alternatives have generally been used. The most common
procedure is sometimes referred to a axial search. The modeler
takes an initial guess at the optimal setting of the hyperparame-
ters. Then a grid of settings of the first hyperparameter is
searched, holding the remaining hyperparameters fixed. The best
poisnt in this grid is used to pick the optimal value of the first
hyperp.ara.meter. The procedure is repeated for each hyperparameter
in succession, always with the other hyperparameters held con-
stant. A grid of 5 points for each of 5 hyperparameters thus
implies 25 points under axial search, rather than 3125 under a
multidimensional grid search. And if the criterion is a fairly

smooth symmetrical function of the hyperparameters, axial search
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will get close to the optimal setting of the hyperparameters.
(See Figure 1.)

In general, however, axial search can go astray, as
" illustrated in Figure 2. As the figure suggests, it may be valu-
able to do several axial searches, varying the order in which the
hyperparameters are searched. Table 2a shows the differences
between 2 axial searches over 10 hyperparameters for the l-lags
version of my Minnesota model. -The first search, leading to Model
1, ends with fairly typical optimal hyperparameter values (though
the hyperparameter on the variance of the constant term is some-
what low). The search leading to Modél 3, over a different
ordering of the hyperparameters, leads to a lower likelihood and
somewhat unusual degrees of time variation, decay of coefficients,
and tightness on sums of coefficients.

Sims (1986) has recently proposed an alternative search
procedure. First the criterion is evaluated on a small grid (up
to 50 points) of the hyperparameter space. Then Bayesian proce-
dures and some assumptions about the rate of change of the criter-~
ion function are used to interpolate the value of the function for
any other hyperparameter setting. These interpolations are not
computationally expensive, so a hill climbing routine can be used
to find optimal hyperparameter settings for the interpolated
function.

Tables 2b-2d show that all three BVAR models achieve
better performance statistics for Minnesota employment than the
univariate and unrestricted VAR systems, at least one year

ahead. Results for the national variables are less clear. One
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step ahead, the BVAR models general forecasted more accurately
than the univariate and unrestricted VAR models. At longer hori-
zons, however, BVAR Model 1 is déminated by the univariate model
and, fpr TBILL, by the unrestricted VAR. Model 2, which had the
highest likelihood, fared better. It almost uniformly forecasted
better than the univariate and unrestricted BVAR models. (I also
estimated 8-lag univariate and unrestricted VAR models. The
former performed about the same as its #4-~lag counterpart. The
latter performed much worse than any model shown here.) Based on
its higher 1likelihood and overall superior forecasting perfor-
mance, Model 2 is my choice as the best fofecasting model.

The optimal hyperparameter settings from the axial
search reported in Table 2a were used to estimate the Minnesota
BVAR models 1 and 2. I am now ready to use them, especially model
2, for forecasting my variable of interest. Table 3 shows the
results, under two assumptions. Wléh data only through the third
quarter of 1987, both models forecast strong GNP and Minnesota
employment growth ahead. When preliminary estimates of fourth
quarter average stock prices and interest rates are added to the
data (to reflect October's stock market crash), the models fore-
cast an immediate but brief downturn in GNP and a slowdown in
Minnesota employment growth.

My model is up and running, and my discussion of imple-
menting Bayesian vector autoregressions would now have to turn to

applications. Perhaps another day.
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Footnotes

“This paper dbes not.focus on other topies related to
BVARs, such as their cdnceptual motivation [see Doan, Littermaﬁ,
and Sims (198%) or Todd (1984)]; their forec#sting performénce
[see Litterman (1986a) and McNees (1986)], or their use in resolv-
ing questions concerning economic structure or policy [see Sims
(1982,1986,1987), Litterman (1985), Cooley and LeRoy (1985),
Runkle (1987), and the references within these articles].

*This assumes that the unknown underlying structure of
the economy will not change through the forecasting period (or, in
the case of a time-varying coefficients model, will continue to
evolve as it has in the past). This may ﬁob be a good assumption
in the case of the 1987 stock market crash, which may very well
induce new private sector strategies and public sector regula-
tions. In addition, the mere size of the crash itself may‘be
inconsistent with the stochastic structure of many models.

3However, in countries where interest rates have taken
on more extreme values than in the U.S., the log transformation
may be more useful and has the advantage of capturing the multi-
plicative relationship between interest rates and asset values.

“There is a long literature on optimal interpolation of
economic time series. One early BVAR modeler, Robert Litterman,
made extensive use of interpolated NIPA data to build a monthly
model of the U.S. economy (Litterman 1984). His interpolation
method (Litterman 1983) generalizes the earlier methods of Chow

and Lin (1971) and Fernandez (1981).
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Samirizadeh (1985) describes many examples in which
series both inside and outside the model are used to interpolate

data from a quarterly to a monthly level.
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Appendix:

A Bayesian Interpretation of

Searching Over Hyperparameters

The following is patterned after the discussion in Doan,
'Litterman, and Sims (1984). I am responsible for any errors.

Suppose the data y are conditionally distributed with
density function p(y}e), where @ is a vector of coefficients. If
we can then specify a prior density q(8) for these coefficients,
we can form the joint density p(y|e)q(8) of the data and coeffi-
cients, calculate the -likelihood functién by plugging observed
values of y into p, and apply Bayes's Rule to get a posterior
p.d.f. for 6. This is the standard Bayesian approach.

Suppose now, however, that our prior for 8 can be writ-
ten as a function of a smaller set of parameters x, so that
q1(8|1) represents our prior p.d.f. for 6, conditional on the
vector x. Suppose further that we are unsure of our beliefs about
x, holding the prior p.d.f. qa(w). Then our prior p.d.f. for @ is
actual a mixture of p.d.f.s of the form q1(elw), where ;he mixture

is formed by weighing q1(e|r) by qy(x) and integrating, or
a(e) = fq,(8]|m)qy(n)dx.

We are free to formulate our prior for 8 in this way and then
proceed as above. |
Alternatively, suppose we leave q, unspecified and
regard y and 6 as conditionally (on =x) Jjointly distributed as
p(yle)q1(e|:). If we integrate 6 out, we obtain m(y|s), the

marginal distribution for y conditional on . For a fixed data
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vector vy, m(y|w) plays the role of a likelihood function for =.
And, if we know our prior distribution for w» is relatively flat in
the region where m(y|w) is large, we can say, even Qithout speci-
fying anything more ;bout.our prior for =, that our posterior for
x is roughly proportional ﬁo the "likelihood" m(y|w). Our poste-
rior for 8, in turn, is a weighted average of those obtained (by
the usual Bayesian methods) conditional on values of =, with
weights given by the posterior on » and hence also roughly propor-
tional to m(y|w).

This process of weighing the conditional posterior for @
by m(y|u) has never, to my knowledge, beeﬁ carried out by a BVAR
modeler. Instead, the value »* which maximizes m(y|[r) has been
found (at least approximately), and the posterior value 6* for @
conditional on =»* has been computed and used as the fitted coeffi-
cient vector. On the surface, this is a procedure for using the
data to select a prior and is fhus not Bayesian procedure. How-
ever, if the likelihood for w, m(y|w), is large only within some
region P (and falls off rapidly elsewhere), and if the posterior
for @ conditional on = is not very sensitive to variations of =
within P, then the difference between 6* and true posterior value
of 6 formed by weighing conditional posteriors for & by m(y|n)) is
small. In this sense, picking »* and computing 8* can approximate
the true Bayesian flat-w-prior estimate of 6. At least in some
well-known examples of BVAR models [Déan, Litterman, and .Sims
(1984)] the conditions for approximate optimality of é* appear to
be met. Estimating BVARs by picking optimal hyperparameters in
this way to some extent implies a belief that these conditions are

not too seriously violated.
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TABLE Ae:

ForecAsTG PeRFoRmANCE oF SysTeM
oF HLAC UNIVARIATE EQUATIONS

© ——

FORECAST STATISTICS FOR SERIES

STEP MEAN ERROR MEAN ABS. ERROR’ RS ERROR )
1 0.4412919%-02 0.42502138€-01 0.56529307€-01
2 0.90060410E-02 0.76055179€-01  0.97561945E-01
3 0.13454169€-01 0.103448% © 0.12923917
4 0.16141430E-01 . 0.12081456 0.15058548
§ 0.18712443€-01 0.13713138 0.17071071
6 0.21700713E-01 0.14384193 0.18911620
7  0.24127009€-01 0.15938954 0.20380418
8  0.24719777€-01 0.16682311 0.21228678
9 0.24937701E-01 0.17093978 0.21570405
10 0.25664570€-01 0.17%03987 0.22225952
11  0.27211717¢-01  0.18355103 0.22022183
12  0.20204854£-01 0.183627% 0.23081953
FORECAST STATISTICS FOR SERIES TBILL 2
STEP MEAN ERROR MEAN ABS. ERROR RS ERROR
1 ~0.10744089€-01 0.63635907 0.99507047
2 -0.204231238-01 1.1173874 1.594597%
3 =0.46950444E~01 1.3271041 - 1.8077188
4 ~0.70139866E~-01 1.5833610 2.0769228
B -0.94756936€E-01 1.8466537 2.3556417
é -0.11252579 2.1243604 2.6516255
7 -0.11957813 2.4048976 2.9585040
8 -0.12470743 2.5288659 3.0916833
9 -0.13603401 2.5632543 3.1929793
10 -0.143819%2 2.7354623 3.37%%09
11 -0.14543923 2.8960808 3.5406308
12 -0.1450339% 2.9584100 5.6232216
FORECAST STATISTICS FOR SERIES oNP 3
STEP MEAN ERROR MEAN ABS. ERROR RIS ERROR
1  0.17570410E-03  0.77680320E-02 0.96777363E-02
2 0.39077426€-03 0.12310705E-01  0.15663106£-01
3 0.61226834E~03  0.17298338E-01  0.21433504£-01
4 0.805%A19€-03 0.20828069€-01 0.26260504E-01
5 0.809%2953E-03 0.25027544E-01 0.307631467E-01
6 0.916576S57E-03  0.28125063E-01 0.34389082€-01
7  0.95143430E-03 0.31414%46£-01 0.37761297€-01
8 0.71383881E-03 0.34583572£-01 0.40548729€-01
9 0.32904849E-03  0.36884651E-01 0.42487490€E-01
10 -0.71850752€-04 0.3601611056-01 0.43948990€-01
11 <~0.478467238E~03 0.39811195€-01 0.4521827B£-01
12 -0.92070822E-03 0.40445501€-~01 0.46587041E-0)
FORECAST STAVISTICS FOR SERIES EMPYINS L
STEP MEAN ERROR MEAN ABS. ERROR RMS ERROR
1 0.10791717€-02 O0.5367B99%E-02 0.64562705E-02
2 0.24459%44E-02 0.10040400E-01  0.13116163E-01
3 0.38900519€-02 0.164502326-01 0.19579521€-01
4 0.52632735E-02 0.21999314£-01 0.25701500€-01
5 0,.65432795€-02 0.27043109%€-01 0.31326160€-01
é 0,.77087125E-02 0.31471260E-01 0.363923467€-01
7 0.89933405E-02 0.35636953E-01  0.40921063E-01
8  0.10109570E~+01 0.389%46145E-01 0.44899233E-01
9 0.11226806E-01 0.41347767€-01  0.48200264E-01
10 0.12254824£-01 0.43229375€-01 0.50970997E-01
11  0.13223554€-01 0.44512279€-01 0.53262564E-01
12 0.14222564E-01  0.45344438£-01 O.552056882£-01

CURRENT VALUE OF THE METRIC IS

-592.0565842

STOCXS 1

THEIL U
0.91949525
0.95162243
0.96814327
0.96612738
0.964600106
0.96774T44
0.97004361
0.97025187
0.95989219
0.95251589
0.94390414
0.92956019

THEIL U

.0.97783%79

1.0338853

. 1.0209214
- 1.01784%
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1.0367232
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THEIL U
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0.67236302
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THEZIL ©
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0.46719%097
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0.64370795
0.62860079
0.61195880
0.5%425100
0.57681050
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FORECAST STATISTICS FOR SERIES

STEP

FORECAST STATISTICS FOR SERIES

SONENIWNM

STEP

FORECAST STATISTICS FOR SERIES

SONETNIPNNM

10
11
12

STEP

FORECAST STATISTICS FOR SERIES

BB NENSWUN -

10
1
12

sTEP

PONSOMIPUNM

MEAN ERROR MEAN ABS. ERROR

0.646%4356E-02
0.17736743E-01
0.26725381€-01
0.31752133E-01
0.38491230€-01
0.48161679€-01
0.57521604€-01
0.64125931E-01
0.683509%46€-01
0.69878834E-01
0.691219%5€-01
0.650540825€-01

0.56751922€-01
0.10303019
0.133669%0
0.15047637
0.16913933
0.1850%41
0.1%62892¢
0.20885106
0.22064346
0.23570159
0.251%1640
0.27150708

MEAN ERROR MEAN ABS. ERROR

-0.70387%02E-01
-0.133417%
-0.14002256
-0.14276755
-0.16651768
-0.17%0173
=-0.154871%
-0.85740554E-01
=-0.17771405€-01
0.74239393€-02
0.18554165€-01
0.53176012E-01

0.72140918
1.25869%61
1.4172188
1.5%66581
1.8768557
2.1436248
2.25138%
2.3709643
2.4230443
2.46428%
2.5397%8
2.5657213

MEAN ERROR MEAN ABS. ERROR

0.81345505€-03
0.15835237€E-02
0.26956973€E-02
0.41698089E-02
0.57661137€-02
0.72477327€-02
0.85765682E-02
0.10053677E-01
0.11360671E-01

0.12129087€-01
0.11529283€~01
0.99343588£-02

0.92385880£-02
0.14849571E-01
0.20600086€E-01
0.27198716E-01
0.33522560¢-01
0.394464848E-01
0.44988504E-01

MEAN ERROR MEAN ABS. ERROR

0.14234481€-03
0.41956444E-03
0.61662920€-03
0.13690653€-02
0.22083735€-02
0.20418103E-02
0.326466174E-02
0.34885120€-02
0.3752082084€-02
0.38819301€-02
0.30685420E-02
0.12844247E-02

TeILL

STOCKS 1

RItS ERROR
0.69585327€-01
0.12422263
0.162934%8
0.18640531
0.21208120
0.23810691
0.25839812
0.27720111
0.297400%
0.31640937
0.34551420
0.38216381

2
RMS ERROR
1.0716148
1.7903711
1.955228¢
2.2257%4
2.5755833
2.8387486
3.0805749
3.1562491
3.1791546
3.2862272
3.3671545
3.3852398

3
RMS ERROR
0.12096472E-01
0.19575%%4E-01
0.27233923€-01
0.35305520€~-01
0.4358375%-01
0.52031886E-01
0.41003090E-01

0.51197739%€-01 0.71922229€-01
0.5916435%-01 0.84437222E-01
0.66671978E-01 ©0.99412117€-02
0.7447686%-01 0.11703721
0.82881626E~01  0.13764736
EMPYIINS 4

RMS ERROR
0.52966308E-02  0.66608800E-02
0.94588151E-02 0.11549874E-01
0.13785369€-01  0.16687664E-01
0.1889%4005E-01 0.23195708€-01
0.26¢733789E-01 0.30678605€-01
0.30665487€-01 0.38385592€-01
0.36326160€-01 0.463%6025€-01

0.41518127E-01
0.47676737€-01
0.54361450E-0)1
0.61980576E-01
0.70609216€E-01

CURRENT VALUE OF THE METRIC IS
€55.9263719
NOTE THE LODP HAS ENOCED AND THE PROGRAM SHOULD NOK END NORMALLY

HE LOOP MAS ENDED AND THE PROGRAM SHOULD NOW END NORMALLY

0.55188549€-01
0.65189030€E-01
0.778587464E-01
0.73047568E-01
0.11062038

THEIL U
1.1318620
1.2115443
1.2205619
1.195%405
1.2001043
1.2184432
1.2298735
1.266%414
1.3234468
1.3560047
1.4290144
1.5390564

THEIL U
1.0530586
1.1608187
1.1042287
1.0908077
1.1116128
1.0893064
1.0757852
1.0589130
1.028%%8
1,0080531

0.99134204¢
0.97586300

THEIL U
0.97586126
0.90445033
0.88943473
0.90394785
0.92579270
0.95260343
0.98469321

1.0464472

1.1267072

1.2265571
1.3435645
1.47644456

THEIL U
0.64929233
0.56236933
0.57245198
0.60882095
0.658099%8
0.70156186
0.74304459
0.79122304
0.85001766
0.93477387

1.0381327

1.1530849
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Table 2b

Forecasting Performance of BVAR Model 1

0.964579%428-02
9.22915027€-01
$.37016104£-01
0.49081095E-01
.40568702E-01
9. 71452074E-01
6.88870301E-01
0.0802636%€-01
0.99479909E-01
0.10122276

0.10054837

0.11542238

0.4142707%-01
0.75341238E-01
0.10077463
0.11945865
0.13870431
0.15374952
0.16554578
0.17331010
0.17740%64
6.18107277
0.18970026
0.1956254S

MEAN ERROR MEAN ABS. ERROR

—0.46625T2726-01
-0.132082465
-0.18719%414
-0.16117597
~0.20117781
-0.19145483
-0.16544 901
-0.15550373
—0.16695345
-0.1301623¢
~0.10348479
0. T6TRATCAE-01

9.64805951
1.1374443
1.3765310
1.5773181
1.8056276
2.0679167
2.3409%443
2.5676163
2.6407432
2.8240013
2.9999127
3.1334149

MEAN ERROR MEAN ABS. ERROR

-0.6A374095E-03
—0.12042653E-02
-0.12448121E-02
~0.97842509E-08
~0.42922274£-03
0.36377118E-03
0.13903%903€-~02
9.22722351€-02
0.33118754E-02
0.45271268£-02
0.5é%02127E-02
9.679371708-02

0.79779010€~02
0.1227148%-01
0.17096211£-01
0.22166438E-01
0.26643925E-01
0.30551046E-01
0.351034609€-01
0.39164592€-01
0.44512570€-01
0.497672658-01
0.54906141E-01
0.60463561E-01

MEAR ERROR MEAN ARS. ERMOR

~0.49038206£-03
~0.11091416E-02
~0.14445603E-02
~0.171BT4ASE-02
~0.1829619%€-02
~0.16720967E-02
~0.10286120£-02
~0.420423408 03
9.536A5T705E -03
8.16083528E-02
9.16489130E-08
9.37500124£-02

0.38385829E-02
0.74209933E-02
9.109004238-01
0.155421464€-01
0.207653616-01
§.25839602£-01
0.350648495E-01
6.35660001E-01
9.395222258-01
9.43050071£-01
9.47376026£-01
0.851762176£-01

TSILL

STOCKS 1

S ERROR
0.550044688 -01
0.94585%5E-01
0.12506047
0.14576003
0.16640435
0.18655456
0.20355499
0.21617059
0.223301%
0.23256063
0.24344236
0.25367343

2
1S ERROR
1.0024518
1.6338256
1.8100663
2.0916440
2.4156204
2.7231637
3.11754S59
5.3218587
3.4365845
S.4683521
3.0970086
4.01146873

3

RS ERROR

0.98313782E-02
0.15022276£-01
0.20820094£-01
0.26025275E-01
0.31549552£-01
0.36660200E-01
0.41922074£-01
0.47713133£-01
0.53332177€-01
0.59664058E-01
0.6618265%-01
0.73629265E-01

aenes .

RS ERROR

0.47657412£-02
0.91212427E-02
0.13522790€-01
¢.18689575E-01
0.242364115-01
0,.29645824£-01
0.350206746£-01
0.40454M0E-01
0.45409275E-01
0.50102¢9£-01
9.55096144£-01
0.600927128-01

THEIL U
0.6%02627
0.922497467
0.94201814
0.93529455
0.94163243
0.954638%
0.96885754
0.90803932
0.99370323
0.99%674804

1.0068548
1.0211961

THEIL U
0. 90509333
1.0593197
1.0226%09
1.0250639
1.0625760
1.0049609
1.0887030
1.1144729
1.1122689
1.1252642
1.1473372
1.15644%

THEIL V
0.793128%
0.6%406116
0.67996502
0.66634032
0.67016582
0.671178%
0.67670621
0.6%4211%
0.711649%
0.73614140
0.75976406
9.78976829

THEIL V
0.4665066%
0.45991254
0.46300446
0. 49054787
0.51990571
0.54181237
0.56006837
0.57999134
0.59210400
0.60163155
0.461449710
0.6269%6127

”
”
”
n
0
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Forecasting Performance of BVAR Model 2

Table 2¢

MEAN ERROR HEAN ABS. ERROR

8.220867626-02

0.31050540€ -02

0.11514%6£-02
~0.45228548E-02
-9.11277948€-01
~9.166686904£-03
=0.269241%£-0)
—0.36636097¢€-01
~0.46038554E-01
-0.567313646E-01
~0.66116721€-01
—0.789709756-01

=0.16492653£-02
0.17478035€-01
0,670844005-01
9.121%4619
0.10567637
0.264477%8
0.34042350
0.408828012
0.47063532
0.65300760
0.63677045
0.71548312

MEAN ERROR MHEAN ABS. ERROR

0.11946314E-03
0.22709227€-03
0.44770294E-03
9.50809497E-03
0.31461501€-03
0.20589%413E-04
-0.40121485€-03
-0.12175093E-02
=-0.22155679€-02
-0.3199%0707E-02
~9.42341200€~02
-0.53656837€-02

9.17109189€-02
0.39%0%078-02
C.60733AT2E-02
8.1002406 7E-Q)
0.13231756€-01
0.165958 7401
9.19977011£-01
9.251367028-01
0.26300392¢-01
0,294242138-01
9. 32534442601
0.3566A 783501

AHS ERROR
0.42061257€-01  0.557673526-01
0.75705907€-01 0. 95092680€-01
0.99360847E-01  0.12482402
0.11010722 0.14087597
0,1229%07 0.156846149
0.13415047 0.17220939
0.144601013 0.18572286
0.153872% 0.19664402
0.16023759 0.2027940%
0.16760003 . 0.21035922
0.17109914 0.21814299
0.17690728 0.22369056

TBILL 2

AMS ERROR

9.63847701 0. 96049039
1.10227%0 1.5295039
1.2430841 1.6536204
1.4434583 1.9036699
1.6671164 2.1636558
1.9%470373 2.4374892
2.1750300 2.7405140
2.2568759 2.9055395
2.5317609 2.9768709
2.4726919 5.3269580
2.6160178 5.2066774
2.7045816 3.3794420

-4 3

RS ERROR
0.75046571E~02  0.96080025¢~02
0.11573013E-01  0.14%43110€-01
0.16283800€-01  0.20675239%-01
0.20209497E-01  0.25525459%€-01
0.24194079€-01  0.29988990E-01
0.27635083E-01  0.33578184£-01
0.30892641E-01  0.367709%8£-01
0.33500818E-01  0.39440695E-01
9.353523026-01  0.41112388£-01
9.37023205€-01  0.42722974E-01
0.38577541E-01  0.44125157£-01
0.39503988E-01  0.45586761€-0)

ENPTINNS 4

NS ERROR
0.435073306-02 0.53161074E~02
0.67830036€-02  0.10600580€-01
0.13618%09€-01  0.16379234E-01
0.19389729%-01  0.22963272¢-01
0.25262979-01  9.297T066A1E-01
0.31109004E-01  9.346304747€-01
0.34944195E-01  0.42601706E-01
0.410413102-01  0.482037266-01
0.062687538-01  0.53197008€-0)
VANISATE-01  §.574700802-01
0,.527649028-01  0.61303317%-01
0.55ABEZ9E-01  0.6A76A4STE-0L

THEIL U
0.90710142
0.927439%7
0.93506897
9.%0383308
0.88763245
0.60123173
0.6839%222
0.89076613
0.90264214
0.90151592
9.902219%01
9.90085028

THEIL U
0.94386636
0.99168087
0.93389326
0.93294236
0.%4245029
0.93533204
0.35703056
0. 97480058
0.96412692
0.95919717
0.96705952
0.9741%167

THEIL U
0.77510846
0.69040351
0.67523418
0.65354325
0.63701684
0.61475176
0.59354570
0.57385045
0.54859245
0.52712053
0.50654823
0.488%76A8

THEIL U
0.51021378
0.53450026
0.56187163
0.60324510
0.63810603
0.66351198
0.68227757
9.69223035
0.49565035
8.689%692
0.683%17¢
0.67570260
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Table 2d

Forecasting Performance of BVAR Model 3

MEAN ERROR MEAM ABS. ERROR

0.358410865€-82
0.7014533% -02
0.92034583€-02
0.95860105€-02
0.1063025%-0L
0.119%8344£-0)
0.12352147€~01
0.110764612€-01
0.92638314€-02
0.753343083E-02
0.59935856€-02
8.365104448-02

MEAN ERROR MEAN ABS. ERROR

~0.41453112€-01
—0.8199%515¢-01
—0.96030376E-01
=0.11252442
-0.11541352
“0.96483139%€-01
-0.7492539%-01
~0.55075583E-01
-0.293%955E-01
0.70367229%€-02
0.509%8545€-01
0.93502966£-01

MEAN ERAOR MEAN ABS. ERROR

=0.6070431%-03
-0.1345100% -02
~0.19275345E-02
+0.25165850E-02
-0.31186671€-02
-0.36654863€-02
-0.420629020€-02
~0.52161970E-02
~0.62393715€£-02
-0.734650386-02
~0.07215344E-02
~0.10336060€-01

STOCXS 1
RS ERROR
0.43619%41€-01  0.55569037€-01
9.76614110€-01  0.9572128%-01
6.l0287171 0.12703585
0.119%08588 0.14613505
0.13571973 0.16582809
0.14836693 0.18578172
8.15846075 0.19714%6
0.16263327 0.20623418
0.16770%9 0.21042021
0.16800470 0.21498613
0.17423073 0.22132618
0.17841622 6,22663072
BILL 2
#1S ERROR
0.64017480 0.9735867¢
1.13%53¢ 1.5930433
1.367920% 1.7882523
1.584131¢6 2.0644306
1.8382827 2.3381579
2.09285% 2.578%40
2.2902063 2.8535669
2.3617607 2.500%86
2.3676690 3.032087%
2.4539561 3.1106811
2.5182793 3.1910632
2.5722453 3.2201564
o 3
RS ERROR
0.77246191E-02  0.95%1844E-02
0.11333701E-01  0.14273644E-0)
0.15273835E-01  0.19227774£-01
0.183719%9%-01  0.2317926%-01

0.21601440E-01
0.24334274€-01
0.271084206€-01
0.29454862€-01
0.31473511€-01

MEAN ERROR MEAN ABS., ERROR

0. 54595288 -03
0.1277TOSAE~02
0.22617341€-02
0.321556990E~-02
0.41151689%€-02
0.51190481£-02
0.616168658-02
0.70654911€-02
0.80697252€~02
0. 8M0T6AE-02
0.96242604E-02
0.10233763€-01

0.271089%48E£-01
0.30872252€-01
0.335809%45€-01
0.3703670SE-01
0.399TM1ME-01

0.34458918€-01 0.43510503E-01
0.37332458E-01  0.471084468E-0)
0.39937584E—01  0.50044328E-01
EHPYIINS “
RNS ERROR
6.30844228E-02 0.487613726-02
0.76160731€~02  0.926634%0€-02
0.11106328€-02  0.13648943€-01
0.15303982£-01  §.16582437¢-01
0.194850012-01 0.23$97397€-01
0.23722275€-01  0.10420107¢-0)
0.27000767E—01  0.33200904E-01
0.32061078€-01  0.37841634E-01
0.35857706€-01 0.42040031€-01
0.30812914€-01  0.45975726£-01
0.41936904€-01  9.49987659%-01
0.44386500€-01 O.F3757773E-01

THEIL U
0.%0387568
0.93357049
0.95163204
0.93757428
0.93837175
0.94004977
0.93837011
0. 94258861
0.93637889
0.92134504
0.91530437
0.9126%0%2

THEIL U
0.97638176
1.0320778
1.0099275
1.0117273
1.0091408
0.98%1215
0.9%51044
1.0001001
0.96135074
0.95420421
0.939% %04
6.93058057

THEIL U
0.77415521
0.65%7277
0.6279%6131
0.59347237
0.57583987
0.55605732
0.54205333
0.53887311
0.53348471
0.53683714
0.54079605
0.54537063

THEIL U
0.47532011
0.46722911
0.46821335
0.40774104
0.50619773
0.519410%
0.53172282
0.54252509
0.540171851
0.551% 548
0.55771506
0.56006738
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Table 3

Forecasts of Growth Rates for GNP and Minnesota Employement

GNP MINNESOTA NONFARM EMPLOYMENT

With Additional Data _ With Additional Data

With Data Through on Stock Prices and With Data Through ‘ on Stock Prices and

87:3 only T-Bill Rates of 87:4 - 87:3 only T-bill Rates for 87:4

Model 1 Model 2 Model 1 Model 2 Model 1  Model 2 | Model 1 Model 2
87:4 4.7 .5 1.1 12.0 3.6 3.5 4.5 4.0
88:1 4.y 4.2 2.4 0.9 3.6 3.5 v 2.1 1.7
88:2 3.6 2.9 2.5 0.4 3.7 3.1 1.4 0.7
88:3 3.0 1.7 3.7 1.1 3.5 2.2 1.7 -0,1
88:4 2.7 1.1 5.2 1.9 3.1 1.5 2.8 0.2
89:1 2.5 1.3 5.5 " 3.6 2.8 1.2 3.7 1.5
89:2 2.4 1.5 5.0 4.5 2.6 0.9 4.0 2.5
89:3 2.3 1.8 4.3 4.y 2.4 0.9 4.1 3.1
89:4 2.3 2.2 3.8 3.9 2.3 1.0 §.0 3.1



Coefficients on Coefficients on

Dependent Variable Other Variables
00 10 Y . 10
Lag 1 Lag1
Lag 2 Lag 2
Leg 3 Lag 3
Lag 12 Lag 12

1.0 10

Fig. 1. A schematic representation of the prior.
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rammias Laneu (var Ecorrmermcs
‘ﬂ: RCPROGU rrrsanoz 2

wun ESTIMATES HYPERPARAMETERS FOR MODEL MITH MN NONFARM EMPLOYMENT,

wen REAL GNP, SZP 500 INDEX, ANO INTEREST RATE ON 3 MONTH T-BJLLS.

.

sun FILE RSTS.IMRMT.BNDECST SHOULD BE ON TAPE 1 fff1!

L. ]

BMAINOPRINT ) COMPILE 4000

BMA(NOPRINT ) GLOBAL 500

CHECK{NOTRACE } UNOEFINED

CAL 55 1 ¢

IEVAL FOREC=0

TEVAL ULAGS = ¢

IEVAL NVARS = 4

IEVAL NENDOG = 4

IEVAL NEXDG = NVARS-NENDOG

IEVAL CALBEG = (55,1)

IEVAL DBEGC = (58,1)

IEVAL ENDDATA = (87,3)

IEVAL CALEND = ENDDATA+18

IEVAL BEGTHEIL = DBEG+24

IEVAL FH = 323% FH IS FORECAST HORIZON IN THEIL STATS

»

# THIS BLOCK OF STUFF USED IN COMPUTING A FORECASTING METRIC

EVAL METRIC = 0.0

EVAL OMETRIC = 100000.0

DEC SYMM VCVA(4,4)

»

DEC RECT FF

DEC INDEX HYPORD(10)

INPUT HYPORD

21910758436

DEC INDEX HYPDIM(10}

INPUT HYPOIM

56565586510

DEC VEC VCROSS(10)

INPUT VCROSS

0.01 .00001 .000% .00 0.1 0.5 1.0 0.0 0.0 0.0

DEC VEC VOWN(10)

INPUT VOHN

0.1 .0001 .001 .01 0.05 .1 1.0 10.0 0.0 0.0

DEC VEC VTVAR(10)

INPUT VTVAR

.000001 .00000001 .0000001 .00001 .0001 .00001

.0001 .001 .01 .1

DEC VEC VSUM(10)

INPUT VSUM

10. 1.0 100.0 500.0 1000.0 10000.0 10000.0 100000.0 0.0 0.0

DEC VEC VTITE(10)

INPUT VTITE

5.0 0.01 0.1 10.0 100.0 5.0 10.0 100.0 0.0 0.0

DEC VEC VWT(10)

INPUT VWT

1.0 0.001 0.01 1.0 3.0 6.0 10.0 0.0 0.0 0.0

DEC VEC VCON(10)

INPUT VCON

10000 0.00% 0.01 1.0 10.0 100.0 1000.0 100000.0 0.0 0.0

DEC VEC VDECAY(10)

INPUT VDECAY

1.0 .9 .95 .99 .999 .9999 0.0 0.0 0.0 0.0

DEC VEC VBECWT(10)

INPUT VBEGHT



0.2 .3 .5 .76 1.5 2.0 0.0 0.0 0.0 0.0

DEC VEC VMNKT(10)

INPUT VEINNT

1.0 2.0 5.0 10.0 100.0 1000.0 100000.0 0.0 .25 .5
e :

IEVAL NLAGS = 8

IEVAL NONTEMP = 03#NUMBER OF CONTEMPORANEOUS EXOG TERMS
IEVAL NCOEFF = NVARSWNLAGS ¢ NCNTEMP ¢ )

OEC RECT LIKEHO(2,NENDOG)

MAT LIKEHD = CONST(0.0)

OECLARE VECTOR SUMCON(NCOEFF) TMPCON(NCOEFF) FAC(1)
DECLARE RECT XXOVER(NCOEFF®(NCOEFF+¢1 )/2,NENDOG }
DECLARE RECT TVOVER(NCOEFF®{NCOEFF+1)/2,NENDOG)

DEC SYM 200 X0(2 X3 X4
DEC SYM TVl TVZ TVS Tve
OVERLAY XXOVER(1,1) WITH XX1(NCOEFF,NCOEFF)

OVERLAY XXOVER(1,2) HITH XX2(NCOEFF ,NCOEFF)
OVERLAY Y{OVER(1,3) HITH XXS(NCOEFF,NCOEFF)

OVERLAY XXOVER(1,4) WHITH XXG(NCOEFF,NCOEFF)

OVERLAY TVOVER(1,1) WITH TV1(NCOEFF,NCOEFF)

OVERLAY TVOVER(1,2) WITH TVZ(NCOEFF,NCOEFF)

OVERLAY TYOVER(1,3) HITH TVI(NCOEFF,NCOEFF)

OVERLAY TVOVER(1,4) WITH TV4(NCOEFF,NCOEFF)

ALLOCATE 2%NVARS+2 CALEND 2wNENDOG NCOEFF+2

CLEAR

EQV 1 TO NVARS+1eNEXOG+1

STOCKS TBILL GNP EMPYMNS KONSTANT PGNP

DATA(FORMAT=RATS ) DBEG ENDDATA STOCKS TO EMPYMNS

DATA( FORMAT=RATS )} DBEG ENDDATA PGNP

SET KONSTANT CALBEG TALEND = 1.0

]

DECLARE INDEX LOGUATA(NVARS)
INPUT LOGDATA

1011

DO I = 1, NVARS

IF LOGOATA(I).EQ.1

BEGIN

LOG I DBEG ENDDATA I DBEC

END

END DO I
#PRINT(DATES) CALBEG CALEND 1 TO NVARS+1eNEXOG+1l
"
DEC VECT SAMVAR(NVARS) DIAGVAR(NCOEFF) OVERDIAG
DEC VECT CVECT1 CVECT2 OVERTMP

DEC SYr#f XXSYMM TVSYMM -
DECLARE VECT MEANS(NENDOG)

DECLARE RECT MEIGHT(NENDOG,NVARS)
st NOTE: OTMENSIONS OF COEFFSAV CONFORM TO THOSE OF COEFF, WHICH
Liaded RATS SPECIFIES AS (&) BY (3), WHERE {4) AND (3]} ARE THE
bdaad FOURTH ANO THIRD PARAMETERS ON THE ALLOCATE CARD
DEC RECT COEFSAVINCOEFF+2,2%NENDOGC)
HAT COEFSAY = CONST(0.0)
INPUT MEANS
1.01.01.0 1.0 1.0 1.0 1.0
INPUT WEIGHT

.0 2.0 2.0 6.0



OLS(NOPRINT ) I DBEG+ULACS ENODATA
8 ~I 1 ULAGS CONSTANT
® MULTIPLICATION OF SEESQ BY .9 ALLOKS FOR IMPROVEMENT WITH MORE VARIABLES.
EVAL SAMVAR(I) = SEESQ®.9
ENO DO I
- .
00 J = 1,NENOOG
EQUATION(NOCONST ,MORE )} 4 J
$-STOCKS 1 NLAGS ~TBILL 1 NLAGS ~GNP 1 NLACS -EMPYMNS 1 NLACS KONSTANT
END DO J
"

EVAL ALPHA = SQRT(3.0) - 2.0
- .

*BECIN LOOP OVER HYPERPARAMETER CRID
-
CHA COPY 8
00 HYPL = 1,10
IEVAL HYP = HYPOROD(HYPL)
EVAL CROSS = VCROSS(1)
EVAL OWN = VOWRN(1)
EVAL TVAR = VTVAR(1)
EVAL SUM = VSIM(1)
EVAL TITE = VTITE(1)
EVAL KT = VHT(1)
EVAL CON = VCON(1)
EVAL DECAY = VDECAY(1)
EVAL BEGHT = VBEGWT(1)
EVAL MNHT = VINWT(1)
00 LOOP = 1,HYPOIM(KYP}
00 LOoP = 1,1
IF HYP.EQ.1l) EVAL CROSS = VCROSS{LOOP)
IF HYP.EQ.2y EVAL OWN = VOHN(LOOP)
IF HYP.EQ.33 EVAL TVAR = VTVAR(LOOP)
IF HYP.EQ.4) EVAL SUM = YSUM(LOOP)
IF HYP.EQ.53 EVAL TITE = VTITE(LOOP)
IF HYP.EQ.63 EVAL WT = VWT(LOOP}
IF HYP.EQ.7) EVAL CON = VCON(LOOP)
IF HYP.EQ.8) EVAL DECAY = VDECAY(LOOP)
IF HYP.EQ.9» EVAL BEGHT = VBEGHT(LOOP)
IF HYP.EQ.103 EVAL MNMT = VMNWT(LOOP)
L
NOTE ZZZZ CURRENT SETTINGS OF HYPERPARAMETERS AND LOOP INOICES
NOTE CROSS
EVAL CROSS
NOTE OWN
EVAL OWN
NOTE TVAR
EVAL TVAR
NOTE SuM
EVAL SUM
NOTE TITE
EVAL TITE
NOTE WT
EVAL WT
NOTE CON
EVAL CON
NOTE DECAY
EVAL DECAY
NOTE BEGHT
EVAL BEGHT
NOTE MNWT



EVAL MNNT
NOTE GRID SEARCH INDICES
EVAL KYP
EVAL LOOP
wun COPY 58-60 DATA INTO 55-57 FOR USE IN INITIALIZING KALMAN FILTER
s THIS MUST BE INSIODE LOOP TO RESET EACH TIME
D0 II = 1,NVARS+1
SET({SCRATCH) II CALBEG+1l CALBEGC+ll = X(T+12,II)
END DO IX
L :
EVAL HEIGHT(1,4) = §.0
EVAL HEIGHT(2,4) = 3.0
EVAL HEIGHT(3,4) = 3.0
DO I =13,3
EVAL HEIGHT(I,4) = MEIGHT(XI,4 JMNNT
END DO I
L
#A POINT ON THE HYPERPARAMETER GRID HAS NOW BEEN SELECTED.
#THE FOLLOWING CODE ESTIMATES THE MOOEL WITH THOSE HYPERPARAMETERS,
HGENERATES ITS FORECASTING STATISTICS, AND COMPARES THOSE STATISTICS TO
#THE BEST PREVIOUS STATISTICS. IF THE NEW STATISTICS ARE BETTER, THE
#FIRST MEMBER OF THE HYPERPARAMETER VECTOR CORRESPONDING TO THE CURRENT
#VALUE OF “HYP™ IS CHANGED TO EQUAL THE CURRENT SETTING OF THAT HYPER-
#PARAMETER. THEN LOOP AND/OR WYP ARE UPDATED AND THE LOOP CONTINUES.
e g
HAT COEFSAY = CONST(0.0) N
SYSTEM 1 TO NENDGG
KFSET(NOSCALE , LIKELY=LIKEHD , CONSTANT ,NAME= * XX* }
# SAMVAR(1) SAMVAR(Z) SAMVAR(3) SAMVAR(4)
TYARYING TVl TVZ TV3 Tve
END(SYSTEM)
1]
DO IEQN = 1,NENDOG
OVERLAY COEFF(1,IEQN) HITH CVECTI"COEFF)
OVERLAY COEFSAV(1,IEQN) WITH CVECTZ(NCOEFF)
HATRIX CVECT1 = CONST(0.0)
EVAL CVECT1(1+(IEQN-1)"NLAGS )= HMEANS(IEQN) )
OVERLAY CYECT1(1+(IEQN~1)"NLAGS) WITH OVERTHP(NLAGS)
EHISE OVERTMP(I) = (1-ALPHA) # (ALPHA)W®(I-1)
MAT CVECTZ = CVECT].
END DO IEQN
EVAL DIAGVAR(NCOEFF) = CON # OWN
DO ISER = 1, NENDOG
OVERLAY XXOVER(1,ISER) WITH XXSYMM{NCOEFF,NCOEFF)
OVERLAY TVOVER(1,ISER) HITH TVSYMM(NCOEFF,NCOEFF)
DO IVAR = 1, NVARS
OVERLAY DIAGVAR(1¢{IVAR-1)I#NLAGS) WITH OVERDIAGINLAGS)
EMISE OVEROIAG(I) = CROSSHEXP(~1."THHEICHT(ISER,IVARI)/ &
(INSAMVAR(IVAR))
ENC DO IVAR
MATRIX XXSYMM = DIAG(DIAGVAR) # SCALE(SAMVAR(ISER))
IEVAL IPT = (ISER-1)"NLAGS
DO L = 1, NLAGS
EVAL XXSYMHUIPT+L,IPT+L) = XXSYHH(IPT+L,IPT+L) # OMN/CROSS
END DO L
D0 IEQN = 1, NVARS
MAT SUMCON = CONST(Q.0)
OVERLAY SUMCON(1+(TIEQN-1)#NLACS) HITH OVERDIAG(NLAGS)
HAT OVERDIAG = CONST(SUMNSQRT(SAMVAR(IEQN)/SAMVAR(ISER)))
HAT THPCON = XXSYMHM#SUMCON
HAT FAC = TR(THPCON J#SUMCON

e



EVAL FACTOR = FAC(1)
MAT JOCSYMMe JO(SYMM ~ ( THPCONSTR( THPCON ) JMSCALE(1./(1.+FACTOR))
ENO 0O IEGN
MATRIX JO(SYHHSXXSYMMWSCALE( TITE)

MATRIX TVSYMMeXXSYMMMSCALE(TVAR)
EVAL TVSYMM(NCOEFF ,NCOEFF )=TVSYHH(NCOEFF ,NCOEFF )/CON

ENO DO ISER

MAT COEFSAV ® COEFSAV % SCALE(1.-DECAY)

LIST IEGN = 1 TO NENDOG

FORECAST NENDOG 1 CALBEG+14NLAGS

CARDS IEQN TEQN CALBEG+14NLAGS

00 IVAR = 1,NVARSL
SET IVAR CALBEG+1 CALBEG#1+NLAGS ® X(T,IVAR*BEGHT

END DO IVAR

KALMAN( STARTUPSCALBEG+1 +NLAGS )

»

#we RESET LIKEHO TO ZERO SO THAT DUMMY OBSERVATIONS PROCESSED ABOVE IN

www SETTING THE PRIOR DON'T AFFECT THE LIKELIHOOO STATISITICS

MAT LIKEHO = CONST(0.0)

»

THEIL(SETUP) NENDOG FH ENODATA

& 1 TO NENOOG

KALMAN( STARTUP=OBEG+NLAGS )

DO DATE = DBEGHNLAGS+1,ENODATA
MATRIX COEFF = SCALE(DECAY) » COEFF + COEFSAV
00 IEGN = 1,NENOOG

EVAL COEFF(NCOEFF,IEQN) = {COEFF(NCOEFF,IEGN) ¢
~COEFSAV(NCOEFF , TEQN ) ) /DECAY
END 0O IEGN
MATRIX XXOVER » SCALE(DECAY®%2} % JOXOVER

ww% TO PRINT COEFFS AND OTHER STATS AT ENODATA, USE NEXT LINES

WKALMAN(SINGLE) 7 0 O (ENDDATA.EQ.DATE)

wu% TO SURPRESS PRINTING OF COEFFICIENTS, ETC, USE NEXT LINE
KALMAN(SINGLE) 7 0 0

IF DATE.GE.BEGTHEIL.AND.DATE.LT.ENODATA
THEIL DATE+1

END DO DATE

IF FOREC.EQ.1

BECIN
VCV(MATRIXSVCVA ) DBEG+NLACS ENDDATA
$78910

ENO

-

EVAL LIKLYSUM = 0.0

DO I = 1,NENDOG

EVAL LIKLYSUMSLIKLYSUN-( LIKENO(1,X )+{ ENDDATA-DBEG+1-NLAGS) ¢

»LOG( LIKEHD(Z,1)) )

END 00 I

MAT LIKEHD » CONST(0.0)

EVAL LIKLYSUM

-

HRITE(UNIToCOPY ,NOSKIP ,FOR="(F9.6,1X,F9.6,1X,F10.9,1X,F12.4,1X,F%.5)") ¢
CROSS OWN TVAR SUM TITE

HRITE(UNIT=COPY ,NOSKIP,FOR® ' { 1X,F9.6,1X,F11.3,1X,F9.751X,F?.5,1X})°) ¢
NT CON DECAY BEGWT

HRITE(UNIT=COPY ,NOSKIP ,FOR® '{ F9.5,1X,F13.,.6,1X) ') MNAT LIKLYSUM

' .

wun COMPUTE FORECAST STATISTICS AND UPDATE BEST HYPERPARAMETERS

-

THEIL(OUMP ,REPLACE)

FETCH FF = THEIL



i
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EVAL METRIC = -LIKLYSi®
NOTE % CURRENT VALUE OF THE METRIC IS
EVAL METRIC
IF HETRIC.LT.OMETRIC
BEGIN
EVAL VCROSS(1) = CROSS
EVAL VORN(1) = OWN
EVAL VIVAR(1) = TVAR
EVAL VSUM(1) = SUrt
EVAL VTITE(1l) = TITE
EVAL WNT(1) = NT
EVAL VCON(1) = CON
EVAL VDECAY(1) = DECAY
EVAL VBEGWT(1) = BEGWT
EVAL VMNKWT(13 = MNWT
EVAL OMETRIC = METRIC
END
EVAL METRIC = 0.0
IF FOREC.EQ.1
BEGIN FOREC
SET STOCKS (87,4) (87,4) = LOG(246.27)
SET TBILL (87,4) (87,4) = 5.4
SMOOIFY(BLOCK=2) 4 VLW

8161

2462

$373

84384

FORECAST(PRINT) 2 1 (87,4)
8 7 GNP (87,4)

8 8 EMPYINS (87,4)
FORECAST(PRINT ) 4 12 (88,1)
€17 (88,1)

¢ 28 (3,]1)

8 3 9 (38,1)

® 4 10 (83,1)
FORECAST(PRINT) 4 13 (87,4)
811 (87,4)

8 22 (87,4)

833 (87,4)

8 4 4 (87,4)

EXP 1 DBEC CALEND 1 DBEGC
EXP 3 DBEC CALEND 3 DBEC
EXP 4 DBEC CALEND 4 DBEC
EXP 7 DBEG CALEND 7 DBEG
EXP 9 DBEC CALEND 9 DBEC
EXP 10 DBEC CALEND 10 OBEC
PRINT(DATES) (86,1) (90,4} 1 TO 4 7 YO 10
00 I = 1,10

00 J = (87,4),(90,4)
IF X(J-1,X).NE.(0.0}
EVAL X(J-ENDOATAI) ® (L{X(JpI)/X(J~-1,I))nn4)-1.0)%100.
END 00 J
END DO I
PRINT(DATES) 1 14 1 TO4 7 TO 10
END FOREC
»

MAT COEFF = CONST(0.0)
MAT CYECT1 = CONST{(0.0)
HAT CVECTZ = CONST(0.0)
MAT OVERTMP = CONST(0.0)
MAT OIAGVAR = CONST(C.0)

o a———— i §.

- - —— .

-



HAT XXOVER = CONST(0.0)
HAT XoSYMHR = CONST(0.0)
MAT TVOVER = CONST(0.0)
HAT TVSYMM = CONST(0.0)
HAT OVERDIAG = CONST(0.0)
HAT SUMCON = CONST(0.0)
HAT THPCOR = CONST(0.0)
HAT FAC = CONST(0.0)
HAT COEFSAV = CONST(0.0)
HAT FF = CONST(0.0)

KAT XX1 = CONST(0.0)

MAT XX2 = CONST(0.0)
MAT %S = CONST(0.0)
HAT XX¢ = CONST(0.0)
MAT TV1 = CONST(0.6)
MAT TVZ = CONST(0.0)
MAT TV3 = CONST(0.0)
MAT TV4 = CONST(0.0)
-
END DO LOOP
END DO WYPL

NOTE THE LOOP HAS ENDED AND THE PROGRAM SHOULD NOW END NORMALLY
ENO



