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1. Introduction

The last twenty-five years has seen enormous intellectual effort and progress on
the development of small-scale macroeconometric models. Indeed, standing in the year
2000, it is not too much of an overstatement to say that the statistical analysis of small
macroeconometric models in a stationary environment is largely a completed research
topic. In particular, we have complete theories of estimation, inference and identification
in stationary vector autoregressions (VARS). We have accumulated a vast amount of
experience using these models for empirical analysis. Identified VARs have become the
workhorse models for estimating the dynamic effects of policy changes and for
answering questions about the sources of business cycle variability. Both univariate
autoregressions and VARSs are now standard benchmarks used to evaluate economic
forecasts. Although work remains to be done, great progress has been made on the
complications associated with nonstationarity, both in the form of the extreme persistence
often found in macroeconomic time series and in detecting and modeling instability in
economic relations. Threshold autoregressions and Markov switching models
successfully capture much of the nonlinearity in macroeconomic relations, at least for
countries like the United States.!

Despite this enormous progress, it is also not too much of an overstatement to say
that these small-scale macroeconometric models have had little effect on practical
macroeconomic forecasting and policymaking.? There are several reasons for this, but the
most obvious is the inherent defect of small models: they include only a small number of
variables. Practical forecasters and policymakersfind it useful to extract information
from many more series than are typically included in aVAR.

This mismatch between standard macroeconometric models and real world
practice has led to two unfortunate consequences. First, forecasters have had to rely on

informal methods to distill information from the available data, and their published

11 will ignore small-scale “calibrated” dynamic models throughout this paper.

2 Some might take issue with this broad assertion, and point to, for example, the VAR forecasting
framework used for many years at the Federal Reserve Bank of Minnesota. | would argue, however, that
such examples are the exception rather than the rule.



forecasts reflect considerable judgement in place of formal statistical analysis. Forecasts
are impossible to reproduce, and this makes economic forecasting alargely non-scientific
activity. Sinceit isdifficult to disentangle aforecaster’s model and judgement, a
predictive track record can tell us more about a person’ s insight than about the veracity of
his model and the nature of the macroeconomy. The second unfortunate consequenceis
that formal small-scale macroeconometric models have little effect on day-to-day policy
decisions, making these decisions more ad hoc and less predicable than if guided by the
kind of empirical analysis that follows from careful statistical modeling.

In this paper | discuss adirection in macroeconometrics that explicitly
incorporates information from alarge number of macroeconomic variables into formal
statistical models. The goal of this research is to use the wide range of economic
variables that practical forecasters and macroeconomic policymakers have found useful,
while at the same time maintaining the discipline and structure of formal econometric
models. This research program is not new (several of the important contributions date
from the 1970’ s and earlier), but it is still immature. There are few theoretical results and
fewer empirical results, at least compared to small-scale models. Y et, the results that we
do have suggest that there may be large payoffs from this “large model” approach. The
purpose of this paper isto summarize some these results — particularly those relating to
forecasting — to highlight some of the potential gains from these large models.

Section 2 begins the discussion by contrasting two approaches to
macroeconometric forecasting. Thefirst, the standard small-model method, constructs a
forecasting equation using only afew variables; the second, alarge-model method, uses
information in a large number of variables. The main problem to be solved when
constructing a small model is to choose the correct variables to include in the equation.
Thisisthe familiar problem of variable selection in regression analysis. Economic theory
is of some help, but usually suggests large categories of variables (money, interest rates,
wages, stock prices, etc.) and the choice of a specific subset of variables then becomes a

statistical problem. The large-model approach is again guided by economic theory for



choosing categories of variables, and the statistical problem then becomes how to
combine the information in this large collection of variables.

Sections 3 and 4 present empirical evidence on the relative merits of the small and
large model approaches. Section 3 uses monthly U.S. data on 160 time series from 1959-
1998 and examines the properties of regressions that include all of these 160 variables as
regressors. The empirical analysis focuses on two questions. First, are the regressions
characterized by arelatively few non-zero coefficients? If so, then only afew variables
are needed, and there is no gain from looking across many series (except perhaps to
choose the best variables to include in the model). Alternatively, if the regressions
appear to have alarge number of small, but non-zero coefficients, then alarge model
approach that incorporates all of the variables may be more useful. Importantly, the
empirical evidence summarized in Section 3 suggests that there are many non-zero
regression coefficients, and thus provides support for the large model approach. The
second question taken up in this section focuses on the size of the marginal gains from
including additional regressors. That is, are the predictors sufficiently correlated so that
the bulk of their predictive content is contained in, say only 30 variables, or are there
large additional gains from including 50 or 100 or 150 variables? Here, the empirical
evidence suggests that the marginal predictive gain of including an additional regressors
isasharply decreasing function of the number of predictors, aresult that is shown to be
consistent with a factor analytic structure linking the regressors.

Section 4 uses these same data in a ssmulated out-of-sample forecasting
experiment. This experiment focuses on 12-month ahead forecasts constructed over the
1970-1997 sample period. Forecasts are constructed using three small models and one
large model. The small models are a univariate autoregression (which servesas a
benchmark), amodel that includes the variables present in atypical VAR (output, prices,
interest rates and commodity prices), and a model that includes a set of leading indicators
suggested by previous forecasting comparisons. Thelarge model isaversion of the
factor forecasting model developed in Stock and Watson (1998). This model summarizes

the regressors using a few common factors that are used to construct the forecasts. For



the magjority of series studied, the factor model produces forecasts that are considerably
more accurate than any of the small models.

The final section of the paper begins with additional discussion of the results. It
then continues with some speculative remarks about the future of this research program

and concludes with alist of several outstanding problems.

2. Small and Large Models
2.1 General Framework

This paper considers forecasting in a standard linear regression framework

Yor =X B+ (2.1)

wherey isthe variable to be forecast using the vector of variables x, and the error term
satisfiesE(g,,, [{X.,Y.};....) =0. The dating of the variablesin (2.1) emphasizesthat it is
aforecasting equation, and for notational ease the forecast horizon is set at 1-period.
(The empirical work presented below uses a 12-month forecast horizon.) The equation
does not include lagged values of y, and thistoo isfor notational convenience. More
substantively, (2.1) is specified as atime invariant linear regression and so abstracts from
both instability and from nonlinearity. The sample dataare {y;, x},, and the goal isto
forecast yr+1. The forecasts are constructed as V., = x; BT where BT Is an estimate of 3
constructed from the sample information. Forecast loss is quadratic, and so the forecast

risk function is

R(B;, B) =02 +El(B; —B)' %% (B -B)] (2.2)

Thusfar, thisall standard.
The only non-standard assumption concerns the number of regressors. x isan

nx1 vector, wherenislarge. Thus, in contrast to standard large-T analysis of the



regression model, here the analysisis carried out using a framework that assumes both
largenand large T.
With this notation fixed, we now consider small-model and large-model

approaches the problem of estimating 3 and to forecasting y.

2.2 Small-Model Approach

To interpret (2.1) as asmall model, suppose that only k of the elements of the
vector [ are non-zero, where kisa small number. If the indices of the non-zero elements
are known, then analysis is straightforward: x is partitioned as x =(x,X,) wherex;
contains the k elements of x corresponding to the non-zero values of 8 and x, contains the
remaining “irrelevant” variables. The regression coefficients are estimated by regressing
y onto X3, excluding x, from the regression. Imagining that k remainsfixed as T grows
large, this yields a consistent estimator of 3, and sampling error disappears from the
limiting value of the forecasting risk: IimrmR(BAT ,B)=0’.

The only remaining statistical problem becomes choosing the elements of x; from
the vector x. Thisisthe well known variable-selection problem, and there are many
standard methods for consistent variable selection. To highlight the key results for the
forecasting problem, consider a special version of (2.1) with iidN(0,1) disturbances and
strictly exogenous orthogonal and standardized regressors (so that T~ z xx =1,). Then,
the OLS estimators are BAT‘i =T z;xit Y, , and the normality of the errorsimplies
that B; , ~iidN (3, T™). Consider asimple variable-selection rule that chooses the r
variables with the largest estimated coefficients. Suppose that r is fixed (not a function of
T) withr>k. The key features of this variable-selection procedure follow from well-
known results about the asymptotic behavior of order statistics. Let J denote the set of
indices for the elements of 3 that areequal to 0. Let b, = max, | BTJ |, then

o717 o° =
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asnand T o (Galambos (1987)). Thus, if n=o(e") then b, - 0.

Three important asymptotic properties follow directly from this result. First, with
high probability the correct regressors (those in x; ) will be chosen for inclusion in the
regression. Second, the estimated coefficients on the remaining r-k irrelevant selected
variables will have coefficients that are close to zero. Finaly, the implied forecasts have
alimiting risk that is unaffected by sampling error in the estimated coefficients.

Taken together, thisis good news for the small model approach: if the number of
variables that enter (2.1) issmall and if the sample size islarge, then sampling error
associated with estimating the regression coefficientsis likely to be small. Moreover,
this conclusion continues the hold even if the variables chosen to enter (2.1) are

determined by variable selection over alarge number of possible models.

2.2 Large-Model Approaches
2.2.1 Factor Models

Macroeconomists naturally think of the comovement in economic time series as
arising largely from arelatively few key economic factors like productivity, monetary
policy, and so forth. One way of representing this notion isin terms of a statistical factor
model

X = /\Ft +U, (2-3)

which explains comovement among the variables x; using a small number of latent factors
F..2 While the classic factor model (Lawley and Maxwell (1971)) assumes that the
elements of u, are mutually uncorrelated both cross sectionally and temporally, this can
be relaxed to allow temporal dependence among the u’s (Sargent and Sims (1977),
Geweke (1977), Engle and Watson (1981)), limited cross sectional dependence

3 Versions of this framework have been explicitly used in empirical economics beginning with Sargent and
Sims (1977) and Geweke (1977), but models like this are implicit in earlier discussion of the business
cycle. For example, Stock and Watson (1989) discuss the index of NBER’ s index of coincident of leading
indicators using a model much like (2.3)



(Chamberlain and Rothschild 1983), Connor and Korgjczyk (1986)) or both (Forni,
Hallin, Lippi and Reichlin (1998), Stock and Watson (1998). )

Pushing the factor model one step further, these latent factors might also explain
the predictive relationship between x; and y;.1, so that

yt+1 =a Ft + e(+1 (24)

where E(e,, {V,.%,FE}__..) =0. Asdiscussed in Stock and Watson (1998), (2.3) and
(2.4) isapotentially useful framework for large model forecasting because it imposes
important constraints on the large number of regression coefficientsin (2.1). Notably, if
wewrite E(F, | x) = yX, (sothat regression of F onto x is linear), then (2.4) implies that
E(y... | %) =aE(F, | x)=ayx,, so that the regression coefficients 8 in (2.1) satisfy
B=ay.

This model yields values of [ that are quite different than the small model
specification. Inthat model, most of the elements of 3 are 0, and only afew non-zero
elements account for the predictive power in the regression. In the factor model, all of
the elements of 3 are non-zero in general, but they are each small. This follows because
the coefficients y inthe regression E(F, | x) = yx will, in general, be oY) (the
estimated value of F will be an average of the n elementsin x), and B=ay. Section 3 will
examine sample versions of (2.1) for severa macro variables and ask whether the
distribution of the elements of [3 appears to be more consistent with the small model
(many zero and afew large non-zero values) or the large model (many small non-zero
values).

If the factor model can describe the data, then forecasting becomes a three step
process. First, an estimate of F;, say Ift , iIsconstructed from the x data. Second, the
coefficients a in (2.4) are estimated by regressing y:.1 onto Ift . Finally, the forecast is
formed as §,., =4F; .

Somewhat remarkably, this procedure can work quite well, even when Ift isa

very naive estimator of F;. For example, Stock and Watson (1998) show that under



limited cross sectional and temporal dependence (essentially 1(0) dependence both
temporally and cross-sectionally), an identification condition on the factor loadings (A’ A
must be well-behaved), and the number of regressorsis sufficiently large (n=0O(T?”) for
any p>0), then c?lfT -aF; i 0. Thatis, tofirst order, the feasible forecast constructed
from the factor model is equal to the forecast that would be constructed knowing the true
value of a and Fr.

An important practical problem is determination of the number of factorsto usein
the analysis. There are two ways to do this. In the context of the forecasting problem,
Stock and Watson (1998) propose a modification of the standard information criterion
applied to the regression of y;.; onto Ift . They show that the resulting estimated estimate
is consistent and the resulting forecasts are asymptotically efficient. Alternatively, Bai
and Ng (2001) propose estimators that are based on the fit of (2.3) and show consistency

under assumptions similar to those used in Stock and Watson (1998).

2.2.3 Non-Factor Models

Large-model methods have a so been proposed that do not rely on the factor
framework. The most obvious is based on the OLS estimator of 3, which in general is
well-defined when n<T. However, when the ratio of estimated parameters to observations
(n/T) islarge, sampling error in the estimated coefficients will be large, and this suggests
that significant improvements may be possible. From the classic result in Stein (1955),
OLS estimates and forecasts are inadmissible when n > 3, and shrinkage estimators
(such as the classic James-Stein estimator (1960)) dominate OLS. While these results are
largely irrelevant in the large-T and small-n model (since the risk of the OLS forecast
convergesto the risk of the infeasible known-(3 forecast), their relevance resurfacesin the
large-T and large-n model. For example, when n=pT with 0<p<1, then the OLS
estimator of s not consistent and the sampling error in 3 continues to have afirst order
effect on theforecast risk as T — oo . Shrinkage estimators can produce forecasts with
asymptotic relative risks that dominate OLS, even asymptotically.



Thisideais developed in Knox, Stock and Watson (2001) where empirical Bayes
estimators for 8 and forecasts from these estimators are constructed. They study
parametric and non-parametric empirical Bayes estimators and provide conditions under
which the large-n assumption can be used to construct efficient forecasts (efficient in the
sense that in large samples they achieve the same Bayes-risk as the optimal forecasts
constructed using knowledge of the distribution of the regression coefficients). To date,
the empirical performance of these methods have not been systematically studied, and so
it is premature to judge their usefulness for macroeconomic forecasting.

With this background we now proceed to a discussion of some empirical evidence

on the relative merits of the small-model and large-model approaches to forecasting.

3. Full-Sample Empirical Evidence

Two empirical questions are addressed in this section. First, in regressions like
(2.1), does it appear that only afew of the coefficients are non-zero? If so, then forecasts
should be constructed using asmall model. Alternatively, are there many non-zero (but
perhaps small) regression coefficients? If so, then the large model framework is
appropriate. Second, and more generally, how does the regression’s predictive R? change

as the number of regressorsis increased?

3.1 Data*

These questions are investigated using data on 160 monthly macroeconomic U.S.
time series from 1959:1-1998:12. The data represent a wide range of macroeconomic
activity and are usefully grouped into 8 categories: Output and Real Income (21 series);
Employment and Unemployment (27 series); Consumption, Sales and Housing (22
series); Inventories and Orders (27 series); Prices and Wages (22 series); Money and
Credit (9 series); Interest Rates (19 series); and Exchange Rates and Stock Prices/\VVolume
(13 series). These categories are perhaps overly broad, but it will be useful to

have many series in each category, and so this coarse aggregation is necessary.

* These data were used in Stock and Watson (1999b).



The data were transformed in three ways. First, many of the series are seasonally
adjusted by the reporting agency. Second, the data were transformed to eliminate trends
and obvious nonstationarities. For real variables, this typically involved transformation to
growth rates (the first difference of logarithms), and for prices thisinvolved
transformation to changes in growth rates (the second difference of logarithms). Interest
rates were transformed to first differences or to “spreads.” Finally, some of the series
contained afew large outliers associated with events like labor disputes, other extreme
events, or with data problems of various sorts. These outliers were identified as
observations that differed from the sample median by more than 6 times the sample
interquartile range, and these observations were dropped from the analysis.

A detailed description of the data can be found in the appendix.

3.2 Forecasting Regressions

Equation (2.1) was modified in two ways for the empirical analysis. First, the
dependent variable was changed to focus on 12-month ahead forecasts, and second,
autoregressive lags were added to the regression. The modified regression takes the

form:

a2 =XB+@L)Y, +& (3.1)

where y; is the transformed variable of interest (as described above), and y;%, denotes a
further transformation of the variable appropriate for multi-step forecasting. For
example, if z denotes the raw (untransformed) value of the variable of interest and y; is
the monthly rate of growth of z, then y:%,=In(z.12/z) isthe rate of growth over the
forecast period. When y; isthe level of z then yi%,=2.1,, and when y; denotes the

2

change in the monthly growth rate, then y;;,, =IN(z+12/2)-12IN(z/z.1).

10



3.3 Empirical Distribution of t-statistics

Equation (3.1) was estimated by OLS for all 160 seriesin the data set. Each
regression included a constant, current and 5 lagged values of y;, and an x vector
containing the remaining 159 series (transformed as described above). Heteroskedastic
and autoregressive consi stent t-stati stics were computed for the estimated §'s. This
yielded 25440 t-statistics (160 regressions each including 159 x-regressors). Let Tj;
denote the t-statistic for thei’th Bin thej’th equation. Then, approximately, 7i;~N(tj,1)
where i is vaue of the non-centrality parameter for the t-statistic. If 1 # 0 then
variablei isauseful predictor for yj, otherwise variablei is not a useful predictor. We
can determine the fraction of useful predictors by determining the fraction of non-zero
values of w;. Of course L is not directly observed, but it isrelated to the t-statistics by
T; = I +€&; where (approximately) &;~N(0,1) and isindependent of 1. Thisimplies that
the distribution of u can then be estimated from the empirical distribution of T using
deconvolution techniques. (The densities of T and u are related by

f.(X) :Igo(x -9)f,(s)ds, wheref; isthe density of 7, f, isthe density of y, and gisthe
standard normal density.)

Before looking at the results, suppose for amoment that the small-model
assumptions described these data, so that a small number of 3’ s were non-zero. To be
concrete, suppose that in each regression only 6 of the 3’ s were non-zero. In this case
over 96% (=153/159) of the 1’ swould equal zero, only 4% (=6/159) would be nonzero,
and these non-zero values would be large in absolute value. For example, if the
regressors were orthonormal, then 6 values of 14; = 9 would yield regressions with R”s
of approximately 50%. In contrast, if the large-model assumptions described the data,
then most of the ’s would be non-zero, but small. Thisfeature would be inherited by
the non-centrality parameters ;. For example, with othonormal regressors, values of L;
with E(uijz) =1.7 would yield regressions with R? values of 50%.

Figure 3.1 shows the estimated CDF of |4;;| estimated from the 25440 values of Tj
using the deconvolution method outlined in Diggle and Hall (1993). The estimated CDF

suggests that there are alarge number of non-zero, but small values of . Over 55% the
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non-centrality parameters exceed 0.5, 33% of the values lie between 0.5 and 1.0, 20%
between 1.0 and 2.0, and only 2% of the values are above 2.0. These results suggest that
the large-model assumptions are a better characterization of these data than the small-
model assumptions.

Table 3.1 summarizes the distribution of the absolute values of the t-statistics for
selected variables. Thefirst row of the table shows quartiles of the standard normal asa
benchmark, and the next row shows the quartiles of the empirical distribution of al of the
25440 t-statistics from the estimated regressions. The median absol ute t-statistic was
0.84, which can be compared to avaue of 0.67 for the normal distribution. Again, this
suggests that alarge fraction of the values of Bin (3.1) are non-zero. The remaining rows
of the table show the distribution across predictive regressions of the absolute t-statistics
for specific regressors. These distributions show whether the particular regressor has
marginal predictive power for the range of macroeconomics variablesin this data set.
Thefirst four entries are for the variables that are typically used in small VAR models:
Industrial Production (IP), consumer price inflation (PUNEW), the Federal Funds Rate
(FYFF), and Commodity Prices (PMCP). With the exception of price inflation, these
variables all perform better than the typical variable in the dataset. The Federal Funds
rate is particularly noteworthy with a median absolute t-statistic that exceeds 1.5. The
next ten variables listed in the table correspond to the variables that make up the
Conference Board's Index of Leading Indicators (previously published by the U.S.
Department of Commerce).®> Six of the ten variables are useful predictors for alarge
fraction of the variables considered. Notably, the number of newly unemployed (LHUS)
had the largest median t-statistic of all of the variables considered. This variable had an
absolute t-statistics that exceeded 1.0 in 72% of the regressions. On the other hand, four
of the Conference Department’ sindicators (the new orders and deliveries series

MOCMQ, PMDEL, and MSONDQ and stock prices FSPCOM), had little predictive

® Because of the data set used here did not include all of the Conference Board' s indicators, there are two
changes from the Conference Board' s list. The number of new unemployment insurance claimsiis replaced
by the number unemployed for less than 5 weeks (LHU5) and the 5-Y ear Treasury Bond Rate isused in
place of the 10-year rate in the term spread.

12



power, and t-statistic distributions that are very close to that of the standard normal. The
remaining rows of the table show results for other variables that have been widely
discussed as leading indicators. The public-private interest rate spread (PPSPR) and the
unemployment rate (LHUR) have large t-statistics in amajority of the regressions. The
nominal money supply (FM1 and FM2) are not very useful, although the real value of M2
(FM2DQ) was more useful. Unfilled orders and inventories have median t-statistics that
were nearly equal to unity, suggesting some useful predictive power in alarge number of
estimated regressions. Two other measures of commodity prices (PSM99Q and
PWCMSA) are not useful predictors.

Of course, results based on these t-statistics may be misleading for several
reasons. Most importantly, they assume aN(0,1) distribution for the sampling error in
the t-statistics, and this may be a poor approximation in the setting with alarge number of
regressors. However, these results are suggestive and are consistent with the other

empirical results presented below that favor the large-model approach.

3.4 Prediction R s using different numbers of predictors

While the empirical resultsin the last section suggest that “many” variables have
marginal predictive content in (3.1), the results don’t quantify the marginal gain from
including, say 50 variablesinstead of 25, or 150 instead of 100. If we let R¥(k) denote the
value of the population R? from the regression of y onto k elements of x, then the question
is” “How does R(k) change as k increases’ ? The answer isimportant for forecast design,
but more importantly, it provides information about the way macroeconomic variable
interact. For example, suppose that each element of x contains important information
about the future that cannot be gleaned from the other elements of x. (Housing startsin
the Midwest contains some important information not contained in aggregate housing
starts, the unemployment rate or any of the other variables.) In this case R¥(k) will be a
steadily increasing function, with the amount of information increasing in proportion to

the number of predictors.
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Alternatively, suppose that macro variables interact in the simple low-dimensional
way suggested by the factor model. In this case, each regressor will contain useful
information about the values of the factors (and hence useful information about future
values of y), but the margina value of particular regressor will depend on how many
other variables have already been used. That is, if Vi denotes the variance of F;
conditional on the first k elements of x;, then V-Vi.; decreases as k increases. To see this
most easily, consider the smplest case when there is only one factor, the uniquenesses (u
in (2.3)) are uncorrelated and homoskedastic, and the factor loadings (A in (2.3)) are all
unity. In this case the evolution of Vi is particulary simple: V= [Vk.ll(aj +Vi1)] Vi1, SO
that the variance decreases at a sharply decreasing rate as k increases. Thisimplies that
R?(k) will increase at a sharply decreasing rate: there can be large gains from increasing
the number of predictors from 5 to 25, but negligible gains from increasing the number of
predictors from 100 to 120.

Stock and Watson (2001b) discuss the problem of estimating the population R? in
equations like (2.1) and (3.1) when the number of regressorsis proportional to the sample
size: k=pT where 0<p<1. Inaclassical version of (2.1) the usual degrees of freedom
adjustment (R?) isall that is necessary to produce a consistent of the population R?.
However, things are more complicated in amodel like (3.1) with predetermined but not
exogenous regressors and an error terms that is serially correlated and/or conditionally
heteroskedastic. In this case an adternative estimator must be used. Here | use a split
sample estimator. Let ,él denote the least squares estimator of 3 using the first half of the
sample, and [§2 denote the estimator using the second half of the sample. Under general
conditions, these two estimators will be approximately uncorrelated so that
BB, - BB TUBY X% B, - E(B'Xx B), and RE=(B 5 Xx B, /3 v2) wil
provide a consistent estimator of the population R?. Here, apartial R? version of this
estimator is applied to (3.1) after controlling for the constant term and lagged values of y.

The results are summarized in Figure 3.2. Thisfigure plots the average estimated
R? asafunction of k. These values were computed as follows. First, arandom set of k

regressors was selected from the 160 available regressors. Equation (3.1) was then
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estimated for each of the y-variables, and the split sample R? (as described above) was
computed after controlling for the lagged values of y in the regression. This process was
repeated 200 times, and the plot shows the average estimated R? as a function of k, where
the average is computed across replications and across dependent variables.

The figure shows a sharp increase in the R? as the number of regressors increases
from k=5 to k=50 (R¥(5)=.10, R%(50)=.32), but a much small increase as k increases from
100 to 150 (R?(100)=.35, R*(150)=.37). Thus, while many more variables appear to be
useful than are typically used in small-scale models, the predictive component of the

regressors is apparently common to many series in away suggested by the factor model.

4. Simulated Out-of-Sample Empirical Evidence

This section uses a simulated real time forecasting experiment to compare the
forecasting performance of several small and large model forecasting methods. The
experiment is similar to the experiments reported in Stock and Watson (1999, 2002)
which studied forecasts of four measures of real activity and four measures of price

inflation. Here forecasts for all 160 seriesin the data set are studied.

4.1 Experimental Design

The out-of-sampl e forecasting performance is simulated by recursively applying the
forecasting procedures to construct 12-month ahead forecasts for each month of the
sample beginning in T=1970:1 through T=1997:12. Small model forecasts were

computed using regression models of the form

t+212 =a +B(L)w +@(L)y, +&.1, (4.1)

where yi2,and y; were defined in section 3 and w; is a (small) vector of predictors. Two
versions of w; were used. In thefirst w; includes the four variables typically included in
monthly VARs (industrial production (IP), CPI inflation (PUNEW), the federal funds
interest rate (FY FF) and commodity prices (PMCP)). In the second, w; includes a set of

15



eleven leading indicators that previous researchers have identified as useful predictors for
real activity (three labor force indicators (LPHRM, LHEL and LHNAPS), vendor
performance (PMDEL), capacity utilization (IPXMCA), housing starts (HSBR), the
public-private interest and long-short interest rate spreads (PPSPR and TBSPR), long
term interest rates (FY GT10), the help wanted index, exchange rates (EXRATE), and
unfilled orders (MDU82). ) These are the leading indicators used in the Stock-Watson
(1989) XLI and non-financial XLI. The forecasts from the first model will be referred to
asthe VAR forecasts (even though they are computed directly from (4.1) instead of
iterating the 1-step VAR forward) and the second set of forecasts will be called leading
indicator forecasts. Forecasts from a univariate autoregressive model were also computed
from (4.1) after eliminating w.

In al of the models, the order of the lag polynomials B(L) and ¢(L) were
determined recursively by BIC. Inthe VAR, B(L) = ziq:o B L where 0<q <5 and B(L)=0
was alowed; in the leading indicator model 0<q < 4; in al of the models, ¢L) = zipzogolLi
where 0<p < 5 and ¢(L)=0 was allowed.

To be specific about the recursive forecasting experiment, consider the forecast
dated T=1970:1. To construct this forecast, equation (4.1) was estimated using data from
t=1960:1 through t=1969:1, where the terminal date allows Y;,,,to be used asthe
dependent variable in the last period, and values of data before 1960:1 are used as lags
for theinitial periods. The lag lengths were determined by BIC using these sample data,
and the regression coefficients were estimated conditional on these lag lengths. The
forecast for yi2, . was then constructed as 92, =@ + B (L)Wigr0, +@(L) Yigr01- TO
construct the forecast in 1970:2, the process was repeated with data from 1970:2 added to
the data set. This experiment differs from what could have been computed in real time
only because of revisions made in the historical data. (The data used here are from a 1999
release of the DRI Basic Macroeconomic Database .)

The experimental design for the factor model forecastsis similar. These forecasts
were constructed from (4.1), with lft replacing w;. The estimated factors, Ift , were

computed recursively (so that the factors for the forecast constructed in 1970:1 were
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estimated using data on x; from 1959:3-1970:1, where the initial two observations were
lost because of second differencing of some of the variables). The factors were estimated
by principal components, with missing values handled by aleast squares EM algorithm as
described in Stock and Watson (2002). Two sets of forecasts were constructed: the first
used only contemporaneous values of the factors in the forecasting equation with the
number of factors selected recursively by BIC; in the second, lags of the factors were
allowed to enter the equation (and BIC was used to determine the number of factors and
the number of lags). Since lags of the factors were nearly never chosen by BIC, the
forecasts that allowed for lags were nearly identical to the forecasts that did not include
lags. Thus, only results for the no-lag model will be reported.

The forecasting methods will be evaluated using the sample mean square error

199812 2

over the smulated out-of-sample period: MSE; = (336)_1ZT:197:I:1(§/-|1—J] -yr:)? wherei
indexes the series forecast and j indexes the forecast method. Because the series differ in
persistence and are measured in different units, the MSEs relative to the M SE from the

univariate autoregression will be reported. The will be referred to asrelative M SEs.

4.2 Forecasting Performance of the Models

The forecasting performance of the modelsis summarized in Figure 4.1. This
figure shows the cumulative relative frequency distribution of the relative MSEs for the
VAR, leading indicator and factor forecasting models. Each distribution summarizes the
relative MSEs over the 160 variables that were forecast by each method. The figure
shows that the factor forecasts clearly dominate the small model forecasts. The median
relative MSE for the factor model is0.81 (indicating an 19% MSE gain relative to the
univariate autoregression) compared to median values of 0.96 for the VAR and 0.98 for
the leading indicator model. For 84% of the series, the factor model improved on the
univariate autoregression, compared to 66% for the VAR and 57% for the leading
indicator forecasts. For 44% of the series, the factor model produced more than a 25%

M SE improvement rel ative the univariate autoregression (so that the relative M SE was
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less than 0.75); only 22% of the VAR forecasts and 26% of the leading indicator
forecasts achieved improvements this large.

Figure 4.2 presents a summary of the forecasting performance for the different
categories of series. For each of the forecasting methods the figure presents box plots of
the relative M SEs for each series category. (The outline of the boxes are the 25" and 75™
percentiles of the distribution, the median is the horizontal line in the box and the vertical
lines show the range of the distribution.) Looking first at the results for the factor model
(panel c), there are important differencesin the forecastability of the series across
categories. For example (and not surprisingly), there are negligible forecasting gains for
seriesin the last category which contains exchange rates and stock prices. On the other
hand there are large gains for many of the other categories, notably the real activity
variables in the production and employment categories, and the nominal variables making
up the prices, wages, money and credit categories. In all series categories, the median
relative MSE isless than 1.0, and in 5 of the 8 categories, the 75™ percentileis less than
1.0.

The forecasting performance of the VAR and leading indicator models are more
mixed. For the real variablesin thefirst four categories, these models perform much
worse than the factor model, and on average they do not improve on the univariate
autoregression (the relative M SE across the variables in these categoriesis 1.0 for the
VAR and 0.99 for the leading indicator model). On the other hand, these models do yield
improvements for wages, price, money and credit that are roughly equal to the

improvements produced by the factor forecasts.

4.3 Additional Discussion of the Factor Model

What accounts for the strong performance of the factor model and the uneven
performance of the other models? While | cannot provide a complete answer to this
guestion, | can offer afew useful clues. Table 4.1 provides the first clue. It showsthe
relative MSE of several factor models: the model with the number of factors determined

by BIC reported in Figures 4.1 and 4.2, and models with 1, 2 and 3 factors. Evidently,
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only afew factors are responsible for the model’ s forecasting performance. Two or three
factors are useful for some categories of series, but only a single factor is responsible for
the predictability of wages, prices, money and credit.

The second clueis provided by Figure 4.3. It plots the estimated first factor along
with the index of capacity utilization, one the variables used in the leading indicator
model. These series are remarkably similar over much of the sample period. Major peaks
and troughs of the estimated factor correspond closely to NBER business cycle dates.
Apparently, the first factor is an index of real economic activity, and the forecasting
results say that this real activity index is an important predictor of future price and wage
inflation. Of course, thisisjust the well-known Phillips relation. Since both of the small
models include good measures of the state of the real economy (industrial production in
the VAR; capacity utilization, housing starts and severa of the other variablesin the
leading indicator model) these models can exploit the Phillips relation to forecast future
wage and price inflation, and this accounts for their good forecasting.

Close ingpection of Figure 4.3 suggests that even though forecasts constructed
from capacity utilization will be broadly similar to forecasts using the first factor, there
may be important differences. (For example, compare the series over 1975-78.) This
raises the question: when forecasting future inflation, is alarge model necessary, or
should inflation be forecast using simple measures of real activity like the unemployment
rate, industrial production or capacity utilization. The empirical evidence in Stock and
Watson (1999a) provides a clear answer to this question, at least for typical measures of
aggregate price inflation in the U.S. An index of real activity constructed from alarge
number of variables performs better than any single series representing real activity.
Apparently there is enough idiosyncratic variation in standard activity measures like the
unemployment rate and capacity utilization, that averaging these series to produce an
activity index provides a clearer picture of aggregate activity and more accurate forecasts
of inflation.

While the first factor is easy to interpret, a complete understanding of the

forecasting results requires an understanding of the second and third factors as well.
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Unfortunately, their interpretation and role in explaining future changes in the real

variables is an open question.

5. Discussion

These empirical results raise several issues for economic forecasting and for
macroeconometrics more generally. | will use this section to highlight afew of these
issues and to discuss afew of the large number of open research questions that they
suggest.

Evaluations of the accuracy of macroeconomic forecasts (e.g., Zarnowitz and
Braun (1993) consistently find that “ consensus’ forecasts — averages of forecasts from
many sources — are more accurate that individual forecasts. Averaging is asimple, but
apparently very effective, large-model forecasting approach. How do the factor forecasts
reported here compare to the consensus forecast benchmark? Differences in actual out-of-
sample forecasting (which use real time data) and the simulated out-of-sample
forecasting carried out here (which use revised data) makes a clean comparison difficult.
But, afew calculations are suggestive. LaForte (2000) reports mean square errors for the
consensus forecast from the Survey of Professional Forecasters maintained by the
Philadelphia Federal Reserve Bank (Croushore (1993)), and computes relative mean
sguare errors using univariate autoregressions recursively estimated using the real time
data set constructed by Croushore and Stark (1993). Over the sample period 1969-1998
he reports relative mean square errors of roughly 0.40 for aggregate price inflation
(measured by the GNP/GDP price deflator) and the unemployment rate. (The precise
value of the relative M SE depends on particular assumptions about the dates that
forecasts were constructed and the specification of the univariate autoregression.) This
value of 0.40 isonly dlightly larger than values for price inflation and the unemployment
rate that were found here for the ssmulated forecasts using the factor model. This crude
comparison suggests that the information aggregation in the factor model is roughly

comparable to current best practice of using consensus forecasts.
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While these results are promising, along list of open questions remain. Some are
empirical and some are technical. Let me begin by listing two of the most obvious
empirical questions. First, do the results reported here for the U.S. hold for other
countries aswell? Datalimitations will make this question difficult to answer. For
example, Marcellino, Stock and Watson (2002) study forecasts of the unemployment rate,
inflation and short term interest rates for EMU countries using data on over 500 series
from 1982-1998. They find that estimated factors are highly significant for in-sample
regressions, but they find inconclusive out-of-sample forecast rankings because of the
short sample period. The second question concerns the stability of the forecasting
relations. Thisisimportant in the United States, where the late 1990's seem much
different than the late 1970’s, but is arguably more important for Europe which has
experienced enormous changes in the past decade.

Thelist of open technical questionsislong. The problems of efficient estimation
and inference that have been solved in small models remains an open question in large
models. For example, the estimated factors used in the forecasting exercise reported here
were constructed by the smplest of methods — principal components. While this
estimator is consistent, undoubtedly more efficient estimators can be constructed. The
empirical resultsin Table 4.1 indicated some substantial improvement from using models
with afixed number of factors rather than BIC selected factors, and this suggests that
model selection procedures can be improved.

The existing theoretical results cover 1(0) models, but say nothing about
integrated, cointegrated and cotrending variables. We know that common long-run
factors are important for describing macroeconomic data, and theory needs to be
developed to handle these features in alarge model framework.

The difficult but important issues of nonlinearity and instability must also be
addressed. While some may scoff at the notion that there are large gains from modeling
nonlinearity in macroeconomic time series, much of this (well-founded) skepticism
comes from experience with small models. But large-model results can be quite different.

For example, in an experiment involving 12-month ahead forecasts for 215
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macroeconomic time series, Stock and Watson (1999b) find that univariate
autoregressions generally outperform standard nonlinear models (threshold
autoregressions, artificial neural networks). Yet, in what can be interpreted as alarge-
model forecasting exercise, when forecasts from 50 nonlinear models were averaged,
they outperformed any of the linear models, including combined models

Temporal instability has already been mentioned as an open question in the
context of the empirical work, but there are important technical questions as well. For
example, are large model methods more robust to instability than small model methods?
That is, does the cross-sectional averaging in large model methods mitigate the effects of
instability, and if so, what kinds of instability? There are already some results that relate
to this question: Stock and Watson (1998) show that principal components estimators of
factors remain consistent in the presence of some time variation in the factor loadings,
but more general results are certainly possible and necessary.

While this paper has focused on the problem of macroeconomic forecasting, the
empirical results have more general implications for macroeconometric models. One
need only consider the role that expectations play in theoretical models to appreciate this.
There is an unfortunate bifurcation in the care in which expectations are handled in
macroeconometric models. When expectations are explicitly incorporated in the models,
and when interest focuses on afew key parameters, then empirical researchers are careful
to use methods (like instrumental variables) that are robust to the limited amount of
information contained in small models. However, when expectations are implicitly
included, asthey arein most identified VARS, then researchers are much more cavalier,
raising the possibility of large omitted variable biases. As Sims (1992) and Leeper, Sims
and Zha (1996) argue, this can have disastrous effects on inference and on policy advice.
For example, Leeper, Sims and Zha show that estimated effects of monetary policy on the
macroeconomy decline sharply as they include more variablesin their identified VAR to
account for the central bank’s forward looking behavior. The largest model that they
consider includes 18 variables, which is very large by conventional standards, but the

results reported above in section 3 suggest that there may be substantial increasesin
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forecastability as the number of variables increases from, say 18 to 50 or to 100. Thus
there may still be large biases even in a VAR as large as the one constructed in their
anaysis. The construction of large-scale VARs or VAR-like models would seem to be a
high priority for the large-model research program.

This paper has really been little more than atease. It has pointed out important
practical problemsin the small-scale macroeconometric models that have been devel oped
by researchers over the past twenty-five years. It has suggested that large models may
solve many of these problems, so that formal statistical models can play amajor rolein
economic forecasting and macroeconomic policy. A few theoretical results concerning
large models were outlined. A set of empirical results were presented that suggest that
these new models yield substantial improvements on small scale models, and indeed may
perform as well as the current best practice of using consensus forecasts. My hope that
others will find this tease intriguing enough to work on these problems and provide
answers for the technical questions and empirical experience with the resulting new

methods.
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Appendix

This appendix lists the time series used in the empirical analysisis Section 4 and 5. The
series were either taken directly from the DRI-McGraw Hill Basic Economics database,
in which case the original mnemonics are used, or they were produced by authors
calculations based on data from that database, in which case the authors’ calculations and
original DRI/McGraw series mnemonics are summarized in the data description field.
Following the series name is a transformation code and a short data description. The
value of the transformation code indicates the transformation discussed in section 3.1.
The transformations are (1) level of the series; (2) first difference; (3) second difference;
(4) logarithm of the series; (5) first difference of the logarithm; (6) second difference of
the logarithm. The following abbreviations appear in the data descriptions: SA =
seasonally adjusted; NSA = not seasonally adjusted; SAAR = seasonally adjusted at an
annual rate; FRB = Federal Reserve Board; AC = Authors' calculations.
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27



88. MOWU
89. MDO

90. MDUWU
91. MNO

92. MNOU
93. MU

94. MDU

95. MNU

96. MPCON
97. MPCONQ

oo oloro oo

MFG NEW ORDERS: MFG INDUSTRIES WITH UNFILLED ORDERS(MIL$,SA)

MFG NEW ORDERS: DURABLE GOODS INDUSTRIES, TOTAL (MIL$,SA)

MFG NEW ORDERS:DURABLE GOODS INDUST WITH UNFILLED ORDERS(MIL$,SA)
MFG NEW ORDERS: NONDURABLE GOODS INDUSTRIES, TOTAL (MIL$,SA)

MFG NEW ORDERS: NONDURABLE GDS IND.WITH UNFILLED ORDERS(MIL$,SA)
MFG UNFILLED ORDERS: ALL MANUFACTURING INDUSTRIES, TOTAL (MIL$,SA)
MFG UNFILLED ORDERS: DURABLE GOODS INDUSTRIES, TOTAL (MIL$,SA)

MFG UNFILLED ORDERS: NONDURABLE GOODS INDUSTRIES, TOTAL (MIL$,SA)
CONTRACTS & ORDERS FOR PLANT & EQUIPMENT (BIL$,SA)

CONTRACTS & ORDERS FOR PLANT & EQUIPMENT IN 1992 DOLLARS (BCl)

Prices and Wages (PWG)

98. LEHCC
99. LEHM

100.
101.
102.
103.
104.
105.
106.
107.
108.
109.
110.
111.
112.
113.
114.
115.
116.
117.
118.
119.

PMCP
PWFSA
PWFCSA
PWIMSA
PWCMSA
PSM99Q
PUNEW
PU83
pU84
PU8S5
pPUC
PUCD
PUS
PUXF
PUXHS
PUXM
GMDC
GMDCD
GMDCN
GMDCS

N NoNoN N N N NN NN NN Mol el ol el i erRe))

AVG HR EARNINGS OF CONSTR WKRS: CONSTRUCTION ($,SA)
AVG HR EARNINGS OF PROD WKRS: MANUFACTURING ($,5A)
NAPM COMMODITY PRICES INDEX (PERCENT)

PRODUCER PRICE INDEX: FINISHED GOODS (82=100,5A)
PRODUCER PRICE INDEX:FINISHED CONSUMER GOODS (82=100,SA)
PRODUCER PRICE INDEX:INTERMED MAT.SUPPLIES & COMPONENTS(82=100,SA)
PRODUCER PRICE INDEX:CRUDE MATERIALS (82=100,SA)
INDEX OF SENSITIVE MATERIALS PRICES (1990=100)(BCI-99A)
CPI-U: ALL ITEMS (82-84=100,SA)

CPI-U: APPAREL & UPKEEP (82-84=100,5A)

CPI-U: TRANSPORTATION (82-84=100,SA)

CPI-U: MEDICAL CARE (82-84=100,SA)

CPI-U: COMMODITIES (82-84=100,SA)

CPI-U: DURABLES (82-84=100,3A)

CPI-U: SERVICES (82-84=100,5A)

CPI-U: ALL ITEMS LESS FOOD (82-84=100,SA)

CPI-U: ALL ITEMS LESS SHELTER (82-84=100,SA)

CPI-U: ALL ITEMSLESS MIDICAL CARE (82-84=100,SA)
PCE,IMPL PR DEFL:PCE (1987=100)

PCE,IMPL PR DEFL:PCE; DURABLES (1987=100)

PCE,IMPL PR DEFL:PCE; NONDURABLES (1987=100)

PCE,IMPL PR DEFL:PCE; SERVICES (1987=100)

Money and credit quantity aggregates (Mon)

120.
121.
122.
123.
124.
125.
126.
127.
128.

Interest rates (Int)

129.
130.
131.
132.
133.
134.
135.
136.
137.

FM1
FM2
FM3
FM2DQ
FMFBA
FMRRA
FMRNBC
FCLNQ
FCLBMC

FYFF
FYCP90
FYGM3
FYGM®6
FYGT1
FYGTS
FYGT10
FYAAAC
FYBAAC

6

6
6
5
6
6
6
5
1

NMNNPNONNONNNDNDN

MONEY STOCK: M1(CURR,TRAV.CKSDEM DEP,OTHER CK'ABLE DEP)(BIL$,SA)
MONEY STOCK:M2(M1+ON RPS,ER$,G/P&B/D MMMFS& SAV&SM TM DEP(B$, SA)
MONEY STOCK: M3(M2+LG TIME DEP,TERM RP'S&INST ONLY MMMFS)(BIL$,SA)
MONEY SUPPLY-M2 IN 1992 DOLLARS (BClI)

MONETARY BASE, ADJFOR RESERVE REQUIREMENT CHANGES(MIL$,SA)
DEPOSITORY INST RESERVES. TOTAL,ADJ FOR RESERVE REQ CHGS(MIL$,SA)
DEPOSITORY INST RESERVES:NONBOR.+EXT CR,ADJ RES REQ CGS(MIL$,SA)
COMMERCIAL & INDUSTRIAL LOANS OUSTANDING IN 1992 DOLLARS (BCl)
WKLY RPLG COM'L BANKS:NET CHANGE COM'L & INDUS LOANS(BIL$,SAAR)

INTEREST RATE: FEDERAL FUNDS (EFFECTIVE) (% PER ANNUM,NSA)
INTEREST RATE: 90 DAY COMMERCIAL PAPER, (AC) (% PER ANN,NSA)
INTEREST RATE: U.STREASURY BILLS,SEC MKT,3-MO.(% PER ANN,NSA)
INTEREST RATE: U.STREASURY BILLSSEC MKT,6-MO.(% PER ANN,NSA)
INTEREST RATE: U.STREASURY CONST MATURITIES,1-YR.(% PER ANN,NSA)
INTEREST RATE: U.STREASURY CONST MATURITIES,5-YR.(% PER ANN,NSA)
INTEREST RATE: U.STREASURY CONST MATURITIES,10-YR.(% PER ANN,NSA)
BOND YIELD: MOODY'S AAA CORPORATE (% PER ANNUM)

BOND YIELD: MOODY'S BAA CORPORATE (% PER ANNUM)
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138.
139.
140.
141.
142.
143.
144.
145.
146.

FYFHA

SFYGM3
SFYGM6

SFYGT1
SFYGTS

SFYAAAC
SFYBAAC

SFYFHA
PPSPR

147. TBSPR

RPRRPRRRPRRERREN

SECONDARY MARKET YIELDS ON FHA MORTGAGES (% PER ANNUM)
Spread FYGM3 - FYFF

Spread FYGM6 - FYFF

Spread FYGT1 - FYFF

Spread FYGT5 - FYFF

Spread FYAAAC - FYFF

Spread FYBAAC - FYFF

Spread FYFHA - FYFF

Public-Private Spread FY CP90-FYGM3

Term Spread FYGT10-FYGT1

Exchange rates, stock prices and volume (ESP)

148.
149.
150.
151.
152.
153.
154.
155.
156.
157.
158.
159.
160.

FSNCOM
FSPCOM
FSPIN
FSPCAP
FSPUT
FSDXP
FSPXE
EXRUS
EXRGER
EXRSW
EXRJAN
EXRUK
EXRCAN

5

oo o1Tolk~ = o101 0101

NYSE COMMON STOCK PRICE INDEX: COMPOSITE (12/31/65=50)

S&P'S COMMON STOCK PRICE INDEX: COMPOSITE (1941-43=10)
S&P'SCOMMON STOCK PRICE INDEX: INDUSTRIALS (1941-43=10)
S&P'S COMMON STOCK PRICE INDEX: CAPITAL GOODS (1941-43=10)
S&P'SCOMMON STOCK PRICE INDEX: UTILITIES (1941-43=10)

S&P'S COMPOSITE COMMON STOCK: DIVIDEND YIELD (% PER ANNUM)
S&P'S COMPOSITE COMMON STOCK: PRICE-EARNINGS RATIO (%,NSA)
UNITED STATES,EFFECTIVE EXCHANGE RATE(MERM)(INDEX NO.)
FOREIGN EXCHANGE RATE: GERMANY (DEUTSCHE MARK PER U.S.$)
FOREIGN EXCHANGE RATE: SWITZERLAND (SWISS FRANC PER U.S.$)
FOREIGN EXCHANGE RATE: JAPAN (YEN PER U.S.$)

FOREIGN EXCHANGE RATE: UNITED KINGDOM (CENTS PER POUND)
FOREIGN EXCHANGE RATE: CANADA (CANADIAN $ PER U.S.$)
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Table3.1
Distribution of Absolute Value of t-Statistics

Percentile

25t 50" 0.75
Sandard Normal 0.31 0.67 1.12
All Indicators 0.40 0.84 1.46
| ndicator
IP 0.66 1.16 1.65
PUNEW 0.28 0.63 1.06
FYFF 0.82 1.51 2.29
PMCP 0.45 1.02 1.82
LPHRM 0.70 1.22 1.93
LHU5 0.90 2.32 3.92
MOCMQ 0.32 0.66 1.12
PMDEL 0.30 0.68 1.19
MSONDQ 0.26 0.51 0.80
HSBR 0.63 1.27 2.10
FSPCOM 0.28 0.66 1.39
FM2DQ 0.54 1.12 1.79
SFYGT5 0.71 1.55 2.24
HHSNTN 0.69 1.44 2.36
PPSPR 0.64 1.39 2.21
LHUR 1.18 2.26 3.49
GMCNQ 0.40 0.75 1.31
FM1 0.34 0.80 1.33
FM2 0.30 0.64 1.11
PSM99Q 0.29 0.60 0.99
PWCMSA 0.26 0.54 0.90
MDU 0.50 0.97 1.46
IVMTQ 0.48 0.95 1.43

Notes; The table shows the 25", 50" and 75" percentiles of the absolute values of the t-
statistics for the regressors shown in the first column across 160 forecasting regressions
as described in Section 3.
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Table4.1
Median of Relative M SEs

Number of Factors
Series BIC Choice 1 2 3
Category
Overdl 0.81 0.88 0.77 0.81
Output and 0.67 0.95 0.73 0.72
Income
Employment 0.75 0.78 0.69 0.74
and hours
Consumption 0.90 0.98 0.85 0.88
and Sales
Inventories and 0.90 0.92 0.81 0.86
Orders
Pricesand 0.46 0.45 0.45 0.48
Wages
Money and 0.63 0.63 0.63 0.64
Credit
Interest Rates 0.81 0.85 0.83 0.82
Exch. Rates and 0.97 0.96 0.96 0.94
Stock Prices

Note: This table shows the median of the mean squared error of the
factor models for the series in the category listed in the first column. The
mean squared errors are relative to the MSE for the univariate
autoregression.
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Figure 4.2 Relative MSE by Forecast Category
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Notesto Figure 4.2
Variable Categories:

1. Output and income

2. Employment and hours

3. Consumption, manufacturing and retail sales, and housing
4. Inventories and inventory-sales ratios

5. Prices and wages

6. Money and credit

7. Interest rates

8. Exchange Rates, stock prices and volume



Standardized Values

Fiqure 4.5
Factor 1 and Index of Capacity Utilization

First Factor
— —— Capacity Utilization

1960 1965 1970

1975 1980
Date

1985

1990

1995

2000



