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Abstract

This paper presents the Time-delay Added Evolutionary Fore-
casting (TAEF) method for time series prediction which per-
forms an evolutionary search of the minimum necessary num-
ber of dimensions embedded in the problem for determining
the characteristic phase space of the phenomenon generating
the time series. The method proposed consists of an intelli-
gent hybrid model composed of an artificial neural network
(ANN) combined with a modified genetic algorithm (GA).
Initially, the TAEF method finds the most fitted predictor
model for representing the series and then performs a beha-
vioral statistical test in order to adjust time phase distortions
that may appear in the representation of some series.

1 Introduction

More recently, new promising approaches based on artificial
neural networks (ANNs) have been proposed for the non-
linear modeling of time series [9]. However, in order to define
a solution to a given problem, ANNs require the setting up of
a series of system parameters.

In this work, a systematic procedure based on an hybrid in-
telligent system approach is proposed for the automatic search
of the important system parameters that solve time series pre-
diction problems. The adopted method consists of a combi-
nation of a standard ANN architecture with a modified ge-
netic algorithm (GA) [2] which efficiently searches and de-
fines 1. the minimum number of (and the specific) tempo-
ral lags, based on F. Takens theorem [8], 2. the best ANN
structure in terms of the number of processing units, 3. the
most fitted training algorithm that boosts the prediction per-
formance, and 4. a behavioral statistical test carried out at the
prediction model output to fix relative phase distortions in the
series representation.

2 Time Series Problems

The aim when applying prediction techniques to a given tem-
poral series is to identify certain regular patterns present in
historical data. In this context, a crucial factor for a good fore-
casting performance is the correct choice of the time lags con-

sidered for representing the series. Such relationship struc-
tures among historical data constitute a d-dimensional phase
space, where d is the minimum dimension capable of rep-
resenting such relationship. The work of F. Takens [8] has
proved that if d is sufficiently large, such built phase space has
the same dynamics and is homeomorphic to the phase space
which generated the time series.

The big problem in reconstructing the original state space is
naturally the correct choice of the variable d, or, more specifi-
cally, the correct choice of the important time lags.

3 The TAEF Method

The method proposed in this work — Time-delay Added Evo-
lutionary Forecasting (TAEF) method — tries to reconstruct
the phase space of a given time series by carrying out a search
for the minimum dimensionality necessary to reproduce the
phenomenon generator of the times series. The proposed pro-
cedure is a intelligent hybrid system based on an ANN archi-
tecture (multilayer perceptron network - MLP) trained with a
modified GA [2] which not only searches for a number of the
ANN parameters but also for the adequate embedded dimen-
sion represented in the lags.

The scheme describing the proposed algorithm is based on
the iterative definition of the three main elements: 1. the un-
derlying information necessary to predict the series (the min-
imum number of lags); 2. the structure of the model capable
of representing such underlying information for the purpose
of prediction (the number of units in the ANN structure); and
3. the appropriate algorithm for training the model.

Following this principle, the important parameters defined
by the algorithm are: 1. The number of time lags to rep-
resent the series: initially, a maximum number of lags
(MaxLags) is defined by the user and a GA can choose any
number of lags in the interval [1, MaxLags] for each indivi-
dual of the population; 2. The number of units in the ANN
hidden layer: the maximum number of hidden layer units
(NHiddenmax) is determined by the user and the GA chooses,
for each candidate individual, the number of units in the hid-
den layer (in the interval [1, NHiddenmax]); 3. The training
algorithm for the ANN: RPROP [6], Levenberg-Marquardt
[5], Scaled Conjugate Gradient [4], One Step Secant Con-1027



jugate Gradient [1] are candidates for the best algorithm for
training the ANN.

The algorithm starts with the user defining a minimum ini-
tial fitness value (MinFit) which should be reached by at least
one individual of the population in a given GA round. The fit-
ness function is defined as Fitness = 1

1+MSE
, where MSE

is the Mean Squared Error of the ANN and will be formally
defined in the next section.

In each GA round, a population of M individuals is gener-
ated, each of them being represented by a chromosome (here,
M = 10). Each individual is in fact a three-layer ANN
where the first layer is defined by the number of time lags,
the second layer is composed of a number of hidden process-
ing units (sigmoidal units) and the third layer is composed by
one processing unit (prediction horizon of one step ahead).

The stopping criteria for each one of the individual are the
number of epochs (NEpochs), the increase in the validation
error (Gl) and the decrease in the training error (Pt).

The best repetition with the smallest validation error is cho-
sen to represent the best individual. Following this procedure,
the GA evolves towards a good fitness solution (which may
not be the best solution yet), according to the stopping crite-
ria: number of generations created (NGen) and fitness evo-
lutions of the best individual (BestF it).

After this point, when the GA reaches a solution, the algo-
rithm checks if the fitness of the best individual paired or over-
came the initial value specified for the variable MinFit (mini-
mum fitness). If this is not the case, the value of MaxLags
(maximum number of lags) is increased by the unit and the
GA procedure is repeated to search for a better solution. The
objective here is to increase the possible number of lags in the
lag set until a solution of minimum fitness is reached.

However, if the fitness reached was satisfactory, then the
algorithm checks the number of lags chosen for the best in-
dividual, places this value as MaxLags, sets MinFit with the
fitness value reached by this individual, and repeats the whole
GA procedure. In this case, the fitness achieved by the best
individual was better than the fitness previously set and, there-
fore, the model can possibly generate a solution of higher
accuracy with the lags of the best individual (and with the
MinFit reached by the best individual as the new target). If,
however, the new value of MinFit is not reached in the next
round, MaxLags gets again the same value defined for it just
before the round that found the best individual, increased by
the unit (the maximum number of lags is increased by one).
The idea here is that if the time lags found in the best individ-
ual were not capable of producing a higher fitness than the one
previously found this may be because some important lag (or
lags) was discarded. The state space for the lag search is then
increased by one to allow a wider search for the definition of
the lag set. This procedure goes on until the stop condition is
reached. After that, the TAEF method chooses the best model
found among all the candidates.

In order to conclude the definition of the method a last as-
pect had to be considered. During the development and test
of the method, a peculiar prediction behavior was observed in
the prediction model. The predictions of financial series were

Figure 1: Algorithm for the TAEF method

always presented with a one step shift (delayed) with respect
to the original data (“out-of-phase” matching). An interest-
ing point to observe is that this one step delay behavior with
respect to the actual series is similar to a random walk like
model. Since it is a common sense in economics that financial
times series behave like random walks, as a first approxima-
tion [3], it is not strange that predictor models generated for
them show this one step time delay distortion [7].

After the best model is chosen when training is finished,
an statistical test is employed to check if the network repre-
sentation has reached an “in-phase” (without a one step shift)
or “out-of-phase” matching. This is conducted by comparing
the outputs of the prediction model with the actual series mak-
ing use of the validation data. If this test (for example the t-
test) accepts the “in-phase” matching hypothesis, the elected
model is ready for practical use. Otherwise, the method car-
ries out a new procedure to adjust the relative phase between
the prediction and the actual time series. The validation pa-
tterns are presented to the ANN and the output of these pa-
tterns are re-arranged to create new inputs that are both pre-
sented to the ANN and set as the output (prediction) target.
The approximation results for both the “in-phase” and “out-
of-phase” models are measured and the best model (smaller
MSE error) is elected as the final model. Figure 1 depicts the
complete algorithm for the TAEF model construction.

4 Performance Evaluation

Most of the works found in the literature of time series pre-
diction frequently employ only one performance criterion for
model evaluation. Most of the times, the measure used is the
MSE (mean squared error),

MSE =
1

N

N
∑

j=1

(targetj � outputj)
2 (1)

where N is the number of patterns, targetj is the desired out-
put for pattern j and outputj is the predicted value for pattern
j.1028



A second relevant measure is the MAPE (Mean Absolute
Percentage Error), given by

MAPE =
100

N

N
∑

j=1

∣

∣

∣

∣

targetj � outputj
Xj

∣

∣

∣

∣

(2)

where N, targetj , and ouytputj are the same MSE parame-
ters, and Xj is the time series at point j.

A third performance measure is the U of Theil Statistics, or
NMSE (Normalized Mean Squared Error), which is given by

Theil =

∑N

j=1 (targetj � outputj)
2

∑N

j=1 (targetj � targetj+1)
2

(3)

which associates the model performance with a random walk
model. If the U of Theil Statistics is equal to 1, the predictor
has the same performance of a random walk model. If the U
of Theil Statistics is greater than 1, then the predictor has a
worse performance than a Random Walk model, and if the U
of Theil Statistics is less than 1, the predictor is better than a
random walk model.

Another relevant evaluation measure considers the calcula-
tion of the correctness of Prediction of Change in Direction,
or POCID for short,

POCID = 100

∑N

j=1Dj

N
(4)

where,

Dj =

�
1 if(targetj − targetj−1)(outputj − outputj−1) > 0,

0 otherwise.

(5)

The two last evaluation measures that include the freedom
degrees, penalizing the models with additional parameters,
are the Akaike (AIC) and Bayesian (BIC) information crite-
ria. The AIC and BIC are approximated by

AIC = N ln(MSE) + 2p (6)

BIC = N ln(MSE) + p+N ln(p) (7)

where N is the number of time series points, MSE is the
Mean Squared Error and p is the number of freedom degrees.

5 Experimental Results

Two times series were used as a test bed for evaluation of the
method proposed. All series were normalized to lie within
the interval [0,1] and divided in three sets: training set (50%
of the points), validation set (25% of the points) and test set
(25% of the points). The AG parameters are the same for the
two series, with a mutation probability of 10%, and crossover
and mutation operations, as those reported in Leung et al
[2]. For all the experiments carried out, the following sys-
tem parameters were employed: initialization parameters —
MinFit = 0.99, MaxLags = 4 and NHiddenmax =
20; stopping conditions for the GA — NGen = 1000 and
BestF it ≤ 0.0001; Stopping conditions for each individual
— NEpochs = 1000, Gl ≤ 5% and Pt ≤ 10−6.

5.1 Down Jones Series

The Dow Jones Industrial Average Index (DJIA) series corres-
ponds to daily observations from 1st January 1998 to 26th of
August 2003 (1420 points) of the DJIA index.

The hybrid model proposed automatically chose the lags
2, 4, 8, 6, 9 and 10 as the relevant lags for the series rep-
resentation, defined 10 processing units for the hidden layer
of the ANN, selected the algorithm Levenberg-Marquardt as
the most fitted for the ANN training and classified the model
as “out-of-phase” matching. Table 1 shows the results with
all the performance measures for both cases: “out-of-phase”
matching and if the prediction model had been chosen as “in-
phase” matching. Of particular interest to this financial series
are the measures shown by the statistics U of Theil (0.03), de-
noting a far better result than a random walk (see Section 4),
and by the POCID which shows a 97% series approximation.

Table 1: Experimental Results for the DJIA Series
In-phase Matching Out-of-phase Matching

MSE 8.4183 · 10−4 2.6841 · 10−5

MAPE 1.15 % 0.20%
U of Theil 1.0006 0.0318

POCID 47.58% 97.14%
AIC -2206.1 -3408.5
BIC -1510.6 -2713.4

Figure 2 shows a comparative graph of the actual DJIA
(solid lines) and the prediction generated by the TAEF method
(dash lines) for the last 100 points of the test set, for both cases
of prediction model classification (“in-phase” matching and
“out-of-phase” matching). It is seen that the “out-of-phase”
matching model chosen by the method was the correct choice.
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Figure 2: Prediction results for the DJIA series (test set): ac-
tual values (solid lines) and predicted values (dashed lines).

5.2 Nasdaq Series

The Nasdaq series (National Association of Securities Dea-
lers Automated Quotation) corresponds to daily observations1029
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Figure 3: Prediction results for the Nasdaq series (test set):
actual values (solid lines) and predicted values (dashed lines).

from 2nd February 1971 to 18th of June 2004 of the Nasdaq
index (8428 points).

For the prediction of the Nasdaq series, the TAEF method
identified the lags 3, 4, 6 and 8 as the relevant to the problem,
defined 11 processing units in the hidden layer of the net-
work, elected the Levenberg-Marquardt algorithm as the most
fitted for the ANN training and classified the model as “out-
of-phase” matching. Table 2 shows the results with all the
performance measures for both cases: “out-of-phase” match-
ing and if the prediction model had been chosen as “in-phase”
matching. Of particular interest to this financial series are the
measures shown by the statistics U of Theil (0.17), denoting
a far better result than a random walk (see Section 4), and
by the POCID which shows a 89.6% series approximation.
Figure 3 shows a comparative graph of the actual Nasdaq se-

Table 2: Experimental Results for the Nasdaq Series
In-phase Matching Out-of-phase Matching

MSE 2.1449 · 10−5 3.2374 · 10−6

MAPE 0.20 % 0.08%
U of Theil 1.1441 0.1720

POCID 52.71% 89.63%
AIC -22342.4 -26310.1
BIC -21391.2 -25358.9

ries (solid lines) and the prediction generated by the TAEF
method (dash lines) for the last 100 points of the test set, for
both cases of prediction hypotheses (“in-phase” matching and
“out-of-phase” matching). It is clear that the “out-of-phase”
matching model chosen by the method was the correct choice.

6 Conclusions

This paper has presented an intelligent hybrid system ap-
proach, the Time-delay Added Evolutionary Forecasting
(TAEF) method, which consists of an artificial neural network
combined with a modified genetic algorithm and a behavior

test of phase match hypotheses carried out at the model’s out-
put for the solution of time series forecasting problems.

The experimental results using a set of consistent perfor-
mance measures with six different metrics showed that this
system can boost the performance of time series prediction.
The experimental validation of the method was carried out on
two complex and relevant time series.

With the introduction of the behavior test for identifying
whether the prediction model is “in-phase” or “out-of-phase”
with the series to be forecasted, the TAEF method was able to
classify if a given time series tends or not to a Random Walk
like model, thus adjusting the model if necessary. Such ad-
justment is conducted on the model constructed without the
use of any additional training phase nor the use of any addi-
tional training data (the same original validation data is em-
ployed). Only one additional epoch is used for presenting
the original validation data and deciding which of the models
generated (in-phase or out-of-phase) produces the best series
approximation.

A systematic study is yet necessary to determine any pos-
sible limitations of the method when dealing with other types
of components found in other different real world time series
such as trends, seasonality, impulses, steps, and other non-
linearities. Taking that into account, other time series with
those components are being collected to carry out a broader
investigation.
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