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Using an evolving criterion 
to assess the FederaI Reserve's behaviour 

. * In recent years 

DAVIDE FERRARI and ANTONIO RIBBA 

1. Introduction 

In recent years a large body of literature has investigated the centraI 
bank's behaviour in relation to the conduct of monetary poIicy. The 
two main approaches which dominated the scene are based, respec­
tively, on: t) structural VAR models, an approach which aims to study 
the dynamic effects of identified monetary policy shocks on some key 
macroeconomic variables (see, e.g. Christiano, Eichenbaum and Evans 
1999); ù) modeling the centraI bank's 'reaction function', i.e. estimat­
ing structural equations representing the response of the monetary 
policy instrument to changes in economic conditions. These changes, 
in turn, are synthesized by the variations of a small set of variables, 
usually a measure of aggregate economic activity such as the unem­
ployment gap or, alternatively the output gap, and a measure of infla­
tion (see, e.g. Clarida, Gall and Gertler 1998). 

In this paper we take a different view on monetary policy and 
undertake an analysis, concerning the behaviour of the FederaI Re­
serve for the period 1987-2002, which is based on neuro-fuzzy tech­
niques. Our main goal is to shape the evolution of the federaI funds 
rate, that is the evolution of the Fed's policy instrument. In generaI, 
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the neuro-fuzzy approach appears particularly useful in contexts of 
'vague knowledge' about the economic system and, moreover, in 
situations characterized by the ability of economic units to leam from 
their experience. Indeed, both these aspects seem to characterize the 
action of a centrai bank and require a conduct of monetary policy 
founded on the adoption of flexible rules. 

Let us suppose an economic system be characterized by a phase 
of 'low unemployment' (on passage: the economic situation faced by 
the FederaI Reserve in the second half of the 1990s). Such a situation 
poses two separate questions: t) the economi c interpretation of 'low 
unemployment'; ù) the implications for the conduct of monetary 
policy. Clearly, this is a typical context of vague knowledge ('low' 
with respect to what?) and moreover a situation in which the centraI 
bank needs to develop a process of leaming about possible structural 
changes affecting the economic system which may have led to a per­
manent reduction in the unemployment rate. Thus, from the point of 
view of the centrai bank, it appears sensi bI e to adopt flexible rules. 
Note that rules based on 'fuzzy' transformation of the variables in a 
small number of qualitative Oinguistic) terms consti tute one of the 
main features of the approach adopted in this papero 

It is worth pointing out that on a purely analytical ground some 
progress could be made by anchoring the notion of 'low unemploy­
ment' to a 'natural rate model', since in this case 'low' would identify 
a condition experienced by the economic system in which the ob­
served rate of unemployment falls below the long-run natural rate, 
thus providing a signal for future increases of the inflation rate and 
inducing the raise of the short-term interest rate. Unfortunately, even 
by adopting this framework, the vagueness cannot be eliminated: it is 
simply shifted towards the unobservable notion of 'natural rate of 
unemployment' .1 

This paper deals with a Sugeno fuzzy model in order to develop 
a systematic structure that generates fuzzy rules from a given input­
output data set. The input data vector is given by the variables moni­
tored by the Federai Reserve whereas the output is the monetary 
policy instrument. We assume that the following input variables be 

t Staiger. Stock and Watson (1997) provide a measure of the uncertainty about 
the NAIRU (non-accelerating inflation rate of unemployment) by estimating the 
standard errors associated with the estimation of the N AIR U itself. The conclusion 
they draw is that for the United States in the 90s the long-run equilibrium unem­
ployment rate is between 4 and 8%. 
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monitored by the centraI bank: the rate of growth of industriaI pro­
duction, the unemployment rate, the rate of inflation measured by the 
consumer price index (CPI) and an index of the stock market. As far as 
the instrument is concerned, it is widely recognized that apart from 
the short experience of the peri od 1980-1982 when, under Volcker's 
leadership a monetary aggregate was adopted, thereafter the federaI 
funds rate has represented the monetary policy instrument. 

Thus, we consider a small set of real and nominaI variables. 
Moreover, we include an indicator of the state of confidence of the 
stock market. Indeed, a recent strand of research has explored the role 
played by the stock market in shaping the evolution of monetary 
policy in the Greenspan era (see e.g. Rigobon and Sack 2003). 

The centraI result of the paper is that the neuro-fuzzy model 
mimics almost perfectly the behaviour of the federaI funds rate in the 
last 16 years. Moreover, the inclusion in the input data set of an indi­
cator of the stock market allows a significant improvement in the 
prediction of the federaI funds rate. 

The paper is organized as follows. In section 2 we briefly present 
the Sugeno fuzzy model adopted in this papero Section 3 is devoted to 
the presentation of the simulation conducted for the peri od 1987-2002. 
In section 4 we confront the results obtained with the neuro-fuzzy 
approach with other conclusions drawn by adopting alternative views 
on the working of monetary policy. Section 5 concludes. 

2. The mode! 

In this paper we propose an analysis of the behaviour of the centraI 
bank based on neuro-fuzzy techniques. We concentrate on the US for 
the peri od 1987-2002 and use this approach to build an adaptive 
mode l, pointing out the role played by the evolution of the monetary 
policy decision mechanism. 

Generally speaking, each individuaI entity follows its own inter­
naI reasoning paths in order to process the pieces of information 
coming from the external worid. Moreover, not only do individuais 
use strictly subjective approaches to the world, but they aiso continu­
ously modify their reasoning paths by information from the externai 
enVIronment. 
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Similarly, we consider the decision process of the Federal Re­
serve as if it were drive n by the choice behaviour of an individuaI 
entity. For, any central bank can be viewed as a single 'brain' system 
that receives a collection of input variables describing the state of the 
economy. 

Let us assume an adaptive behaviour. From this point of view, 
not only do the number and the type of the collected variables change, 
also decision criteria are adaptive through time. Moreover, also as an 
individuaI entity, the present decisions of the FederaI Reserve are 
influenced by the historical memory of past output reactions (with 
respect to the input set considered). Thus, the evolving criterion 
adopted is closely influenced by memory of past decisions. 

It is worth noticing that this kind of memorization is not a pas­
sive data storing but an active updating processo For, besides collecting 
data, the Fed uses the criteria available at a certain time in order to 
combine information about past reactions with updated data. Finally, 
a value of the monetary policy instrument is established. 

2.1. Input and output data 

Let us consider T examples of K-dimension data input vector, 
:Et = (vt), ... , VtK), with t = 1, ... , T, and the same number of target 
responses, Zt. In particular, we have monthly observations, starting 
from January 1970. The input data vector represents the set of vari­
ables monitored by the FederaI Reserve. In this paper we consider as 
inputs: the IndustriaI Production Index, the Consumer Price Index, 
the Unemployment Rate and the S&P 500 Monthly Dividend Rein­
vestment,z hence K = 4. The output, Zu is the monetary policy in­
strument, namely the FederaI Funds Rate. Thus, the starting data set 
is: {(:Et> Zt)} ~). 

First, we consider the log difference for the variabies that are not 
expressed in terms of rates, then we take the average value of each 
variable over the last six months. Thus, we obtain T - 6 examples of 
input data vector, ~tl and the same number of target responses of 

2 The series are taken from FRED (FederaI Reserve Economie Data) at the St. 
Louis Weh site. 
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neural network given by Z,. These data represent the training set used: 
T 

{6:" Z /)}/_6. 

Hence, we consider the usual set of real and nominaI variables 
which many believe to be under monitoring by centraI banks. How­
ever, we also include an indicator of the stock market. In doing so, we 
take seriously the repeated testimonies by Alan Greenspan in which 
the Federal Reserve Chairman has expressed his concern about equity 
prices. In particular, Greenspan has emphasized in recent years the 
role played by movements in the stock market in determining wealth 
effects capable of influencing aggregate consumption. Rigobon and 
Sack (2003) draw attention to another channel through which the 
stock market has affected the economic system in recent years pro­
vided by the influence on the cost of financing to businesses. 

2.2. ANFIS architecture and Sugeno fuzzy mode! 

This paper deals with an ANFIS3 architecture. Lately, the fusion of 
Artificial Neural Networks (ANNs) and Fuzzy Inference Systems 
(FISs) has generated growing interest among researchers in different 
scientific areas. ANNs represent very efficient platforms for the im­
plementation of non-linear associations. In many cases, neural net­
works reduce the difficulties of modeling and analysis of complex 
systems. On the other hand, FIS are suitable for incorporating the 
qualitative aspects of human experience within its mapping laws. In 
this sense, the rules of FIS provide a way to capture knowledge that is 
inherently affected by imprecision. 

The fusion of ANNs and FISs into ANFIS offers the advantage 
of dynamical construction of input and output membership functions 
based on the nature of the data. ANFIS hybrid algorithm combines 
backpropagation gradient descent and least squares to create a fuzzy 
inference system, whose membership functions are interactively ad­
justed according to a given set of input and output data. This type of 
method improves the process of determining membership functions 
by both a very fast convergence due to hybrid learning and the ability 
to construct reasonably good input membership functions. Another 
interesting feature of ANFIS is that it provides more choices over 

) Adaptive Network-based Fuzzy Inference System. See, e.g. Jang (1993). 
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membership functions. The fuzzy model, at ti me t, can be formulated 
with R" a set of ifthen ruIes: 

I 

R={R~i)r ={IFa~d Xtk is A~i)THEN Yt = fi(Kt)} (1) 
1=1 k=1 i=1 

where A~) denotes Iinguistic terms in antecedent and y, = j;0E.,) is a crisp 

function corresponding to the output of the fuzzy model. The neu­
rons composing the neurai network architecture are organized in 
Iayers. 

Layer 1: The output of the i-th node of this layer4 is: 
(i) 

OLltk = IlpP> (xtk) (2) 
k 

Layer 2: Nodes of this Iayer multipIy the incoming signals and 
send the product out. Each node output represents the firing strength 
W~"> of the corresponding mIe. In generaI any T-norm operator will 
perform the fuzzy AND operator in this Iayer. 

Layer 3: The output of the nodes in this Iayer are normalized fir­
ing strengths w~~. The node function calcuiates the ratio of the i-th 
rule firing strength to the sum of mIe firing strengths: 

(i) 

O
L3(i) __ (i) _ w t 

t - w t - I (i) (3) 
LW t 
i=l 

Layer 4: The output of the i-th node of this Iayer is: 

OL4~i) = w~i) fi (Kt) (4) 

Layer 5: The single node in this layer computes the overall sys­
tem output as the summation of all incoming signals. 

I 

<Pt= OL5t = L Wifi (xt) (5) 
i=1 

A graphic representation is given in figure 1. 

• As membership function we use a generalized bell·shaped function. 
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ANFIS MULTlLA YER ARCHlTECTURE 
Lay.r1 Loyor2 Layar3 

FIGURE 1 

Neuro.fuz:zy 
Syatam Output 

2.3. Data clustering and hybrid learning method 

Given separate sets of input and output data, we generate a fuzzy 
inference system by using fuzzy subtractive clustering.5 The subtrac­
tive clustering method allows us to extract an initial set of rules that 
models the data features. 

First, given that each point z, could be a possible cluster center, 
we use the density measure at data vector Z, defined as: 

T (II Kt - Kj 11
2 

) 
Dt=~1 exp - (r/2)2 (6) 

where r is a positive constant. Notice that, if the value of density is 
high for a data vector, it means that it has several neighbouring data 
vectors. In particular the radius r defines a neighbourhood. 

After calculating the density measure of each data point, the one 
with the highest density measure is e1ected as the first of the cluster 
center. Let ~cI be the vector selected and Dci its density measure. The 
density measure of each data vector is revised by: 

Il Kt - ~j Il ( 2) 
Dt=Dt-Dc1exp - (r'/2)2 (7) 

; Proposed by Chiu (1994) . 

, 
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where r' is a positive constant. After revising the density measure for 
each data vector, the next cluster center Xc2 is se1ected and all of the 
density measures for data points are re..;Ised again. This process is 
repeated unti! a sufficient number of cluster centers are generated. 
These cluster centers are reasonably used as the centers of the fuzzy 
rules' premise in a Sugeno fuzzy mode!. 

If a reliable set of input-output data is available from the training 
dataset, and an initial set of rules that models the data behaviour is 
extracted, then it is possible to generate the adaptive learning on 
measured data. Notice that we assume that we have the desired target 
output of network for inputs for training data set. 

We use a two-pass learning cycle that consists of both forward 
and backward steps. In the forward pass of the hybrid algorithm, node 
outputs go forward unti! layer 4 and the consequent parameters are 
identified by the least squares method. In the backward pass, the error 
signals propagate backward and the premise parameters are updated by 
gradient descent. If we denote an input-output relation as a pa­
rametrized function q>=F(~" S), where F denotes the overall function 
of the adaptive network, ({Jt is the output value and S represents the set 
of parameters to optimize. 

If there exists a function H such that the composite function 
H o F is linear in some elements of S, then these e1ements can be 
identified by the Least Square method. If the parameter set is divided 
into two sets, SI and S2, it is defined as: 

S = Sl EB S2 (8) 
where EB denotes direct sum, with S = {Sl u S2}, and {Sl n S2 = 0}, 
such that H o F is linear in the elements of S2, the function H can be 
represented as: 

H(<j» = H o F (~" S) (9) 

For given values of Sl, using T training data, we can represent 
the above equation into the matrix equation B = AX, where X con­
tains the elements of S2. 

If 1 S21 = M, where M represents the number of !inear parame­
ters, then the dimension of matrix B, X and A are T X 1, M X 1 and 
T X M, respective1y. This is solved by: 

X* =(A-1AtATB (10) 
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where (A-IAfIAT 
is the pseudo-inverse of A, if A-lA is non-singular. 

The LSE minimizes the error IIAX - BI12 by approximating X with 
X*. 

Let the t-th row vector of matrix A be a; and the t-th element of 
T 

B be b, . Then for t = 0, 1, ... , T-I we can calculate: 

X t+1 = X t+ Pt+l a t+1(yr-Y;+I+ h;+1 Pt) 

Ptat + b;+l Pt 
p t + 1 = P t - -----:T::--,;....,:.-

1 + a t+1 Ptat+l 

(11) 

The LSE X* is equal to XT• The initial condition of the system 
are Xo = O and Pc = m . I, where m is a positive large number and I 
denotes the identity matrix of dimension M x M. 

Secondly, in the backward pass, the error signals, the derivatives 
of the error measure with respect to each node output, propagate from 
the output end toward the input end. The error measure E" for the 
t-th entry (1 ~ t ~ T) of the training data, is: 

N (L) 

Et = L (~-OLY (12) 
i = l 

where N(L) is the number of nodes in layer L, d; is the i-th component 
of desired output vector and OL,; is the i-th component of actual output 
vector produced by presenting the t-th input vector to the network. 
We want to minimize the overall error measure E = Io; -I Et At the 
end of the backward pass for alI training data the parameters in SI are 
updated by the steepest descent method. For the simple steepest de­
scent method the update formula for the generic parameter a is: 

<tE L'la; =-T\aa- (13) 

in which TJ = ",/ VL.n(oE/OOt)2 denotes the learning rate, where }( is the 

step size, and a+ E/aa is the ordered derivative. 

2.4. Forecasting FED behaviour 

At any time t, a neuro-fuzzy architecture is produced from the train­
ing data set (~i, ZU, i = 1, ... , t, by the learning algorithm. Thus, we 
obtain a neuro-fuzzy system which has been trained by using data 
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until the considered time.6 Such a system can be represented simpIy as 
a parametrized function of the variabies monitored by the Fed that 
changes over time/ nameIy P,(.). 

The central bank makes use of its brain system trained until time 
t to decide a possibie value for the monetary policy instrument with 
respect to the key variabies at time t + 1. Furthermore, we suppose 
that the central bank weights its decision by the past value of the 
monetary policy instrument. Thus, the finai output is obtained by 
taking into account the tie represented by the value of the instrument 
tP, that the Fed fixes at the previous period of time: 

~,+ 1 = (1 - A)F,(!,+ I) + A~, (14) 
where A. denotes the weight of the monetary policy instrument at time 
t with respect to fuzzy modei output at time t + 1. 

3. The simulation conducted for the peri od 1987-2002 

In this section we present a simulation of the Federal Reserve's behav­
iour for the period from 1987 to 2002. 

In our experiment we assumed that A. keeps constant for alI the 
considered periodo In particuIar, we fixed its value at A = 0.6 which, in 

6 Hadjili and Wertz (2002) have recently criticized the Takagi-Sugeno fuzzy 
mode!. The authors observe that this approach implies the identification of ali the 
parameters of the model and, as a consequence, requires a large computation time. 
Thus, they propose a systematic procedure aimed at estimating the optimal number of 
fuzzy rules and at selecting the relevant input variables as antecedents. Undoubtedly, 
the contribution of Hadjili and Wertz outline an important shortcoming associated to 
the Takagi-Sugeno fuzzy mode!. Yet, it is worth noting that the main results presented 
in this paper, which concern the evolution of the federaI funds rate and the behaviour 
of the FederaI Reserve, are not influenced by this potential flaw of the mode!. 

7 In a recent paper Angelov and Filev (2004) develop an approach to structure 
and parameter identification of Takagi-Sugeno fuzzy modeling which is based on 
recursive updates of model structure and parameters. An important feature of this 
evolving Tagaki-Sugeno model concerns the possibility to update the structure when 
new data become available. Moreover, this method does not require that ali the data is 
available at the start of the process of learning. Hence, this new evolving model seems 
to be another good candidate for investigating the adaptive behaviour of the FederaI 
Reserve. In future extensions of this research on centraI banks' behaviour in the 
conduct of monetary policy, we want to explore the potential advantages given by 
this new approach. We thank an anonymous refe ree for drawing our attention on this 
reference. 
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our view, represents a reasonable choice expressing the FederaI Re­
serve path dependence with respect to past values of the monetary 
policy instrument. Indeed, it is well known that centraI banks usually 
modify the interest rate smoothly, thus avoiding abrupt changes in the 
conduct of monetary policy. 8 

The simulation proceeds as follows. 

1. At any given time, beginning from 1987, we produce a new 
neuro-fuzzy system from the pieces of information given by the train­
ing set at time t. Remember that the training set at time t is composed 
of both ~, (decision relevant variables) and z, ( federaI funds rate target 
responses) . 

2. Using values of ~t+l in the system obtained allows us to gen­
erate the estimated value of the funds rate for the period t + 1. 

3. We obtain a time series of the estimated values of the fed­
eraI funds rate from 1987 to 2002 by repeating the steps above se­
quentially with respect to ti me and thus producing a neuro-fuzzy 
system for each month within the peri od of time considered. In 
other words we produce a number of systems equal to the number of 
estimates we generate. 

4. We compare graphical1y the series of actual funds rate Zt 

with the series of simulated values tPt obtained from the steps above. 

In our latest experiments, we have introduced an indicator of the 
stock market. Let us point out that introducing such a variable has 
been fundamental in order to improve the experimental results. Figure 
2 shows the similarity of the federaI funds rate dynamics with respect 
to our prediction. 

Note that the model is able to capture not only the sign of the 
change in the target variable with respect to time, but also its percent-

B lt is worth noticing that our choice of an interest rate smoothing, or inertia pa­
rameter A. of 0.6 plays an important role across the whole simulationjrocess. lndeed, 
the particular value selected is consistent with other resu!ts obtaine in the field of 
research devoted to estimation of monetary policy rules (see e.g. Clarida, Gall and 
Gertler 1998). Moreover, it seems also consistent with the conduct of monetary policy 
in the U nited States in the Greenspan era. N evertheless, we want to stress that the 
introduction of a fixed parameter is not completely consistent with the neuro-fuzzy 
framework and thus, at this stage of the research, it represents a potential weakness of 
the approach utilized in this papero We aim to develop, in our future research on the 
behaviour of centrai banks, a framework which allows the smoothing parameter to be 
endogenized. 
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age level. In fact, notice that the tracking error, Tr, simply defined as 
the difference between the two series, is I Tr I ~ 1.1 for each considered 
Urne. 

Even though our approach does not require any explicit assump­
tion on the .error distribution, we perform a simple statistical analysis 
in order to check the quality of our results. First, we compare graphi­
cally the tracking error values with the normal distribution. The 
quantile-quantile plot figure 3 shows strong similarity between the 
empirical distribution of the tracking error and the normal distribu­
uon. 

IO 
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The results from the graphical comparison are confirmed by 
Shapiro-Wilk normality test. The p-value = 0.823 does not show 
evidence against the null hypothesis of normality of the tracking 
error. Therefore, in this case, it is reasonable to conclude that the 
tracking error follows the typical behaviour of a random measurement 
error. 
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Under this perspective, a simpie MLE estimate of the mean (ftTr) 
and standard error (UTr) allows us to obtain a confidence intervai for 
the tracking error. 

A A 

95% c.I. for the tracking error f.J.Tr CJTr 

-0.0533 0.3488 (-0.7509,0.6443) 

The estimate of the mean dose to zero and a quite narrow 95% 
confidence intervai strengthen our condusion that the simulated series 
of the Fed interest rate mimics dosely the actuai behaviour of the 
monetary policy instrument. 

Thus, the experimental results show the capability of our modei 
to expIain quite preciseIy the behaviour of the federaI funds rate. We 
do not detect, for most of the periods, a particular tendency for the 
simulated series to Iead or Iag the nominaI interest rate. Nevertheless, 
it is worth noticing the ability of the estimated values to anticipate, at 
the beginning of 2000, the impending change in the conduct of mone­
tary policy which in the subsequent months will have been dictated by 
the slowdown of the economy. A possibie expIanation of this result is 
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that the stock market acted correctly, at least in this phase, as a leading 
indicator, reaching its peak at March 2000, whereas real macroeco­
nornic data showing the first clear indications of the economie slow­
down appeared only about six months later. Of course, given the 
importance that the FederaI Reserve attributes to movements in the 
stock market, the collapse which followed the period of 'irrational 
exuberance' exerted an important influence on the conduct of mone­
tary policy, reinforcing the bias of the centraI bank towards the loos­
ening of monetary conditions.9 

4. A comparison with the results obtained by adopting alternative 
approaches 

The impressive result shown in the previous section is that a simple 
ANFIS arehiteeture eombined with a Sugeno fuzzy model is able 
closely to reproduee the path followed by the federaI funds rate in the 
last 16 years. 

The aim of this seetion is briefly to compare the approach and 
the results obtained in the present paper with other leading lines of 
researeh eoncerning the analysis of monetary policy. 

We have emphasized that the two pre-erninent approaches in re­
cent deeades were, respectively, t) struetural V AR models aiming to 
traee back the dynamie effects of monetary policy shock on a selected 
set of maeroeconomic variables and il) estimation, by using traditional 
econometrie teehniques, of the centraI bank's reaction function. 

Let us then assume that the FederaI Reserve adopts the federaI 
funds rate as its monetary policy instrument. Systematic policy can be 
expressed by: 

~t = F (Q,) +E, (15) 

where f2, represents the information set of the policy makers. Hence, 
F (f2,) provides the systematic component of monetary policy whereas 

9 We wish to emphasize that introducing an indicator of the stock market re· 
vealed itself of paramount importance in enabling an improvement of the experimen­
tal results. We aiso conducted a simulation (not reported here) without inc\uding the 
stock market and found a relevant deterioration in the prediction of the federaI funds 
rate. 
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C, represents the unexpected component, i.e. the monetary policy 
shock. 

In the V AR Iiterature [2, usually contains a set of variables which 
can be ideally separated into target variables, e.g. unemployment and 
inflation and other macroeconomic seri es that are usefui for predicting 
the future behaviour of some key variables, e.g. the commodity price 
index. In order to study the dynamic effects on inflation and unem­
ployment of a monetary policy shock, a set of identifying restrictions 
needs to be imposed. For example, in Christiano, Eichenbaum and 
Evans (1999) a causaI (recursive) structure is assumed on the basis of 
informational assumptions regarding the conduct of policy. 

Undoubtedly, both the approaches gave important insights into 
the working of monetary policy and its effects, at different frequen­
cies, on the economie system. Nevertheless, they have been subject to 
some criticismo As far as the structurai V AR approach is concerned, 
perhaps the most important shortcoming derives from the conclusion, 
common to many empiricai investigations and robust to different 
strategies of identifying restrictions, that only a small part of output 
vari ance can be ascribed to monetary policy shocks and that a domi­
nant role is instead played by the systematic component of monetary 
policy. In other words, the surprise component of monetary policy is 
Iikely to represent only a secondary channei through which the cen­
traI bank influences the economie system. 10 

Such shortcomings have Ied a number of researchers (see, e.g. 
Clarida, Gal{ and Gertler 1998) to concentrate on the systematic 
component of monetary policy. As for the estimation of centraI 
bank's reaction functions, a good deai of uncertainty is related to the 
selection of a set of unobservable economie variables, the most impor­
tant being the output gap. Moreover, a recent strand of research has 
drawn attention to the possibility of systematic errors in assessments 
regarding the outlook of the economy in reai time and hence, as a 
consequence, aiso the implementation of simple rules turns out to be 
complex in practice (see, e.g., Orphanides 2001). 

As far as the question of estimating unobservable macroecono­
mie variables is concerned, it is worth pointing out that the approach 
of this paper does not face this kind of problems. The reason is that in 

lO A recent and comprehensive survey is provided by Christiano, Eichenbaum 
and Evans (1999). 
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the context of fuzzy logic a precise indicator of the macroeconomic 
conditions, such as the natural level of output, has little sense since, 
within this approach, it is never completely true or false that the 
economic system is experiencing a phase of high or slow growth: this 
characterization of the economic situation obtains only a certain 
degree of membership, and such memberships are not sharply sepa­
rated. 

Nevertheless, we believe that the most important question aris­
ing from the recent research on modeling the centraI bank's reaction 
functions attains the fixed coefficients response which it imposes on 
the Fed's behaviour. It is unbelievable that the centraI bank, over a 
period of 16 years, aIways reacted in the same way and with the same 
magnitude to discrepancies between target and observed vaIues of 
macroeconomic variables. 

In this paper we have repeatedly emphasized the advantage of an 
evolutive approach to monetary policy since it affords the centraI 
bank the possibility to learn from its experience and, moreover, it 
defines the operation assumptions in the form of flexible rules, thus 
providing a more adequate · characterization of the behaviour of the 
centraI bank. 

5. Conclusions 

The simulation conducted in this paper has shown that the neuro­
fuzzy approach to the behaviour of the centraI bank represents an 
interesting alternative to the characterization of US monetary policy 
based on the estimation of structural equations, since it allows a go od 
description of the behaviour of the monetary policy instrument, i.e. 
the federaI funds rate. 

Following the seminaI work of Taylor (1993), structural equa­
tion models usually analyze the systematic response of the nominaI 
interest rate to the contemporaneous (and possibly lagged) values of 
inflation and the output gap. Indeed, it is easi1y recognized that centraI 
banks monitor a wider set of variables, including indicators of the 
stock market. Thus, in the present paper we found that inclusion in 
the input data set of an indicator of the state of confidence of the stock 
market turned out to be very important in shaping the behaviour of 
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the federal funds rate in recent years. Note that an extension of the 
input data set is also possible in the context of the estimation of mone­
tary policy rules. However, serious problems of simultaneity are likely 
to arise. 

In our view, another important shortcoming of the traditional 
econometrie techniques (inc1uded the structural V AR approach) 
applied to monetary policy is that they predict a fixed response of 
nominaI interest rates in the presence of discrepancies between target 
and observed values of macroeconomic variables. For example, in the 
Greenspan era, the estimated consensus coefficient regarding the 
response of the FederaI Reserve to current inflation is slight1y above 
one. The implication is that throughout the 16 years of Greenspan's 
headship in alI the cases in which a proxy of the future inflation was 
1 % above the target, there has been an increase in the federal funds 
rate of slight1y more than 1 %. Clearly, this imposes a strait jacket on 
the conduct of monetary policy sin ce it does not allow for flexibility 
and, not less important, prevents the possibility for the Fed to develop 
a process of learning about the working of the economie system. The 
neuro-fuzzy approach avoids this rigidity since: t) it alIows the Fed the 
possibility to learn from its experience; ù) the Fed is faced with a 
complex system and, as a consequence, the operation assumptions 
need to be set in form of vague (flexible) rules. Ambiguous concepts 
like normal unemployment or low inflation depend upon the histori­
cal and economie context: in the 1990s the notion of normal unem­
ployment (and low inflation) was very different as compared to one or 
two decades before. Indeed, the adoption of vague rules is the essence 
of fuzzy . systems whereas flexibility is a feature of artificial neural 
networks. 
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