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Abstract

An important element in macroeconomic policy is the relationship between money supply
and inflation. The conventiond way of measuring the amount of money circulating in an
economy is to Smply sum the various condtituent liquid ligbilities of commercid and savings
banks. However the belief iswiddy established that this method of arriving at broad money
aggregates is serioudy flawed and based on untenable assumptions. From a micro-demand
perspective it is hard to judtify adding together component assets which have differing yields
which vary over time, since the accepted view is that only things that are perfect subgtitutes
can be combined as one ‘commodity’. An important dternative is the Divida weighted
index, in which the component assets are not assumed equa or invariant over time.
Components are weighted on the basis of the quantity of monetary services provided by
each, expressed in terms of the interest yield.

This study utilises a powerful and flexible tool, the Artificid Intelligence technique of neurd
networks to develop this gpproach. Can a new empirically weighted measure of money be
condructed that more closdly captures the monetary services flow provided by the
component assets? Sengitivity anayses were derived from neurd networks trained with UK
data to forecast inflation directly from the components of Divisa, and used to congruct a
'new’ Divisa style aggregate with superior forecasting performance when compared with the
traditiona Divisa aggregate. Results to date indicate that the combination of Divisa
measures of money with the artificia neurd network offers a promising sarting point for the
devdopment of an optimised Divisa aggregate and hence an improved modd of the
relationship between money supply and inflation. Our results are reinforced by a growing
body of evidence from empirica studies around the world which demongrate that weighted
index number measures may be able to overcome the drawbacks of smpler measures.
Ultimately, such evidence could reingtate money as a credible policy tool for controlling
inflation.
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Introduction

The traditiona reason for regarding ‘money’ as criticaly different from other assetsisthat it
has a direct role in transactions and hence has a direct role in the trading activity of a market
economy. According to the Quantity Theory tradition of economics, the money stock will
determine the genera level of prices (at leest in the long term) and according to the
monetarigts it will influence red activity, in the short run. In other words, there is a
relaionship between money supply and inflation, and this relationship is an important eement
in macroeconomic policy as governments try to control inflation.

Measuring money supply is no essy task. Component assets range from 'narrow money’,
which includes cash, non interest bearing demand deposits and sight deposits on which
cheques can be drawn, to 'broader’ noney, which includes nor checkable liquid balances



and other liquid financia assets, such as Certificates of Depodt. In practice, officid
measures have evolved over time according to policy needs. Obvioudy many of these
assats yield an interest rate and could thus be chosen as aform of savings as well as being
avallable for transactions. Financid innovation, in particular liberalisation and competition in
banking, has led to shifts in demand between the components of ‘'money’ which have
undermined ealier empiricad regularities and made it more difficult to distinguish money
which is held for transactions purposes from money which is held for savings purposes
(Mullineux, 1996).

Secondly, there is the question of how to combine the different components, since they are
not perfect subgtitutes for one ancther. They provide different levels of monetary services
for transactions (liquidity) and different yieds (interest). As payments technology
progresses, so the monetary services provided will change disproportionately - not only do
interest rates vary with time but liquidity can be enhanced too. Despite this variaion in the
characterigtics of assets, they are traditionally combined for use as monetary targets or

indicators by smply adding them up - the'smple sum’ aggregate. Thisis hard to justify and
there is a growing body of evidence to support aternative solutions which incorporate a
weighting mechanism, notably the aggregate devised by Divisa (1925) and known as the
Divisaaggregate.

Barnett (1980) has demonstrated that Divisais the correct index to encapsulate a monetary
aggregate and its concomitant price index. The condruction has its roots firmly based in
microeconomic aggregation theory and Satistical index number theory. Barnett et d. (1992)
provide a survey of the relevant literature, whilst Drake and Mullineux (1997) review the
congruction of Divisia indices and associated problems. The theoretica case in favour of

weighted index number mesasures of money is convincing and dfficult to dispute at the
microeconomic level and the empirica case is growing. For example, Barnett and Spindt
(1979) and Belongia and Chdfant (1989) showed Divisia money has a superior information
content to smple sum, whilst Barnett (1980) demondtrated that shifts in demand for money
functions in the USA were eiminated when Divisa replaced smple sum measures. Further
support for Divisais forthcoming from Barnett, Offenbacher and Spindt (1984) and Serletis
(1988). Chrystal and MacDonad (1994) produced a substantial work encompassing results
for seven countries and a broad spectrum of econometric tests. Results are not dways clear
cut however and overwhelmingly government policy makers continue to use the Smple sum
aggregate. The emerging picture is that further empirical evidence is urgently required and
that the congtruction of the Divisa monetary index has not yet been optimised, eg. Binner
(1990), Ford and Mullineux (1996).

In the UK the guiding principle for macroeconomic policy has been direct control of inflation
since departure from the ERM in September 1992. Currently the policy of UK monetary
authorities is to identify leading indicators of macroeconomic conditions which will dert
policy makers sufficiently early to dlow the necessary action to be taken to control and
remedy the problem. Owing to lags in the effect of monetary policy this requires a forecast
of inflation up to 24 months ahead and the Bank of England provides a regular quarterly
‘Inflation Report” which includes quantified forecests for inflation.



This paper ams to provide further evidence that the behaviour of Divisa monetary
aggregates should be taken serioudy by both policy makers and academic economists. Our
focus is the possihility of optimising the congruction of the DiviSa aggregate by substituting
component weights that are empiricaly derived, for the traditiona cdculation of weights
from interest rates. The tool used is the artificid neura network, and the following section
explanswhy it isappropriate for the task.

The artificial neural network

Neurd networks in hardware form are condructions made up of many reaivey smple
processors which are interconnected. Some eements (neurons) receive inputs from outside
the system and dl elements produce outputs. For data modelling purposes, neurd networks
are normaly created by a computer program and used to store mode parameters in the
form of the architecture of the network. Weights are gpplied to values passed from one
neuron to another ad functions are employed to trandfer inputs to outputs a individua
neurons. A smple neurd network is represented in Figure 1 and consss of three inputs,
two middle neurons in the “hidden” layer and a single output. Initidly the network has
randomly alocated weights on each connection. A training process follows which consists of
presenting inputs and a desired output repeatedly to the network. The weights are adjusted
each time to minimise the error between the desired output and the network output. If the
network has converged satisfactorily (settled with an optima set of weights) after some
number of repetitions determined by the experimenter then it is said to be trained. Unseen
inputs can then be presented to the network to obtain a response (the ‘testing' process).

O

Inputs Hidden Output
neurons

Figure 1: A smple neural network

The literature of empirica evidence which investigates the long-run relationship between
money growth and inflation (see for example Drake et d., 2000) has been based largely on
standard econometric methodology using cointegration techniques. The advantage of neurd
network technology for this problem, however, is that neural networks are inductive. Even
when there is no exact knowledge of the rules determining the features of a given
phenomenon, knowledge of empiricd regularities can 4ill dlow the phenomenon to be



modelled. The process of training permits the network to dlow powerful explanatory
variables full influence a the expense of wesker ones, and to model complex non-linear
relaiorships. The technique is idedl for economic phenomena where the centrd task is to
modd a system of immense complexity without losing predictive power. Neura networks
are d<0 reatively robust to noise in data compared to traditiond datistica techniques. It
seems, however, that the potential of techniques such as the neurd network, which are non-
traditional in econometric investigations, has not been fully exploited in the area of monetary
€conomics.

An exception is the work of Dorsey (2000) who used a genetic dgorithm technique to
explore the potentid of the neurd network approach to forecagting US inflation, without
laying much emphass on the prediction of vaues a the end of the time series This
philosophy has been followed in the present work. The smplest possible designs and
procedures have been used throughout since the am is to explore the potentia of the
technology, rather than to produce forecasts for predictive purposes. It is virtudly certain
that more accurate forecasting could be achieved by building more complex modes.

Data and M ethod

The experiment used a very smple moded of the relationship between money supply and
inflation:

Pt=FMt4, P 1, Ty

which takesinflation in the current quarter to be a function of just three dements:

M4 money supply in the quarter one year earlier. This s represented by ether just one
measure (an aggregate such as the Divisa index) or five messures for the five Divisa
components (see below)

P (1 inflaionfor the preceding querter, an auto-regressive term

Tt time; the neural network does not explicitly take account of the sequence of values
in the time series and in fact the values are presented in random order to the network during
training, o this variable caters for environmenta changes over the sample period which are
not reflected in the money measure.

The measure of money currently of interest to the UK monetary authorities is M4. Quarterly

data for the five monetary components of Divisa M4 and dso published Divisa M4 were
supplied directly by the Bank of England. Inflation is defined in terms of the government’s
target measure RPIX, which is the Retail Price Index excluding mortgage payments. The
quarterly RPIX series was provided by the Centrd Statistical Office and constructed as

year-on-year growth rates. 66 quarters of price data from 1979 Q4 to 1996 Q1 yielded a
61 quarter sample for inflation (1981 Q1 to 1996 Q1) following the calculation of year-on-
year inflation and a one quarter time lag in the moddlling process. Monetary components and
Divida series data from 1980 Q1 to 1996 Q1 yidded 61 quarter samples after catering for

afour quarter timelag. Of these 61 quarters, 10 quarters of data (1993 Q4 to 1996 Q1)

were withheld for out- of- sample forecasts leaving 51 quarters for training.



The components of Divisacan belisted as

N/C = Notes and coins

NIBD = Non-interest-bearing bank deposits
IBSD = Interest- bearing bank sight deposits
IBTD = Interest- bearing bank time-deposits
BSD = Building society deposits

For each component, there are three sectors: Households, Other Financia Corporations
and Non-financid corporations. For this study, the three sectors were aggregated.

Fird, a network was congtructed which used the five components of Divisa lagged by four
quarters, together with the time trend variable and the auto-regressive term (a totd of 7
inputs) to train for one output, inflation for the current quarter. The root mean squared error
(RMS) provided a measure of fit for both the within-sample results (training on 51 quarters)
and the out-of- sample results (testing on 10 quarters). Then a measure of the sengtivity of
the output to each input was obtained from the trained network, using the facilities of the
neura network software program. A higher value represents a greater sendtivity and
therefore means that the component is relatively more important. These five vaues (which
sum to 1) were then used as the weights to congtruct a new (very crude) Divisa For any
quarter, the new index wes caculated as the sum of the product of each of the five
components with the corresponding sengitivity value. A network was trained with this new
variable plus the time trend variable and the auto-regressive term as before (three variables).
Finally, a third network was trained smilar to the second one in al respects except that the
traditiona Divisaindex was subgtituted for our newly constructed version.

The experiment was carried out using the software Pattern Recognition Workbench (Unica
Technologies, Inc.) The neurd network architecture used for al the networks was a
standard back -propagation network with ether five or four hidden neurons in one layer; the
number of hidden neurons had previoudy been determined by preiminary experiments
which showed that for 7 inputs, five hidden neurons were optima and for 3 inputs, four were
optimal. Other experimentd parameters were kept as standard as possible, and in any case
congant for al the networks. No doubt fine-tuning could improve forecading ability -
however it was felt to be more important to keep the experiment smple as far as possible,
than to minimise error.

The networks were dl trained for 20,000 iterations of the data st at which point they dl

gppeared to have settled into a Sable Sate. It is possible that premature stopping could have
improved accuracy. However this technique, used to prevent overfitting, introduces an
eement of chance into the proceedings and reduces repeatability. Overfitting is the result of

usng too many free parameters (hidden neurons) and cannot be reliably controlled by
premature stopping.

Results and discussion



The sengttivity results from the first network are shown in Table 1, in order of sengitivity from

highest to lowest..
IBTD = Interest- bearing bank time-deposits 0.218300
Timetrend (T) 0.198421]
BSD = Building society deposits 0.147345
IBSD = Interest-bearing bank sight deposits 0.139904
N/C = Notes and coins 0.126628
NIBD = Non-interest-bearing bank deposits 0.116607
Auto-regressve term (P 1) 0.052795
1.000000

Table1: Sensitivity of inflation to Divisa money components

Notes and coins, and non-interest bearing bank depodts are the most liquid assets. The
greater the liquidity, the higher the levd of monetary services provided and therefore
traditionad Divisa congdruction gives them a higher weight. These liquid assets might be
expected, according to macroeconomic theory, to be the most important assets in affecting
inflation if the supposad relationship between monetary services and inflation holdstrue. Yet
it is evident from Table 1 that the less liquid interest- bearing deposits are more important in
our attempt to modd inflation based on Divisa components. If our results turn out to have

generd gpplicability, they suggest that macroeconomic theory requires amendment.

Inflation 'forecadting' results from the three networks are shown in Table 2 and figure 2.
'Divisd refersto traditiond Divisarather than the new index derived from our experiment.

Network Variables Train RMSE | Tex RMSE

Components N/C, NIBD, IBSD, IBTD, BSD, 0.0030129 0.0073013
P 1, T

New Divisa New index P 1, T 0.0068229 0.0091321

Diviga Divisa P +1,T 0.0056577 0.0232522

Table2: Error for thethreetrained networks
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Figure2: Output for the three networ ks compared to actual inflation

These results show that the RMS error is lower when the network is trained on the
components of Divida, rather than on the aggregate, both within-sample and out-of-sample.
Moreover, when a new aggregete is constructed which employs weights derived from this
first network, it holds up well againg the traditiondl Divisa and even out-performsit on the
out-of-sample results.

Is it surprising tha the 'raw' components appear to lead to a better mode than either
weighted index? No, because neural networks themsdves have the ability to modd
relationships far more complex than most indices can manage to embody. This network had
the ability to take account of complex interactions between varigbles. Moreover, the
sengtivities derived from this network and applied as our 'new' index weights are average
sengtivities, and in our index the weights are gpplied equdly for every quarter in the series
over aperiod of fifteen years.

What is more surprising is that our crude 'new' index should rivd the traditiond Divisa
index, which has a complex congruction to take account of economy sectors, quarterly
changes in interest rates and persond and corporate taxation. Future development of this
research will permit further experimentation. The neurd network technique, which has the
ability to approximate any unknown mapping, provides researchers working in the field of
economics with a powerful new tool that may enable them to better understand the
interrelationships of explanatory variables.

Concluding remarks



Results presented in this paper are generated by use of a powerful tool that alows greater
flexibility of functiona form than that currently obtainable by use of conventiond econometric
methodology. The combination of Divida messures of money with the atificid neurd
network offers a promising sarting point for the development of an improved modd of
inflation. The role of monetary aggregates in the magjor economies today has largdy been

relegated to one of a leading indicator of economic activity, aong with a range of other

meacroeconomic variables. However, further empirica work on Divisa money may serve to
restore confidence in former well established money-inflation links and re-establish money as
an effective macroeconomic policy tool in its own right. In any case, the results presented in
this paper appear to open up a new area for debate. This gpplication of the neural network
methodology to examine the money - inflaion link is highly experimentd in nature and in

keeping with the pioneering work conducted by the current authors for the UK, USA and
Italy (Gazely and Binner, 2000) the overriding feeture of this research is very much one of

amplicity. It isvirtudly certain in this context that more accurate inflation forecasting models
could be achieved with the incluson of additiona explanatory variables, particularly those
currently used by monetary authorities around the world as leading indicator components of
inflation.
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