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ABSTRACT

FORCASTING THE MONEY STOCK

by

Philip Pfaff

A number of economic models exist which have the money
stock as the endogenous variable. However, these models
have not been systematically exposed to what many maintain
is the ultimate test of an economic model: predictive per-
formance. The subject of this dissertation is the examin-
ation of the predictive performance of a cross-section of
money stock models.

The models examined ranged from mechanistic models to
two equation models estimated with TSLS estimation techni-
ques. Some models examined had explanatory variables which
primarily reflected the behavior of the banking system,
e.g. reserves and the discount rate, while other models had
explanatory variables which primarily reflected the private
non-bank sector, e.g. interest rates and income. The mech-
anistic models were either autoregressive models of the
money stock or money multiplier models which assumed that
the multiplier either did not change or changed at a con-

stant rate over the forecast period.
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Predictive performance of the models for the 1961-1970
period was examined. Where parameter estimation was
necessary, 1947-1960 data was used. In order to reduce the
role of judgment in using the models, all models forecast
ex post, i.e. the actual values of the exogenous variables
were used. The root mean square error (RMSE) statistic was
used as the measure of predictive performance. Other pre-
diction evaluation statistics were used, but their ranking
of predicitve performance differed little from the RMSE
ranking.

The autoregressive seasonally adjusted money stock and
the no-change money multiplier model were the two models
which forecast with the lowest RMSE. The strong time trend
of the money stock data was one explanation of the good
predictive performance of the autoregressive model while
the relative stability over time of the multiplier con-
tributed to.the low RMSE of the multiplier model.

The best performing economic models, i.e. models with
expanatory variables in addition to the lagged values of
the dependent variable, were a number of single equation
models. One had a short-term interest rate, income (or
permanent income), and the lagged dependent variable as
explanatory variables with all quantity variables expressed
in nominal or real terms. Another had total reserves plus
reserves released through changes in the reserve require-
ment, the short-term interest rate, and the discount rate

as explanatory variables. No two-equation model performed
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better than these single equation models just mentioned.

Predictive performance was improved in this dissertation
a number of ways. Including the lagged dependent variable
in a forecasting equation almost without exception improved
prediction performance. Linear combinations of the resi-
duals of prior period(s) when added to the constant term
of the equation also lowered the RMSE. Correction for
first-order autocorrelation also improved predictive per-
formance.

Where possible, the models were tested for the existence
of structural shift. In this study it was observed that
structural stability was neither a necessary or a sufficient
condition for a low RMSE forecast, i.e. in some cases where
the hypothesis that structural shift had occurred could not
be rejected, the model forecast with a low RMSE; and in
other cases where the hypothesis was rejected the model
forecast with a relatively high RMSE.

The impressive performance of the mechanistic models vis-
a-vis economic models in forecasting the money stock should
serve as a challenge to the econometric model builder. It
also indicates that such mechanistic models provide a tough

standard of comparison for conventional economic models.
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CHAPTER I
INTRODUCTION

Many economists view the predictive performance of an
economic model as its ultimate test. In light of this, in
recent years increased attention has been paid to the pre-
dictive performance of econometric models. Most of this in-
terest, however, has been focused on forecasts of GNP, or
its principle components, while little attention has been
paid to models that can be used to forecast the money stock.

This dissertation is an attempt to begin filling in this
lucuna. This project will inevitably go beyond the question
of which money stock model forecasts best. For example, it
will have implications for the question of the importance
of the role of money in the economy. The dissertation will
also briefly discuss a variety of prediction evaluation
statistics, and examine how well they perform in actual

Practice. But the basic question will remain: how satisfied
can the econometric model builder be with the current
models of the money stock.

The dissertation will be organized in the following
fashion. Econometric forecasting and its evaluation will be
surveyed in Chapter II. An introduction to the various
techniques of evaluating the performance of predictions will

also be part of this chapter. Various money stock models



which can be used for forecasting are then described in
Chapter III. The next three chapters discuss the appli-
cation of these models to forecasts of the money stock for
the 1961-1970 period. Data from the 1947-1960 period are
used to estimate the parameters of the models. Chapter IV
will deal with meéhanistic money stock models, Chapter V
with single-equation models and Chapter VI with simple
simultaneous equation models. Chapter VII will tie to-

gether the results derived from these chapters.



CHAPTER 1II
FORECASTING WITH AN ECONOMETRIC MODEL

Until recently economic forecasting has been an
"artistic, subjective, and personal" endeavor [Klein,
1968, p 9], but with the development of theory--both
economic and econometric--and the availability of
reasonably reliable and extensive data and machines
capable of manipulating this data, economic forecasting
has become more objective. Most forecasting models
used by economists still require the use of the fore-
caster's judgment in order to make forecasts with
small errors. Nevertheless the results of mést
forecasting models can be replicated and the fore-
cast analyzed. It may, in fact, be possible to as-
certain, at least partially, the source of a forecast
error. The development of a number of different models
each explaining the same economic variable (e.g. GNP)
has allowed us to compare the forecasting ability of
particular models (as opposed to comparing economic
forecasters who would usually have difficulty con-
sistently replicating their forecasts).

In this chapter econometric forecasting and its eval-
uation will be discussed. In Chapter III econometric
forecasting of the money stock will be discussed.

3



A. FORECASTING MODELS
1. Non-econometric forecasting models

The business cycle attracted the early economic fore-
casters. For example, Wesley Mitchell and the National
Bureau of Economic Research (NBER) attempted to forecast
the behavior of economic aggregates such as GNP and the
national income components by tracking leading indicators:
economic events which usually preceeded turning points in

1.2 Since World War II, forecasts based

the business cycle.
on data from surveys of the buying intentions of consumers
have been made. These forecasts using anticipations data
have been used to predict either consumption (usually of
durables) or investment. While on the whole such fore-
casts are unreliable [Evans, 1969, p 494], they are fre-

3

quently more reliable than mechanistic forecasts,~ and so

this forecasting technique continues to be used.4

1. Use of the leading indicator methodology was not limited
to the NBER. For an example a bit removed from the NBER
mainstream, see Roos, 1955, pp 369-379.

2. For a review of early attempts at economic forecasting,
see Zarnowitz, 1968, 1968; Roos, 1955. For a recent dis-
cussion of leading indicators and NBER methodology, see
Evans, 1969, pp 445-460.

3. Mechanistic forecasts depend solely on the statistical

characteristics of the data series, e.g. an autoregressive
model. A good example of such a mechanistic model is Jus-
ter's, an autoregressive model with up to 8 lagged values

of the dependent variable. Juster, 1969, pp 226-229.

4. This grossly oversimplifies the case for forecasting
with anticipations data. It is, however, an example of a
widely used forecasting technique which forecasts
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Economists (usually along with businessmen and govern-
ment officials) have been frequently surveyed to determine
what they feel certain economic aggregates will be in the
future. Since the forecast aggregate depends upon the
judgment of the participants in the survey, this forecast
is frequently called a judgmental forecast. Zarnowitz
[1967] examined the prediction performance of these fore-
casts and found that judgmental forecasts performed better
than did no-change and same-change extrapolations of the
series being forecast. Other studies have confirmed that
judgmental forecasts predict better than mechanistic fore-
casts.5 Of course the success of recent judgmental fore-
casts must be viewed with caution since the judgments of
many individual economists (and others) may have been

influenced by forecasts made with econometric models.
2. Econometric forecasting models

The econometric model has greatly increased the ob-

jectivity of the econometric forecast.6 While there were

variables of interest to the economist, but which makes
little use of econometric techniques or the more conven-
tional economic data series.

5. For example, see Stekler, 1970, pp 74-91. Smyth, 1966
summarizes the performance of Australian judgmental fore-
casts and compares them with judgmental forecasts for
other countries.

6. Forecasting it seems will never be completely objective.

Much judgment is required to successfully specify, estimate,
and use even (or especially?) the largest econometric fore-

casting models.



earlier macro-econometric models, the Klein-Goldburger
model is the water-shed in the use of macro models by the
economist.7 Christ's review article of the Klein-Gold-
burger model [Christ, 1956] included one of the first eval-
uations of the predictive performance of an econometric
model. The shift in attitude towards econometric models
which occurred around this time can be seen in two articles
which discussed econometric methods of forecasting. Bassie,
for example, saw too many inflexibilities introduced by
the econometric approach to forecasting, and maintained
that such an approach would remain impractical. |[Bassie,
1955, p 33]. Roos [1955], on the other hand, gave an
optimistic prediction of the future role of econometric
models in forecasting.

Econometric models have come a long way since the Klein-
Goldburger model. Many are quite small, consisting of one
or two equations; while others are quite large.9 Some have

10

been designed explicitly for forecasting, while others

have been designed to examine the behavior of a certain

7. The review article by Fox, 1956 brings this out most
strongly.

8. Roos stated that "the modern econometric forecaster,
viewing the economy as an elastic membrane in disequilibrium,
is forever on the altert to identify new impressed forces
that might reinforece or negate his forecasts." Roos, p 395.
9. For example, The Brookings model. Duesenberry, 1965.

10. For example, the Wharton-EFU model. Evans, 1968.



sector of the economy.ll There are, in fact, a number of
models which can be used to forecast the money stock some

of which will be discussed in the next chapter.
3. Judgment and forecasting with an econometric model

While the objective nature of forecasts generated by an
econometric model will be emphasized in this study, judg-
ment is necessary for successful econometric forecasting.
For example, in the actual forecasting situation the values
of the exogenous variables must be chosen. In many cases
the constant terms of the equations are adjusted to re-
flect the forecaster's estimation of the size and impact
of structural shifts in the economy, or the behavior of the
residual term of the pervious periods. Further adjustments
may be made if, after making a preliminary forecast, the
resultant prediction of the endogenous variables simply do
not look correct to the forecaster.12

Since we want to compare the predictive ability of vari-
ous econometric models, and not the various forecasters,
the role of judgment in using a forecasting model must be
minimized. Thus in evaluating forecasts actual values of
exogenous variables for the periods forecast (henceforth,

ex post values) will be used rather than the values of the

1ll1. The FRB-MIT model, for example, emphasized the role of
the financial sector of the economy.

12. For a description of this process, see Evans, 1972,
pp 1126-1128, and Klein, 1968, pp 50-51.



exogenous variables which are themselves predicted when
making forecasts (henceforth, ex ante values), and while
constant adjustment terms may be used to improve the per-
formance of the models, the adjustments will be mechanical.
This approach rules out evaluation of forecasts using ex
ante data and equation adjustments based on the forecaster's
feel of the economy.13 Forecasts using ex ante data fre-
quently predict better than forecasts using ex post data
even though both forecasts make use of constant adjust-

ments.14

B. FORECASTING ERRORS IN ECONOMETRIC MODELS
1. Sources of forecasting error

The world is stocastic, not deterministic, and therefore
we will always be confronted with forecasting error. The
relationship between the dependent variable (Yt) and the
independent variable (Xt) can be expressed in the form

(assuming that the relationship between the two is linear):

(2.1) Yt = Bo + let + e,

where et is a random disturbance term. Standard

13. Klein, 1968, p 42 maintains that such judgmental adjust-
ments are an important element in any realistic forecasting
situation. So a loss of realism is the price of using the
ex post approach.

14. See Haitovsky, 1970 and Su, 1971. Possible explanation
of why the use of ex ante data leads to better forecasts
than the use of ex post data is discussed in these articles.



econometric theory is that the total variance of the fore-

casting error of the predictionls
(2.2) Y, = By + B;X,
. . . 16
is given by the expression
o 2
2 2 1 Xy - X)
[B1 e - D

This suggests that there is a lower limit to forecasting
accuracy.17 Estimating the forecasting error for more
complex situations is difficult. Klein [1968, pp 27-28]
has developed a numerical technique for determining the
standard error of forecast for equations with lagged
endogenous variables, while Feldstein [1971] has con-
structed an estimator for the interval of the forecast
error when the exogenous variables themselves are stochas-

18
tic. But except for the most elementary models,

A

15. Yt is the predicted value of Yt given Xo- B0 and B,
are estimated values of By and B,. (Yt - Y,) is the fore-

cast error, and Sp is an estimate of that error.

16. Kmenta, 1971, pp 240-241l. 82 is an estimate of the

variance of (Yt - (Bg + BjX)). For the multiple regression
case, see Kmenta, 1971, p 375.

17. This expression tells us explicitly that the further
away the independent variable is from its mean, the larger
the standard error of forecast.

18. But three rather restrictive assumptions underlie Feld-
stein's estimation of the interval: the stochastic distur-
bance is not autocorrelated, lagged endogenous variables
are not used, and only linear models are considered.
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estimation of the forecast interval is difficult. Even
when the forecasting error can be estimated, however, the
error is usually greater than the accuracy requirement of
the forecaster [Klein, 1968, p 40], and therefore the fore-
caster is forced to resort to an activity called "fine
tuning." [Evans, 1972, p 952]. This, of course, implies
the application of judgment to forecasting with econometric
models.

The forecaster frequently must use preliminary data
which is to be subsequently revised. There is a trade-off
between data accuracy and reporting speed [Stekler, 1970,
pp 102-121], although in recent years the quality of pre-
liminary data has improved. [Zellner, 1958; Cole, 1969].

19

While this is a problem for the forecaster, the evaluator

of forecasting performance usually has the revised data
available.20

An econometric model assumes that during the period of
the fit, the relationship between the variables in the
model remain fixed (or at least changes are allowed for by

dummy variables). If the model is used for forecasting,

the relationship is assumed to remain fixed. But the world

19. Klein, 1968, pp 68, 42. Klein sees it as an important
research task.

20. Poor data may influence the construction and use of a
econometric model. Do adjustments to the constant term
compensate for poor data, or for structural shifts? This
question is not dealt with here.
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is not that neat. Changes do occur.21

Such change may be
compensated for by adjustment of the constant term al-
though frequently change is either not noticed, or is
difficult to quantify. Cooper maintains that statisti-
cally significant shifts do occur even within a short time
horizon.22 Usually the constant term is adjusted in the
short run and the model is periodically reestimated. Klein
[1968, p 51], however, has pointed out that a freshly esti-
mated system needs adjustment as much after a year or two
as it does after four or five years. This adjustments,
unfortunately, are usually based on the forecaster's feel
for the economy and for how expected changes will appear

in the model. Since we are interested in examining the
behavior of the forecasting model and not the forecaster,
as mentioned above, adjustments of this type will not be
considered.

A forecasting model may be misspecified, and if the
misspecification biases the disturbance variance term,
forecasting error is unnecessarily high. The three mis-
specifications which do increase forecasting error are

omitted variables, incorrect functional forms, and

21. Another possibility is that the model was misspecified.
In this case, while the world may have remained fixed, the
hypothesis that this was the case could be rejected by a
test for structural stability.

22, Cooper, 1972, pp 900-915. Cooper fitted his models
over the period 1949-1 to 1960-4, and found that there was
a significant shift of many of the equations in the models
during the 1961-1 to 1965-4 period.
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heteroskedasticity of the disturbance terms. Careful
examination for misspecification is usually not part of
the model estimation procedure.

Another source of forecast error is incorrect estimation
of the values of the exogenous variables. Evans [1972,
PP 954-956] maintains that the only correct way of evalu-
ating the forecasting ability of a model is by examining
its ex ante forecasting ability. But as Cooper [1972,
p 816] has pointed out, only by comparing the accuracy of
ex post forecasts is the judgmental element held con-

23

stant. In this study, therefore, the ex post values of

the exogenous variables will be used.
2. Reducing forecasting error

When a forecasting model has autocorrelated residuals,
adjustment of the constant term is explicitly specified by
the model. The adjustment for first order autocorrelation

for a T period forecast is

(2.4) A = pTe

t+T t

where A 1is the constant term correction factor, p 1is the
autocorrelation coefficient, t 1is the period when the
forecast was made, T the length of the forecast, and e

is the observed residual for that period.24 A refinement

23. Stekler [Evans, 1972, p 1141] in his discussion of the
Evans approach makes the same observation.

24. Goldberger, 1962. See also Klein, 1968, pp 68, 51-55.
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of this adjustment i525

(2.5) Al = .pT B =
: t+T 2

The over-adjustment that results from exceptionally large
residuals in the latest observed quarter is thereby reduced
[Evans, 1972, p 966], and, where this adjustment has been
used, the forecasting performance of the model has been
improved. Predictive performance of models not corrected
for autocorrelation is frequently improved by introducing
adjustments based on the residuals of prior periods. One
such correction factor was used by Haitovsky [1970,

PP 5(')4-505]:26

" e + e
(2.6) At = t-1 t-2
2

The desired properties of estimated models, e.g. minimum
variance of the forecast endogenous variable, depend upon
error specification of the estimated model meeting the
assumptions of the classical linear regression model.
Otherwise the model is said to be misspecified. The
restrictive nature of these assumptions is usually acknow-
ledged in the course of estimating the model, but whether

the residuals actually meet these assumptions is rarely

25. This adjustment is frequently called the Goldberger-
Green adjustment. Evans, 1972, p 966; Haitovsky, 1972B,
pp 319-320.

26. Such a correction term, of course, implies that the
model is autocorrelated, and assumes that the best cor-
rection technique is a second-order correction scheme
with Py = .5 and py, = .5.
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asked. Four tests for specification error have been
developed by Ramsey [1971] and used by Gilbert [1969] to
determine the proper specification for the demand for

money function.

C. EVALUATION OF THE PERFORMANCE OF A FORECASTING MODEL

When a number of econometric models have the same
dependent variable, comparison of the different models is
inevitable. There are a number of approaches to making
such comparisons.27 For example, a model can be evaluated
on its use of a priori knowledge, or its use of appropri-
ate estimation techniques,28 but the ultimaté performance
criterion is frequently seen to be the model's forecasting

ability.2?

It is this aspect of the performance of
econometric models of the money stock which is the focal
point of this study.

Goodness-of-fit statistics have sometimes served as a
proxy for direct examination of forecasting performance.

The forecaster usually wants maximum mileage from his data,

and so is reluctant to reduce his sample size. This is

27. See Naylor, 1966, pp 311-315; and 1971, pp 154, 158 for
a discussion of the four methodological positions regarding
this question. See also Zecher, 1971.

28, McCarthy in Cooper, 1972, p 934.

29. Naylor, 1966, p 318 maintains that prediction is the
ultimate test of a model.
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30 But since a model

particularly true with large models.
may perform quite differently outside its estimation period,
goodness-of-fit statistics do not necessarily indicate good
forecasting ability. Nelson [1972], for example, has shown
that within the estimation period the consumption-invest-
ment block of the Penn-FRB-MIT model explains a high pro-
portion of the variation of the block's endogenous variables,
while outside the estimation period a significantly higher
proportion of that variation is explained by a mechanistic
model. Such results are not uncommon. The goodness-of-fit
criteria may also promote "data mining," i.e. estimating a
wide range of possible models and using the model with the
best fit statistics. In such a case goodness-of-fit cri-
teria provides little indication of the validity of the
model.31

It is generally agreed, therefore, that the more rigor-
ous test of a model is to forecast with the model, and
evaluate its predictive performance. [Jorgenson, 1970,
p 214]. Using either ex ante [Evans, 1972] or ex post
[Cooper, 1972] values for the exogenous variables, the

endogenous variables are predicted and then compared to

actual values. Occasionally prediction evaluation stops

30. Of course once a model has been estimated and used for
forecasting, after a while it is possible to study its pre-
dictive performance. This has been done in Evans [1972] for
the Wharton-EFU model and the OBE model.

31. Jorgenson, 1970, p 214 elaborates on this problem.
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32

there but usually summary statistics are calculated to

aid in the evaluation of the prediction performance of a
particular model. These statistics are the subject of this

section.
l. Conventional test statistics

The two principal prediction evaluation statistics are

the root mean square error (RMSE) statistic

1 ¢n A 2
_ = Y, - Y
(2.7) RMSE = /n 2t=1 ( & t)

and the mean absolute error (MAE) statistic

(2.8) MAE = L
n

The MAE statistic is preferred by Klein because of its
simplicity and ease of understanding [Klein, 1968, p 40],
while others prefer the RMSE because it has a quadratic

. 33 . L c s
loss function. Two variations of these two statistics
are the mean squared error statistic (which, however, does
not have the same dimension as the error term), and the

mean percent absolute error statistic. Occasionally the

32. For example, Christ, 1956, where the predictive per-
formance of the Klein-Goldburger model is tabulated.

33. The loss function of the MAE statistic in linear. Pro-
ponents of the RMSE statistic assume, at least implicitly,
that they become more concerned about an error as it in-
creases in magnitude. For more on this, see Fromm, 1964.
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rnage of the prediction error is used [Fromm, 1964, pl4].
Naylor [1971, pp 159-160] suggests the possible use of

spectral analysis and various non-parametric tests.

2. Other test statistics

d34 but rarely used,

Another approach, frequently propose
is to regress the forecast values on the actual values of
the prediction model, and to examine the test statistics

. . . 2
associated with the regression. In other words, the R of

the regression

. ~ = A + A +
(2.9) Yt Bo BlYt et

would be examined along with the standard error of the
regression and the closeness of B0 to zero, B1 to one.
This approach willrbe used in Chapter 1IV.

The model can also be examined to determine whether
structural shift has occurred between the estimation period
and the forecast period.35 This is the most powerful of

the univariant tests with the same level of Type I error

(the incorrect rejection of the null hypothesis).36 The

34. See Klein, 1968, p 39; Mincer, 1969, pp 9-10; and
Naylor, 1971, pp 159-160.

35. An implicit assumption of any test for structural
stability is that the model is correctly specified. Re-
jection of the hypothesis that no structural shift has
occured may indicate that the model is in fact misspeci-
fied. Ramsey, 1969, has developed tests of misspecifica-
tion.

36. Jorgenson, 1970, p 218. The test is from Chow, 1960.
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structural shift statistic as described by Chow37 has an F
distribution. Cooper described a less powerful alternative
structural shift statistic, i.e., that of the adjusted ratio
of the sum of squared residuals over the forecast period
to the reduced form mean squared error over the fitted
period, which has a Chi-square distribution.

While stability may be desirable in a forecasting model,
a clear-cut relationship does not necessarily exist between
tests for stability and the forecasting ability of a
model. [Cooper, 1972, p 919]. The techniques described
ignore the interdependence in simultaneous equation models.
Also coefficients may change over time in such a way that
forecasting performance of the model improves. And, of
course, the test for structural change may fail (i.e. a
Type I error is made).38

Another approach to the evaluation of predictive per-
formance is to ask whether the model forecasts better than
a naive or mechanistic model. The simplest naive models

are the no-change model

2.1 Y =Y
( 0) £ e-1

and the same change model

(2.11) Y =2Y _, - Y ..

37. This test is described by Kmenta, 1971, p 370.

38. See p 26 where we evaluate the actual performance of the
test.
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There are, of course, other forms for naive models.
In recent years a growing use has been made of the auto-

regressive mode139

A - p
(2.12) ¥y = ]°_, B,Y .

. . 40
as a standard of comparison for econometric models. A

more sophisticated mechanistic model is the Box-Jenkins
model. If the process being specified is stationary, i.e.
the process repeatedly returns to the neighborhood of the
mean, then the process can be discribed by a combination of
an autoregressive equation (such as just described) and a

moving average equation:41

A _ p _
(2.13) ¥, =a,+ )7 By . +u - ]9

A'u 20
t i=1l j=l J t-

J

The criteria for proper identification (i.e. what are the
optimum values of p and q) are minimization of the number
of parameters and minimization of the mean squared resi-
duals. When the process is not stationary (e.g. GNP,
prices), successive differences are taken until the model
exhibits stationarity. First differences are usually suf-
ficient to bring about a stationary situation with economic

data [Nelson, 1973, chapter IV, section 1]. A model whose

39. For a description of such models, see Klein, 1968, p 43;
or Cooper, 1972, pp 830-831.

40. p is usually chosen so that standard error of the model
is minimized.

41.1.1 '=Y --Y

t-3j t-3 t-3° A, is the mean of Y.
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values of p and g are both 1, and where stationarity

results from taking the first difference would be

Identification and estimation of the model requires itera-

tive techniques for which computer programs exist. [Nel-
son, 1973].42

Another statistic used to evaluate the predictive per-
formance of a model is the Theil inequality coefficient
[Theil, 1966, pp 27-28]--the ratio of the MSE statistic

of the model to the MSE of the no-change naive model43

n A 2
Yooy (Ye= Yy)

(2.15) py2 =-t1 't 't
2

t=1 't )

The value of U2 will be a positive number. The model

which predicts perfectly has U2 = 0; if the forecast per-

formed only as well as the no-change model, then U2 = 1.
A variation of this statistic is the Janus coefficient

n+m
2.16) 32 = /™ Tetnn Qe - vp)?

(1/n) 2., (3, - v 2

——

42,

Box, 1970 presents this model in all its rigor.

Nelson,
19 72A, pp 11-14 has a brief summary of the above while
Ne 1son, 1973 gives a rather complete explanation of the
technique.

43 . In some write-ups of the coefficient, Yt and Y, are
£i rst differences.

t
See Theil, 1961 and Theil, 1966.
44 . Gaad, 1964.
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This coefficient resembles the F ratio, but since time
series data usually exhibit autocorrelation and the fore-
cast values in the numerator are obtained by extrapolation
from those in the denominator, it does not have a F
distribution.

The numerator of the Theil and the Janus coefficients
are sometimes decomposed and these decompositions are said
to measure the degree of bias, unequal variation, and in-
complete variation in the forecasting model. [Theil,
1966]. But Jorgenson [1970] has questioned the usefulness
of the decomposition. This issue will be discussed in
the Appendix of this chapter.

An evaluation technique for single period ex ante fore-
Casts made with simultaneous equation models has been out-
lined by Haitovsky [1970]. Haitovskey examined the error
of the individual equations when ex ante and ex post data
are used, as well as the effect of three forms of con-
stant adjustment.45 The effects that different data sets
and different constant adjustments have on the entire
SYs tem is also examined. This technique revealed that con-
tant adjustments did improve the 1966-3 Wharton-EFU fore-
Cast [Haitovsky, 1970], and the 1968-3 OBE forecast per-
formed better with ex ante values of the exogenous than

With ex post values. [Su, 1971].

e ———

4S5 . The three forms of constant adjustment were no adjust-
Ment, average residual adjustment (A = ug_y +u._,1 7 2),

ANAQ the adjustment actually used by the forecaster.
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D. STUDIES OF FORECASTING PERFORMANCE

Studies of the forecasting ability of money stock models,

unfortunately, are rare. With the exception of work done by

the Research Department of the Federal Reserve Bank of St.
Louis,46 the predictive performance of monetary models is

at best a side issue. Tobin and Swan [Tobin, 1969], for

example, maintained that the forecasting superiority of a
naive model and a trend model over two examples of a Fried-
man-Swartz money model lessened the significance of the re-
lationship between the money stock and Friedman's permanent
income. Christ's [1971] comparison of models of the finan-
cial sector described the predictive performance of the
models, but concentrated on the model's structure and theo-
retical foundation rather than its actual performance.
This section describes the measurement of forecasting

Pexrformance of econometric models other than money stock

models as a means of illustrating forecasting evaluation

techniques.
l. Comparison with mechanistic models

Frequently the prediction performance of an econometric

Mode] jis compared to that of a naive model.?? christ [1956],

e ———

46 . This research will be discussed in the following
chapters.

47. There are test statistics which make implicit use of
SUch criteria. The R? statistic, for example, compares the
explanatory power of the regression against the average
Value of the dependent variable.
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for example, compared a no-change naive model with the
Klein-Goldburger model and found that the naive model fre-

guently forecast certain components of GNP better than the

econometric model. Evans [1972, p 967] in his large-scale

study used both a no-change and a same-change model as

standards of comparison. A variety of naive models has

been used. Smyth [1966] compared three specifications of

the same-change naive model to forecast the components of

Australia's GNP49 along with an average (for the entire

period) change model. In this case, only the average

change mode1°° occasionally outperformed the econometric

model. Some studies of judgmental forecasts have also used

naive models as a standard of comparison. [Zarnowitz,

1967, pp 83-88].

The autoregressive model has come into favor as a stan-

51

dard of comparison for forecasting models. For example,

Green [1972, p 51] compared autoregressive models with 2

and 4 lagged dependent variables to various equations of

48 . His same-change model for forecasts up to 6 months was

Yogp = Yo + T (Y, =Y y)

Whexre T is the length of the forecast.

49 . These were

(1/3) zf=1 $AY,_.; and
(1/5) 3., sAY__..

%AYt

$AY
t

SO. This of course is an ex post concept.

S1. Equation 2.12.
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the OBE model in predicting components of GNP. The OBE
model proved to be superior to the éutoregressive models.
Jorgenson [1970, pp 203, 208] found that a fourth order
autoregressive model for different investment components
predicted better than the poorer performing econometric
models in his study. But this was an arbitrary way to
choose the number of lagged terms for the autoregressive
model of each investment component. Cooper [1972, pp 830-
831] chose the number of variables which would minimize
the RMSE of the equations and found that the autoregressive
model frequently outperformed (i.e. had smaller RMSE) the

equations of some large econometric models of the U. S.

economy.
The Box-Jenkins generalization of the mechanistic model53

was used in Nelson's [1972A] study of the term structure of
interesst rates, and again [Nelson, 1972B] in his study of

the Penn=-FRB-MIT model.54 In the latter case, within the

52. cCooper, 1972, p 917 summarized his results by choosing
tl:le best performing model for 33 endogenous variables. No
S1ngle model was superior. Of the 33 variables, the econo-
Metric model performed best for both the period of fit and
Of forecast 6 times, the autoregressive model performed

best+ 13 times, and the autoregressive model performed best
for the period of fit 8 times, and for the forecast period

times.
S3. Equations 2.12 and 2.13.

54 . Two examples from the Penn-FRB-MIT model study (Nelson,
l972}3, p 915) are the equations for gross national product

GNPt = GNPt—l + .615(GNPt_1 - GNPt-Z) + 2.76 + u,

AN4A pon-farm inventory investment
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estimation period the econometric model itself contributed
much towards minimizing forecasting error; but outside the
estimation period the Box-Jenkins model tended to perform

better.55

It seems probable that this model will super-
cede the other mechanistic models in those cases where

time or expense is not a constraint.
2. Other prediction evaluation statistics

The Theil inequality statistic has been widely used for
prediction evaluation. For an example, see much of the work
of Stekler [1970]. Use of the decomposition of the Theil
inequality statistic is also widespread. Theil has used
the decomposition on a range of projects [Theil, 1961, 1966]
as had Kuh [1963] in his study of capital investment, Smyth
[1966] in his examination of Australian judgmental fore-
casts, and Evans [1972] in his analysis of large scale
models of the U.S. economy. But nowhere in these investi-
gations was an attempt made to discuss the Jorgenson cri-
tique of the approach.

The test for structural shift has been used, but the

I = () I + lc + + . + . L4
€ 581 -1 69 ut 0013 Uy 742 ut_2
The first equation illustrates the difference and auto-
regressive forms of the model, the second the autoregres-
Sive and moving average forms of the model.

55. Nelson also used a composit prediction using both
models. The composit model was better than the Penn-FRB-
MIT model for 12 out of 14 variables while it was better
than the Box-Jenkins model for only 7 out of 14 cases.
Neilson, 1972B, p 915.
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test results at times conflict with other prediction evalu-
ation statistics. For example, the MSE for real total con-
sumer expenditures over the forecast period in Cooper [1972,
p 875] study is lowest for the OBE model yet this model ex-
hibited the greatest degree of structural shift [p 902].
This pattern, however is not consistent. Current plant and
equipment expenditure, for example, in the Fromm model has
the lowest MSE [p 877] and least structural shift [p 903].
Such inconsistancy is also seen in Stekler's [1970, pp 65,
69] comparison of inventdry forecasts. Ranking forecasts by
the Theil inequality statistic differs from ranking by the
structural shift test statistic. For example, See Table 2.1
‘where ten models are ranked by relative lack of structural
shift>® and the inequality statistic for two different time
periods. While structural stability is a desirable char-
acteristic for a forecasting model, it is obviously not

necessary for good forecasting performance.

TABLE 2.1°7

RANKING OF PREDICTION TEST STATISTICS

Lack of shift 1 2 3 4 5 6 7 8 9 10
Ul 1 9 6 3 5 2 4 7 8 10
0

U2 1 1 2 4 9 3 5 9 8 6

56. Since the degrees of freedom associated with each of
the F ratios are different, it is the significance level
which is ranked.

57. From Stekler, 1970, p 65, Table 3-1, and p 69, Table 3-4.
The first row is the ranking of each model based on the Chow
test for structural shift. The other two rows give the rank
Of the model cited in the first row based on the Theil
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E. SUMMARY

This chapter has presented a range of statistics which
can be used to measure the predictive performance of
econometric models. These statistics will be used to eval-
uate the forecasts made by the money stock models which are

discussed in the next chapter.

inequality statistic. Ul is for the period 1948-3 to 1964-
4; U2 is for the 1953-1 to 1964-4 period.



APPENDIX TO CHAPTER II
THE THEIL INEQUALITY COEFFICIENT

Theil attempted to evaluate the predictive performance of
an econometric model by means of what he called an inequal-

ity coefficient: the scaledl mean squared error2

(a.1)  a/m [ (@ - A’

The most useful characteristic of the coefficient, Theil
maintained, was the decomposed form of the coefficient
which measured three attributes of the forecasting model.

The usual form of the decomposition was

n _ 2 _ = _ =2 _ 2
(2A.2) (1/n)zi=l(1>i A) = (F-R)" + (s s

where

(1/m) I7_, ®; - B)7,

P YN

(1/n) 2’;31 @a, - %)%, and

1. Theil used at least two different scaling factors:

( V{I/a)TF7 + / (I/n)TA7 )2  (Theil, 1961, p 32), and
(1/n)IA2 (Theil, 1966, p 28).

2. Pi is the predicted value and Ai the actual value of the
Predicted variable.

28
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(1/n) I (P; - P) (a; - a)
r =

S, S .

P A

The first term of the decomposition according to Theil
measured bias, the second measured unequal variance, and
the third measured unequal covariance.3 Theil maintained
that if the values of the first two decomposed terms appro-
ached zero, this spoke highly of the predictive performance
of the model.4 Theil's only defense of this argument was
graphical.5 In spite of this rather casual approach to-
wards validating this method of prediction evaluation, the
inequality coefficient and its decomposition have been
widely used.®
Jorgenson, however, in a recent article questioned the
meaningfulness of the decomposed statistics by examining
the expected values of the first two decomposed terms.7
The expected values of the first decomposed term was found

to be8

3. Theil, 1961, p 34-35; Theil, 1966, pp 30-32. An alter-
native decomposition is given in Theil, 1966, p 33; but
this does not change the argument which follows.

4. This, of course, implied that the third term would in
such a case approach the value of the scaling factor.

5. Theil, 1961, p 36; Theil, 1966, p 31l.
6. For example, see Stekler, 1970; and Cooper, 1972.
7. Jorgenson, 1970.

8. inz = Z(Xi - f)z where xi is the value of the explana-

tory variable at the time of prediction and X is the
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- = 1 (X; - X)
(28.3) E(F-m2=02 |2, s L
n Ix'
i

This term clearly does not approach zero, but rather cz/n
from above, and it increases as the difference between the
actual value of the explanatory variable in the forecasting
equation and the average value of the explanatory variable
during the estimation period increases.

The expected value of the second decomposed term can be

written:

(2.4)  E(s, - sp)

Then term by term:

(2a.5) E(s2) = E[B, - E(,)]°
P 1 1

E[(& + BX.) - (a - BX,)]>
1 1

2
i
+ 2E(a - a) (B - B)Xi

—E@G - a)2 +E@B - 8)%x

2

a) +
var (o) xi

Var(g) + 2xiCov(&,§)

2 _2 |2 2 |2
g [(1/n) + (X /in )] + Xi[c /in ]

= 2
- 2xix [o /in ]

average value of the explanatory variable during the esti-
mation period. See Kmenta, 1971, p 228. We are using
Theil's notation. :
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2

o [(1/n) + (x, - 2)2/2xi2

]

2

| 2 2 _
(2A.5a) E(sy) = E[A, - E(3;)]° = o

I

(23.5b) E(sps,) E[ﬁi - E(Pi)][?xi - E(a,)]

E(& + Exi - o - BXi)(eo).

but € is independent of sample disturbances of the obser-
o

vations used to estimate a and B8, therefore
] .
(2A.5b"') E(sPsA) = 0.

Therefore

2 _ 2 =\ 2 1 2
(2A.6) E(sP - sA) = g°[1l + (1/n) + (xi-x) /in 1

which is the total variance of the forecast error.9
Therefore the predictionevaluation approach proposed by
Theil can be misleading. The expected value of the squared
mean error of prediction is not zero, nor is the variance
of the predictor and the variance of the observations to be
predicted the same. Other methods of prediction evaluation

are called for.

9. Kmenta, 1971, pp 228, 240.



CHAPTER III
ECONOMETRIC MODELS OF THE MONEY STOCK

Models which attempt to specify the behavior of the
money stock range from naive models to the large econometric
models constructed by committee. Since naive models lack
economic content, they will be ignored in this chapter. A
cross-section of other money stock models which have the
money stock as the endogenous variable and, therefore, can
be used to forecast the money stock will be presented in
this chapter. Money in this dissertation is define to be
Ml, i.e. currency and demand deposits held by the non-bank

public.
A. MONEY MULTIPLIER MODELS

The relationship between the money stock and the money

base can be specified by the money multiplier:
(3.1) M = mB

where m is the money multiplier and B the monetary base.
There are a number of ways of defining the monetary base.
Brunner and Meltzer have defined three different base con-

cepts. The economists of the Federal Reserve Bank of St.

32
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Louis refer to one concept as the source base,l and a
second as the monetary base.2 In this study the net source
base, the sum of unborrowed reserves and currency held by
the public or not included in resefves, will be used as the
monetary base.3 It is felt that this aggregate is most
subject to control by the Federal Reserve, and for this
reason has been the more widely used base concept.4 The
use of the net source base will facilitate comparison with
other multiplier models.

The money multiplier can be decomposed into a combination
of ratios which reflect the behavior of the public, the
banking system, and the monetary authorities. The multi-

plier decomposition for the net source base can be written:
(3.2) m= (1 +%k)/ [(r-Db)(1+t+ d) +k].

k 1is the ratio of currency held by the public to demand
deposits held by the public, r the ratio of total reserves
to total deposits, b the ratio of borrowed reserves to
total deposits, t the ratio of time deposits to demand

deposits held by the public, d the ratio of Treasury

l. The sum of member bank reserves, currency held by member
banks (not already included in reserves), and currency held
by the public.

2. The monetary base is the source base plus a reserve ad-
justment which compensates for changes in the reserve
requirement. See Andersen, 1968.

3. This also is the terminology of the economists of the
Federal Reserve Bank of St. Louis.

4. For example, see Burger, 1972; and Pierce, 1973.
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deposits to demand deposits held by the public. Brunner and
Meltzer constructed their non-linear money supply hypothesis
with this equation. The ratio reflecting the behavior of
the U. S. Treasury (d) they assumed to be exogenous while
the currency ratio (k), they maintained, influences, but is
not influenced by, the current monetary process. [Brunner,
1966, p 155]. The remaining ratios can then be specified

by the following relationships:5

(3.3) r = r(RRD, RRT, RMTB, RMFR)
(3.4) b = b(RMTB, RMCP, RMFR), and
(3.5) t = t(RMTD, RMTB, RMCP, YP).

Brunner and Meltzer never published estimated coefficents
for these three equations. In their published work on the
non-linear money supply model, they used as their explana?
tory variable the linear combination of the logarithms of
the base and the ratios each weighted by its appropriate
elasticity. [Brunner, 1964, pp 274-282]. While this was
a clever way of avoiding the pracélcal difficulties asso-
ciated with estimating the ratios, it avoided empirically
testing the validity of Equations 3.3 to 3.5, and the linear
combination variable would seem to be imappropriate within
a forecasting situation.

A model where the ratios were considered to be endogenous

5. Notation is listed in the Notation Appendix.
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was estimated by Hosek [1970]. His multiplier decomposition
(3.6) m= (1 +%k) / [(r+e)(l +t) + k]

where r 1is the ratio of required reserves to total de-
posits and e 1is the ratio of excess reserves to total
deposits. (The balance of the notation is the same as
above). Since the r ratio is determined by the Federal

Reserve,6 only three equations need to be estimated:

3.7 = RMTB/ (RMTB D YP +
( ) k 810 + 811[ / ( +RMDD) ] + 812 uy

(3.8) t

820 + 621[(RMTB-RMTD)/(RMTB+RMDD)]

+ B YP + u
22 2

(3.9) e

B [RMTB-RMFR] + B 2t

+
30

* Z =5 31 i * u3

Hosek, however, made no attempt to determine how well his
model would forecast the multiplier, let alone the money
stock.7 Kalish [1970] ruled out using the multiplier
decomposition to forecast the money stock because he main-

tained its use would require forecasting expectations and

. 8 . . . .
the interest rate. Kalish, instead, used various verisons

6. Hosek showed that r = [(RRD + RRT*t) / ( + t)]. The sta-
tistical properties of the model were never discussed.

7. Hosek's published test statistics looked respectable, but
the unpublished results show that the three equations had
low Durbin-Watson statistics.

8. An early version of this paper (St. Louis Federal Reserve
Working Paper No. 11) omitted this explanation for aban-
doning the decomposition approach.
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of a naive model to forecast the multiplier, but with poor
results. Burger, a colleague of Kalish's at the Federal
Reserve Bank of St. Louis, asserted that the multiplier
could be determined by a moving average of previous multi-
pliers, the percent change of the Treasury bill rate, and
seasonal factors.9 The model was run twice using two dif-
ferent money base concepts: the net source base and reserves
held against privately held deposits (RPD's)--the present
target variable for the Open Market Committee of the Federal
Reserve System. Burger observed that the RPD multiplier
model displayed larger standard errors then did the net

source model.lo

B. MONEY SUPPLY MODELS

To talk about single equation money supply or money de-
mand models is not really proper. Such models at best will
be reduced form equations of the money stock. Nevertheless
those models using exogénous variables which appear to
reflect the behavior of the banking system will be called

11
money suuply models, and those models whose exogenous

9. The equation was also corrected for first order auto-
correlation.

10. Burger's results will be discussed in more detail in
Chapter 1IV.

l1. A free reserves equation is another approach to speci-
fying the money supply process. For example, see the money
supply equation of Teigen's model described below. But
within a single-equation money stock forecasting model
context, such an appreach is inappropriate.
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variables reflect primarily the behavior of the public will
be called money demand models. Since the Federal Reserve
and the banking system see themselves merely responding to
the needs of the economy, the money supply models can be
viewed as the reaction function of the banking system. The
money demand model resembles the conventional demand model
in that it has both price and income as independent vari-
ables.

The money stock in most models which include a financial
sector is assumed to be exogenous and when at equilibrium is
equal to the demand for money. Little attention has been
given to the money supply function. This is a neglect of

12 and is a condition that seems to persist.13

long standing,
Brunner and Meltzer have paid the most attention to the
money supply function. They have developed a linear and a
non-linear money supply hypothesis. In the linear hypo-
thesis the money supply is explained by the public's rela-
tive demand for currency and time deposits, and a monetary
base. The three monetary base concepts they use are total

reserves plus currency (the St. Louis source base), total

reserves plus currency plus an adjustment for reserves

12. Brunner, 1964, pp 242-243 summarized what little work
was done up to 1964 in an annotated bibliography in a
relatively brief footnote.

13. For example, based on the title of a article by Star-
leaf, 1970 ("The specification of money demand-supply
models..."), one would expect an explicitly stated money
supply function, but instead Mg, was exogenous and equal to

Md.
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liberated through changes in the required reserve ratios
(the St. Louis monetary base), and unborrowed reserves plus
currency plus the liberated reserves adjustment (the net
source base plus liberated reserves). Equations for esti-

mating the money stock using the different bases are:14

3.10 M= + CURN + RST) - k - B__t

( a) 810 Bll( ) 812 13
- Bl4r + el

(3.10b) M = 620 + BZl(CURN + RST + RSL) - Bzzk
- 823t + e,

(3.10c) M = By + B4y (CURN + RSU + RSL) - B,k

This model will be examined more fully in Chapter V. The
other Brunner-Meltzer money supply hypothesis, their non-
linear model, with the decomposed multiplier as its focal
point was discussed above.

Other models which have tended to view the money stock
from the suppliers side are few. But examples do exist.
Teigen [1964] and Gibson [1972] in models which will be
discussed below15 estimated money supply equations where
the money stock was the function of an interest rate and

for Gibson a reserve variable. Hendershott [1970] in a

14. The ratios r, k, and t are as defined above. The
balance of the notation can be found in the Notation
Appendix. -

15. See pp 43-46.
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study of the relationship between free reserves and interest
rates developed an equation which had demand deposits being
a function of the discount rate, the Treasury bill rate,
lagged free reserves,.changes in unborrowed reserves,
changes in commercial loans, and borrowed reserves with all
the explanatory variables divided by the ratio of required
reserves to total commercial bank deposits. [Hendershott,
1970, p 606]. This is essentially a demand deposits supply
function. Weintraub [1970], in a very simple model inves-
tigating the "better" definition of money, Ml or M2’ main-
tained that money was a linear function of the money base
(defined as currency held by the public plus reserves de-
flated by the CPI) and the reciprocal of the interest rate.
[Weintraub, 1970, p 115]). Even Weintraub admitted that

such a model was a bit austere.
C. MONEY DEMAND MODELS

The literature on the demand for money is voluminous
and the range of models considered is wide. Some of the
models are simply regressions of various specifications
of income (or wealth) and interest rates on money [Heller,
1965] while others have an elaborate structure of expec-
tations and adjustments. [Feige, 1967]. Some have an
estimated polynominal lag structure for each of the explan-
atory variables [Dickson, 1972], others attempt to reveal
structural stability of the functions by being estimated

over different time periods. [Laidler, 1966]. Even the
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conventional linear equation form was by-passed to inves-
tigate the proper structural form of the money demand
function. [Zarambka, 1968].

However within a forecasting context much of this is
not relevant. The theoretical justification of the models
is not an important consideration although the models
used should make economic sense. Also the variables used
in the models should be available to the forecaster16
and not be excessively difficult to obtain.17 Preferably,
the functional form of the equations should not be complex.

Within this context, it seems appropriate to view
money as a function of an economic activity variable
and of some interest rate. The question of proper func-
tional form for the equation must also be answered. The
Zarembka study mentioned above provides an answer to
the functional form question. He estimated the model18

A A A A
3.11 M = + Y + RMCP + M +
( ) g - Bo T BLY, tBRICP +BM _te,

and found that the standard error of estimate was minimum

when )\ was close to zero. [Zarembka, 1968, p 509].

16. Certain data such as GNP and the other national income
series are available only on a quarterly basis, and there-
fore can not be used in a monthly forecasting model. This
for the most part restricts the study to quarterly models.

17. In a forecasting model, ideally the exogenous variables
should be either controlable or easier to forecast than the
endogenous variable.

18. Y in this case is Kuznet's estimate of net national
product. Annual data was used in estimating the equation.
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This suggests that the proper functional form for a money
demand model is log-log. The specification error tests
used by Gilbert, moreover, revealed that the log-log form
of the demand function was less likely to display speci-
fication error than the linear form of the function. [Gil-
bert; 1969, pp 80-81].

Two economic activity variables, widely used in money
demand equations, will be used here: GNP and permanent
income: the latter is derivable as an exponentially
weighted sum of past GNP and is usually viewed as a
wealth variable. Two interest rates will also be used
--a short term rate (the 90-day commercial paper rate)
and a long-term rate (Moody's Aaa 20-year corporate
bond index). A lagged dependent variable will also be
included in the model. The theoretical justification
for this would be that the money stock does not adjust
within the quarter to changes in income or the interest
rate. Moreover, it has been observed that the inclusion
of the lagged variable in a forecasting model usually
makes a substantial improvement in forecasting per-
formance. Gilbert in his study also observed that
money demand equations with the lagged dependent vari-
able were less subject to specification error. [Gilbert,
1969, p 73].

The quantity variables in money demand functions are
usually expressed in aggregate nominal terms. The Gilbert

analysis suggests that scaling the quantity variables
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by either a price index or population will improve the

specification of the model.19

[Gilbert, 1969, p 80]. 1In

fact, most of the models which were not rejected by the

Ramsey specification error tests were expressed in real,
. 20 .

per capita terms. In Chapter V money demand functions

expressed in real or in per capita terms will be pre-

sented.
D. SIMULTANEOUS EQUATION MODELS
1. Money supply and demand models

An econometric money stock forecasting model, if
limited to two or three equations, should have at least
a money supply equation and a money demand equation.
This, however, is either rarely done, or, as is usually
the case, the money supply is assumed to be exogenous
and to equal the money demand as a condition of equi-
librium.

One small rudimentary money stock model with both
a money supply and demand equation is that of Weintraub.

[Weintraub, 1970]. Briefly the model is21

19. Scaling by population can be justified if the per
capita income elasticity is other than one.

20. All but one of Gilbert's accepted functions were
expressed in real terms, all but two in per capita terms.

21. Permanent income in this case is defined as

Yoo= (Y, 2Y, g+ Y ) /T,
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(3.12) M

+ RMCP) + YP
a= B Bll(l/ ) 812 + e

(3.13) M B + B

s 20

ZIB + 822(1 / RMCP) + e,

where B 1is the real money base: currency held by the
public and reserves deflated by the CPI. This model
while never intended to be used as a forecasting model
of the money stock does illustrate rather starkly the
supply and demand aspects of a money stock model.
Brunner and Meltzer specified both money supply and
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