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Neural network forecasting models have been widely used in the analyses of finan-
cial time series during the last decade. This paper attempts to fill this gap in the literature
by examining a variety of univariate and multivariate, linear, nonlinear Economics em-
pirical modes and neural network. In this paper, we construct an M-estimator based RBF
(MRBF) neural network with growing and pruning techniques. Then we compare the
forecasting performances of MRBF with six other time-series forecasting models for
daily U.S. effective federal funds rate. The results show that the proposed MRBF net-
work can produce the lowest root mean square errors in one-day-ahead forecasting for
the federal funds rate. It implies that MRBF can be one good method for the predictions
of some financial time series data.

Keywords: federal funds rate, time series prediction, M-estimator, RBF, growing and
pruning

1. INTRODUCTION

Since interest rate is an important factor to influence the financial market, the pre-
diction of interest rate has been a popular issue in Economics field. The U.S. Fed always
implements monetary policy by targeting the effective Federal Funds rate. The effective
federal funds rate fluctuates day by day because each day the Trading Desk of the Fed-
eral Reserve Bank of New York conducts open market operations designed to move the
federal funds rate. Thus, many papers about prediction focus on the high-frequency be-
havior of the federal funds rate.

The Economics literature found some important variables can provide the prediction
power of federal funds rate movements. Krueger and Kuttner [1] found the federal funds
rate movement can be explained by the decomposition of the federal funds future rates.
Taylor [2] and Rudebusch [3] showed that the federal funds rate target announced by
Federal Open Market Committee (FOMC) can provide some prediction information
about the forecast of funds rate. Sarno and Thornton [4], Hansen and Seo [5] showed that
term structure of interest rate is related to the federal funds rate. Since the prediction of
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funds rate can help financial market hedge the risks on the investments, a range of time-
series models in Economics literature are used to forecast the funds rate. Sarno et al. [6]
did the consensus to examine a variety of univariate and multivariate, linear and nonlin-
ear empirical prediction models of the federal funds rate. They examined the forecasting
performance of daily federal funds rate by using both univariate and multivariate, linear
and nonlinear models, which are all tried to capture the unknown process that drives fed-
eral funds rate movements.

A neural network always can perform well on the forecast because it can be re-
garded as a universal approximator and possesses self-learning capability. Neural net-
work forecasting models also have been widely used in the analyses of financial time
series during the last decade. To date, however, there appears to be few paper on the
comparison for the prediction of federal funds rate between Economic prediction models
and neural network models. Thus, this paper attempts to fill this gap in the literature by
examining a variety of univariate and multivariate, linear, nonlinear Economics empirical
modes and neural network models. That is, the main goal of this paper is to examine how
well artificial neural networks perform the forecasting of daily U.S. effective federal
funds rate compared some economics prediction models.

Among the current neural network models, the radial basis function (RBF) neural
network is considered as a good candidate for approximation and prediction due to its
rapid learning capacity. It has been applied successfully to some nonlinear time series
modeling and predictions [8-11]. Although the RBF networks have been used success-
fully in many applications, there still exist some unsolved problems. First, the Gaussian
function is typically selected as the activation function in the RBF networks. A network
iteratively adjusts parameters for each node by minimizing the least-mean square (LMS)
criterion according to gradient descent algorithm. Nevertheless, when some of the train-
ing patterns contain large errors caused by the presence of noise, the network will yield
inadequate responses in the neighborhood of the noise due to the LMS criterion. There-
fore, the training results of the network might not be good since all training patterns must
be interpolated by including the noisy ones. That is, the network is not robust as input
training patterns contain noise.

This robustness can be achieved by replacing the MSE criterion with M-estimator,
in the case of traditional neural networks, and it has been also applied in many fields [12-
15]. In our previous work [16, 17], a robust objective function derived from Hample’s
M-estimator was adopted to develop the robust RBF network. Chen ef al. [12] have used
the M-estimator to deal with the noise and develop a fast template matching algorithm.
Four different robust estimators (Huber estimator, Tukey estimator, Geman-McClure
estimator, and the trimmed mean M-estimator) were used in their experiment to compare
the recognition and speedup performances of template matching. Hong et al. [13] have
introduced a new orthogonal forward regression (OFR) model identification algorithm, in
which it uses D-optimality for modeling the structure selection. It is based on an M-es-
timators of parameter estimates. The proposed approach extended the OFR algorithm on
the parsimonious model structure determination, and therefore can deal with noisy data
conditions via the derivation of parameter M-estimators with inherent robustness to noise.
Chuang et al. [14] have adopted the concepts of M-estimator and annealing to develop a
feedforward network with robust backpropagation learning algorithm. In addition, some
of the robust methods used for calibration in analytical chemistry were reviewed in [15],
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such as Huber M-estimator, Tukey estimator, Welsh GM-estimators, fuzzy estimators,
etc.

On the other hand, the second crucial problem of training the RBF networks is the
difficulty of determining the number of hidden nodes in the network. If the number of
hidden nodes is underestimated, the capability of the network is limited and the per-
formance therefore might be degraded. However, if the number of hidden nodes is over-
determined, a large network is generated and that may lead to increase training time. In
the past literature, several methods used to determine the number of hidden nodes in RBF
networks have been proposed. Chen et al. [22-25] first proposed an orthogonal least
squares (OLS) learning algorithm to choose RBF centers. Later, they also combined the
genetic algorithm and regularized orthogonal least squares learning to improve the net-
work generalization performance. Huang et al. [11, 21] proposed a concept of signifi-
cance of a neuron, which differed from other methods. This method in Huang et al. [11,
21] was also much simpler. The significance is defined as a neuron’s statistical contribu-
tion to the overall performances of the network, and it is used in growing and pruning
strategies. A new neuron is added only if its significance is larger than the chosen thresh-
old. Conversely, if the significance for a neuron is less than the threshold, the neuron is
pruned. In this paper, we define the network growing and pruning algorithm by adopting
this concept of the significance of a neuron. According to this approach, the network can
produce a proper size in a given problem.

While developing the M-estimator based RBF (MRBF) neural network, it can re-
solve the traditional RBF problems by the following two advantages. The first advantage
is the robustness for noise. The second one is the determination of the hidden-node num-
ber. In this paper, we use the Welsch M-estimator function [18-20] as the RBF error func-
tion, and adopt the ideas of neuron significance [21] to implement the network growing
and pruning algorithm. Through the combination of M-estimator with growing and prun-
ing techniques, the MRBF network not only can achieve the optimal network topology
but also can have the capability of resisting the outliers.

The federal funds rate is the interest rate at which a depository institution lends im-
mediately available funds to another depository institution overnight. The rate may vary
from bank to bank and from day to day. Theoretically, the rate should be determined by
the open market. Interest rates tend to increase with an increase in the rate of borrowing
and when the economy is flowing. In the other hand, interest rates decrease in situations
when economy is not going too well. In order to maintain the stable economy, the FOMC
always set a target for this rate to keep the federal funds rate be around its target level.
However, government policy, terrorist incident, or some other nonblank financial panics
also affect the movements of interest rate. Thus, it has been a difficult task to predict the
fluctuations of federal funds rate in a complicated U.S. economy.

In this study, we treat the sudden changes of interest rate as outliers in MRBF net-
work. We compare the forecasting performances of MRBF network and other six eco-
nomic time-series models for daily U.S. effective federal funds rate. These six economic
empirical models include random walk model, autoregressive conditional heteroskedas-
ticity model, Markov-switching pth-order autoregressive model with M-regimes [32],
momentum-threshold autoregressive, bivariate TAR model, and Makov-switching vector
error correction model. The experimental results show that the proposed MRBF network
model can achieve a better prediction performance for the U.S. daily funds rate.
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The rest of this paper is organized as follows. Section 2 introduces MRBF network,
section 3 describes other time-series forecasting models. Section 4 describes the data and
reports the experimental results. Section 5 concludes.

2. M-ESTIMATOR BASED ROBUST RBF NEURAL NETWORK

The basic architecture of an RBF network is a single hidden layer feed forward neu-
ral network, as shown in Fig. 1. The output of the RBF network is described by

Fig. 1. Basic architecture of RBF neural network.

N
y=1(x)=Y w (k—c¢l. op) (1)
k=1

where y is the actual network output, x € R™' is an input vector signal, with individual
vector components given as x;, forj = 1, 2, ..., m, thatis, x = [x;, x, ..., xm]T e R™ . w=
[wi, wa, ..., WN]T e R™! is the vector of the weights in the output layer, N is the number
of neurons in the hidden layer, and @(-) is the basis function of the network from R™! to
R. ¢k = [crs Chos -y Cim]” € R™! is called the center vector of the kth node,  is the band-
width of the basis function ¢(-), and ||-|| denotes the Euclidean distance. For each neuron
in the hidden layer, the Euclidean distance between its associated center and the input to
the network is computed. The output of the neuron in a hidden layer is a nonlinear func-
tion of the distance, and the Gaussian function is most widely selected as the nonlinear
basis function. After the computation of the output for each neuron, the output of the
network is computed as a weighted sum of the hidden layer outputs.

In the training procedure, the steepest gradient of descent learning process is used to
adjust the appropriate settings of the parameters (e.g. weights, centers, and bandwidths),
which make the performance of the network mapping optimized. A common optimiza-
tion criterion is used to minimize the LMS between the actual and desired network out-
puts. LMS error function is defined as

P =577 @)

where 7, = d(n) — y(n) represents the residual error between the desired, d(n), and the
actual network outputs, y(n). n indicates the index of the series.
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The cost function can be defined as an ensemble average error,

J(6) = E[p(r2)] ©)

where @is one of the parameter sets of the network.
According to the gradient descent method, the update equation for the network pa-
rameters is given by

001+1) = 00n) - g~ (0) = 00+ 1, 22 @)

We can define the influence function as

w(r,) = % )
v

n

and rewrite Eq. (4) to obtain the generalized update equation as

001+1) = 000) + i 7). (©)

Recalling Eq. (6), the network updates are proportional to the linear influence func-
tion y(r,). It would offer the key to an understanding of overcoming the outlier problem.
One possible solution for improving this problem is to employ a robust criterion instead
of LMS. Among several methods, which deal with the noise problem, M-estimator tech-
nique [18-20] is the most robust and has been applied in many applications. The M-esti-
mator uses some cost functions which increase less rapidly than that of least square esti-
mators as the residual departs from zero. When the residual error increases over a thresh-
old, the M-estimator suppresses the response instead. Therefore, the M-estimator based
error function is more robust to noise than LMS based error function.

Several M-estimators have been studied in the past. Some commonly used are Huber,
Cauchy, Geman-McClure, Welsch, and Tukey. In this paper, we employ the Welsch
function as the error function, given by

Pw (1) == [1-exp(~(r,/@)*)] 7

where « is a scale parameter. The corresponding influence function is given by

dpy (1)

n

vy (1) = =1, exp(—(r,/a)?), ®)

and the error function and influence function are graphically depicted in Fig. 2. Observ-
ing Fig. 2, we can find that Welsch functions reduce the effects of the large errors.
The update Eq. (6) can also be rewritten as

O(n+1) = O(n)+ pyr, exp(—(rn/a)z)%. 9
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Fig. 2. Graphic representations of Welsch M-estimators.

To find the confidence interval, we let d v, (r,)/dr, = 0, given by

W - (1-2(r, /@)*) exp(—(r,/a)*) = 0. (10)

a l//W (rn )
or,

n

Obviously, the extreme points are + 2> ¢, and the confidence interval is the range [- 2"° ¢,
2%%¢]. The interval depends on the scale . When « is large, noise may not be discrimi-
nated from the majority of the data points. Conversely, if « is small, some of desired data
will be treated as noise. To estimate the scale, a median operator is used in this paper.
The median operator is simple to understand, easy to calculate, and more robust in the
presence of noise values than the mean value. It is given by

i=n+| 2
2
a = B(k) median (|r;]) (1)
i=n—| s
where
BUE) = Py ex (— K ) (12)
0 SXP| T Totallteration

s indicates the number of values in the data set of median, k indicates the iteration index,
Totallteration is the number of the training epochs, and £ is a real number, used to con-
trol the confidence interval.

Another major challenge in this design of the robust RBF neural network is to de-
termine the number of the centers. The performance of the network is critically depend-
ent on the number of the centers. If an insufficient number of centers is selected, the ca-
pability of the network is limited. The performance therefore might be degraded. On the
other hand, if the number of centers is over-determined, this produces a larger network
and increases the time for the network process.

In the past, various methods for growing and pruning in RBF networks have been
proposed [21, 26-30]. Huang ef al. [21] have proposed the concept of significance of a
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neuron, which is wholly different from and much simpler than other methods. The sig-
nificance is defined as a neuron’s statistical contribution to the overall performance of
the network. It can be used in growing and pruning strategies. A new neuron is added
only if its significance is larger than the chosen threshold. Conversely, if the significance
for a neuron becomes less than the threshold, then that neuron is pruned. In this paper,
we define the network growing and pruning algorithm by adopting the concept of the
significance of a neuron.

(1) Pruning Node: To define the significance of a neuron for pruning (SNP), we assume
the output of a RBF network with N neurons for an input x is given by Eq. (1). If the
neuron ¢ is removed, the output of the RBF network with the remaining N — 1 neu-
rons is

N

q-1
Yy :ZWk¢k(||x—ck||>O'k)+ Z Wi (X = ¢l o) (13)
k=1

k=g+1

Therefore, for an input x;, the error caused from removing neuron ¢ is the absolute
difference between y and y,, that is

PErr(i, q) =y =y, = w,l ¢, (Ix; —¢,ll. o). (14

The significance of a neuron for pruning is defined as the average error for all M
sequentially learned inputs by removing neuron ¢, given by

M

; PErr(i, q) | 1

SNP(‘])ZTZV;%(HX,'—%H, o,) (15)
If SNP(q) < TPErr (TPErr is a predefined threshold value), it means the neuron ¢

does not make significant contribution to the overall performance of the network. Hence,
this neuron should be removed.

(2) Growing Node: The definition of the significance of a neuron in the process of grow-
ing node is similar to the one for pruning. For the newly added neuron N + 1, the out-
put of the RBF network with the N + 1 neurons is

N+l
YN+ = Z Wiy (e — e ll, o) (16)
k=1

Therefore, for a given input X;, the error produced from the newly added neuron N +
1 is the absolute difference between y and yy;;. That is,

GErr(i, N+1) =y — yy =Wy |y (X — eyl o) (17)

The significance of a neuron for growing (SNG) is defined as the average error for
all M sequentially learned inputs by the newly added neuron N + 1, given by
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M
> GErr(i, N +1)

M
i= w
NG+ = 2Pl S el o) (18)
i=1

The parameters associated with the newly neuron N + 1 are taken as follows:

M
Wy4 = —RMSE Z Py (X —enall, oy
i=1

ey = by |arg max( ()} (19)
ONt1 = KHxi _Cnr”
where ¢, is the center which is nearest to x;, and xis a real number, £ = 0.95 in this paper.

If SNG(N + 1) > TGErr (TGErr is a predefined threshold value), it means the neuron
N + 1 makes significant contribution to the overall performance of the network; hence,
this newly neuron should be added into the network. Besides, to control the amount of
the newly added neuron, the newly added neuron should not be too closed to the existing
neurons. In other words, a newly added neuron must be far away from the existing neu-
rons by at least TDist (TDist is a predefined threshold value). That is, min (cy,; —c,[)>
TDist. kLN

To avoid network stability problems, frequently caused by the growing and pruning,
the check-period of the growing and pruning algorithm is generated as 7= 2 * Number of
Neurons. Initially, the number of neurons increases faster to cope with the complexity of
the problem. Afterwards, while the network is approaching the stable state, the interval T’
between the checking process of the growing and pruning increases for avoiding the net-
work oscillation. In addition, the extreme node (the most or least significant one) is con-
sidered as the check candidate in each growing and pruning. In the following simulations,
the parameters are set as TGErr = 0.0003, TPErr = 0.02, and TDist = 0.01, while all input
data is normalized to the range [0, 1].

3. OTHER SIX TIME-SERIES FORECAST MODELS

We attempt to compare the forecasting performances of MRBF network to other six
economic time-series models for daily U.S. effective federal funds rate, including ran-
dom walk model, autoregressive conditional heteroskedasticity model, Markov-switching
pth-order autoregressive model with M-regimes, momentum-threshold autoregressive,
bivariate TAR model, and Makov-switching vector error correction model.

Although some researcher concluded that the interest rate fails to follow a random
walk, most studies cannot reject the unit root hypothesis for federal funds rate. Thus, it
seems reasonable to consider a simple driftless random walk (RW) model as the first
time-series model

AifF =u, (20)

where Ai/" is the daily change in the effective federal funds rate.
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The second model is a univariate model of the daily federal funds rate — the expo-
nential generalized autoregressive conditional heteroskedasticity (EGARCH) model. An
EGARCH (p, ¢) model for the daily change in the federal funds rate is written as

A =" =i+ o, (21)

log(7) = w+f 8,00, +f {ps [ ]+§g } (22)
| -

Jj=1 s=1 -

VI—S

O-t—s

vt—s

-F

O-Z—S

where (i —i") is the cumulative change of the federal funds rate over the preceding

two days, and v, denotes independently and identically distributed innovations with zero
mean and unit variances. We model the conditional variances o;* by the paper of [7],
which consider the asymmetric effect between future conditional variances and current
federal funds rate changes, both sign and magnitude of innovations are taken into account.

The third model is a univariate nonlinear model-Markov-switching—pth-order auto-
regressive model with M-regimes, MS-AR(M, p), written as

P
AizFF = z ¢(Zz)Ait]i]; +o(z)w, Z4=1,2.M (23)
Jj=1

p

It allows for the autoregressive structure, Z ?; (zt)Aii ’;, and the variance of the
j=1

error term, oz(z,), to be shifting over time across regimes. In this model, the variance of

the innovations @, is time-varying but, unlike for the EGARCH, the dynamics is governed

by an unobservable variables z, which is assumed to follow a first-order Markov chain.
The forth model is a multivariate model-Momentum-Threshold Autoregressive (M-

TAR) model. The model is defined as

P-1
Ay, =D NNy, + Ly By, 1+ (= 1)y By, 1+ error (24)
Jj=1

where /, is an indicator, I, = 1if f'y,1 >0, 1,=0if fy.; <0, and y, = i1, i™, i, is the
3-month Treasury Bill (TB) rate. This model explicitly takes into account the existence
of asymmetries that may occur in the adjustment process along the short-end of the yield
curve. Essentially, the adjustment parameters, a;, o,, differ depending on whether the
slope of the short-end of the yield curve is positive or negative.

Another multivariate threshold model is bivariate TAR (BTAR) model.

p-l p-1
Ay, =1, {z MDAy o By } +(1 —It){z Ay Ayt |+error  (25)
j=1 =

where y, = [i, i), ,= 1if f'y., = k, and I,= 0 if By, < k.

Although both M-TAR models and the BTAR model belong to the family of thresh-
old autoregressive models, they differ in several respects. First, in the BTAR model the
Heaviside indicator function /, is equal to zero or unity according to whether the value of
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the cointegrating residual is smaller (or larger) than a threshold &, which must be esti-
mated. In contrast, in the M-TAR model the threshold is assumed to be equal to zero.
Second, in the BTAR model the whole set of parameters, A;, ¢; is shifting over time,
while in the M-TAR model only the speed of adjustment parameter, namely ¢; (for i = 1,
2) is shifting over time.

The sixth model considered is a Markov-switching vector error correction model
(MS-VECM) of the term structure of federal futures rates. The federal funds rate and
federal futures rates are assumed to cointegrate with a cointegrating vector [1, — 1]. The
join dynamics of the federal funds rate and the federal funds futures rates are described
by a VECM:

p=1
Ay, = z ri(zt)Ayt—j +7(z,) Y + T (2)e, (26)

j=1

were y, = [i/", f!, /], and the long-run impact matrix 7(z,) = a(z))S"- /', f* is the 1-month
and 2-month federal funds futures rates, respectively. The VECM has been generalized to
a Markov-Switching framework where the parameters can shift to take into account the
evidence that interest rate changes are heteroskedastic and that their distribution is well
approximated by a mixture of normal distribution.

4. EXPERIMENTAL RESULTS

In this section, Mackey-Glass chaotic time series prediction and federal funds rate
prediction are conducted to examine the performance of the proposed MRBF network.
Mackey-Glass chaotic time series is regarded as a benchmark for the problem of time
series prediction. In the first experiment, the prediction of Mackey-Glass time series is
performed for showing the proposed method is good enough to resolve the time series
prediction problem. The results indicate that the proposed MRBF outperforms other pre-
diction models for this time series data, even when data contains noises. In the second
experiment, the MRBF is applied to the prediction of federal funds rate. We compare the
forecasting performances of the MRBF network and other six economic time-series mod-
els for daily U.S. effective federal funds rate. The results show that the MRBF can pro-
duce the smaller prediction errors than other models.

4.1 Performance Evaluation of MRBF

We examine the performance of the proposed M-estimator in the prediction of time
series data. We define a chaotic Mackey-Glass differential delay function as

dx(t)  02x(t—71)

TS 0.1x(?) 7)

where 7> 17. In this experiment, 1000 data points are generated with an initial condition
x(0) = 1.2 and 7= 17. The first 500 data pairs of the series were used as training data,
while the remaining 500 were used to validate the model identified. The networks are
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(a) Test result of noise-free time series. (b) Neuron updating history.

Fig. 3. Mackey-glass chaotic time series prediction.

Table 1. Comparison results of the Mackey-glass time series prediction error of different

methods.
Method Pre(ig\l/i)sr’lE]?rror Epochs

Our Approach 0.005541 500
0.003266 3000

Classical RBF (with 23 neurons) [27] 0.0114

ANFIS and fuzzy system [28] 0.007 500

LLWNN + hybrid [29] 0.0036 3000

Neural tree [30] 0.0069

Backpropagation NN 0.02 500

Auto Regressive Model 0.19 500

Genetic algorithm and fuzzy system (Ensemble) [31] 0.026243 500

employed to predict the values of the time series at point x(¢ + 6) from the four past sam-
ples [x(f), x(t — 6), x(t — 12), x(¢t — 18)]. Two neurons are given in the beginning of the
training, and the corresponding centers are uniformly assigned from data range. The ini-
tial weights are randomly selected from [— 0.3, 0.3]. The initial scale parameters are set
as fy=0.8, n=-1,s=7. Fig. 3 (a) shows the test result of noise-free time series by us-
ing the proposed method. The RMSE is 0.003266 for 3000 iterations. Fig. 3 (b) shows
the neuron updating history. The number of neurons dynamically increases from 2 to 19.

Table 1 reports the Mackey-Glass time series prediction performances of noise-free
data among different methods including our proposed method. The data of last three
rows in Table 1 is obtained from [31]. Some values are blank because these values are not
available from the original articles. By the comparison results, we can find that our pro-
posed algorithm can produce the smallest prediction error than other methods.

To further examine the advantage of the robustness in our proposed RBF neural
network, different noise levels of the magnitude of the training data have been used to
test the capability of resisting noise. Fig. 4 shows the results of the training phase. The
corresponding RMSEs are shown in Table 2. The results show that the RMSE is 0.027035
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Fig. 4. Training results of different levels of uniform random noise.

Table 2. Training results of different levels of uniform random noise.

Level Prediction Number of Neurons Iterations
of Noise Error (RMSE) at the Final Iteration
10% 0.007745 22 500
20% 0.013488 22 500
30% 0.027035 22 500
40% 0.047285 28 500

500

in the case of 30% of the magnitude of the training data. It is nearly similar with the re-
sult of genetic algorithm and fuzzy system method (i.e. 0.0262431), even without noise

in their method.

4.2 Prediction of Federal Funds Rate Data

In order to compare the forecast performances for U.S. effective funds rate with [6],
we have the data of funds rate over the sample period from January 1, 1990 through De-
cember 31, 2000. There are totally 2869 observations, as shown in Fig. 5. Some other
variables used to forecast funds rate on these six economic prediction models consist of
daily observations on the U.S. effective federal funds rate', the 3-month T-bill #"%, the
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Table 3. Summary statistics.

i i’ f f
Mean 5.249 5.056 5277 5.304
Variance 1.893 1.578 1.771 1.741
Table 4. Prediction accuracy from Jan. 1 12
1997 to Dec. 31 2000.
Models RMSE ]
MRBF 0.178 g,
RW 0.196 g
M-TAR 0.189 § o
EGARCH(1, 1) 0.186 &
MSAH-AR(2, 1) 0.194 N
BTAR 0.202 , o
MSIH-VECH(3, 1) 0.216 1990 Time 2001

Fig. 5. Federal funds rate data from Jan. 1, 1990
through Dec. 31, 2000.

1-month and 2-month federal funds futures, /', /°. In order to eliminate the effect of the
increased volatility on settlement days, the funds rate series used in our paper are already
adjusted. Table 3 presents summary statistics for these variables.

We first estimate each prediction model over the sample period January 1, 1990 to
December 31, 1996. Next, we calculate one-day-ahead forecasts over the period, January
1, 1997 to December 31, 2000. To compare the predicting performances with these indi-
vidual economics models of [6], we report the RMSE over the forecast period January 1,
1997 to December 31, 2000 (as the same forecast periods with [6]). The out-of-sample
forecasts are constructed according to a recursive procedure, which is conditional only
upon information available up to the date of the forecasts and with successive re-esti-
mation as the date on which forecasts and conditioned moves through the data set. The
network parameters are set to the same as those used in the Mackey-Glass time series
prediction. The prediction result is shown in Table 4. It reports the RMSE for each of the
estimated models. Our results show that the MRBF network exhibits the best out-of sam-
ple prediction performance: the RMSE obtained is the lowest across all models.

5. CONCLUSIONS

Neural network forecasting models have been widely used in the analysis of finan-
cial time series during the last decade. This paper attempts to fill this gap in the literature
by comparing a variety of univariate and multivariate, linear, nonlinear economics pre-
diction modes and neural network. We compare the forecasting performances between
MRBF network to a variety of empirical models for daily federal funds rate. The daily

' The federal funds rate is a weighted average of the rates on federal funds transactions of a group of federal
funds brokers who report their transactions daily to the Federal Reserve Bank of New York.
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data spans over the period from January 1, 1990 through December 31, 2000, yielding a
total of 2869 observations. We compare the performances of out-of sample prediction on
one-day-ahead federal funds rate over the period January 1, 1997 to December 31, 2000.

Our results indicate that MRBF network can produce the best out-of sample per-
formance: the RMSE obtained for funds rate is the lowest across all other models. Thus,
the result shows MRBF network is a good prediction method for the movements of fed-
eral funds rate. That is, it implies MRBF network can be one good forecast method for
some financial time series data. We conclude that it is because the proposed MRBF have
two advantages, nonlinearlity and robustness. The federal funds rate varies from bank to
bank and from day to day. Theoretically, the rate should be determined by the open mar-
ket. Since government policy, terrorist incident, or some other nonblank financial panics
could affect the movements of interest rate, so some sudden changes of interest rate can
be regarded as noise. Other methods introduced earlier are not robust for the data with
noise. Therefore, the proposed MRBF which can handle the nonlinear and noisy time
series is superior to other methods.
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