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Abstract. Hyperheuristics have successfully been used in the past for a
number of search and optimization problems. To the best of our knowledge, they have not been used for financial forecasting. In this paper we
use a simple hyperheuristics framework to investigate whether we can
improve the performance of a financial forecasting tool called EDDIE 8.
EDDIE 8 allows the GP (Genetic Programming) to search in the search
space of indicators for solutions, instead of using pre-specified ones; as a
result, its search area is quite big and sometimes solutions can be missed
due to ineffective search. We thus use two different heuristics and two
different mutators combined under a simple hyperheuristics framework.
We run experiments under five datasets from FTSE 100 and discover
that on average, the new version can return improved solutions. In addition, the rate of missing opportunities reaches it’s minimum value, under
all datasets tested in this paper. This is a very important finding, because it indicates that thanks to the hyperheuristics EDDIE 8 has the
potential of missing less forecasting opportunities. Finally, results suggest that thanks to the introduction of hyperheuristics, the search has
become more effective and more areas of the space have been explored.
Key words: Hyperheuristics, Genetic Programming, Financial Forecasting
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Introduction

Financial forecasting is an important area in computational finance [27]. There
are numerous works that attempt to forecast the future price movements of a
stock; several examples can be found in [10, 7]. A number of different methods
have been used for forecasting. Such examples are for instance, Support Vector
Machines [25], Fuzzy Logic [15] and Neural Networks [6]. Genetic Programming
[18, 24] (GP) is an evolutionary technique that has widely been used for financial
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forecasting. Some recent examples are [26, 6, 1, 12], where GP was used for time
series forecasting.
In a previous paper [16], we presented EDDIE 8 (ED8), which was an extension of the financial forecasting tool EDDIE (Evolutionary Dynamic Data
Investment Evaluator) [28, 29]. EDDIE is a machine learning tool that uses Genetic Programming to make its predictions. The novelty of ED8 was in its extended grammar, which allowed the GP to search in the space of indicators to
form its Genetic Decision Trees. In this way, ED8 was not constrained in using pre-specified indicators, but it was left up to the GP to choose the optimal
ones. We then proceeded to compare ED8 with its predecessor, which used indicators that were pre-specified by the user. Results showed that thanks to the
new grammar, ED8 could find new and improved solutions. However, those results also suggested that ED8’s performance could have been compromised by
the enlarged search space. With the old grammar, which was also discussed in
[16], EDDIE used 6 indicators from technical analysis with two pre-specified period lengths. For instance, if one of the indicators was Moving Average, then
the two period lengths used would be 12 and 50 days. On the contrary, ED8
could use any period within a given parameterized range, which for our experiments was set to 2-65 days. Thus, the GP could come up with any indicator
within that range, and not just with 12 and 50 days. As we can see, the search
space of ED8 was much bigger than the one of its predecessor. With the old
grammar, the GP would have to combine only 12 indicators (6 indicators with
2 periods each) to form trees; on the other hand, ED8 would have to combine
6 × (65 − 1) = 384 indicators. The difficulty of ED8 in making the appropriate
indicators combinations was obvious. In addition, the search space of ED8 was
also much bigger. For instance, let us assume that the training data consisted
of 1000 data points. Then, with the old grammar, the GP would have to search
in a space of 12 × 1000 = 12, 000 points. On the other hand, ED8 would have
to search in the much larger space of 384,000 data points (384 × 1000). It was
therefore obvious that we needed to find new ways that would make the search
more effective in such large search areas.
In this paper, we want to investigate if a hyperheuristics framework can address this issue. Hyperheuristics is a well-known method that has been used
in a variety of search and optimization problems [23], such as transportation
[14], scheduling [11], and timetabling [8]. To the best of our knowledge, hyperheuristics have not been used before for a financial forecasting problem. We thus
use a simple framework that utilizes simple hill climbing, simulated annealing,
random mutation, and weighted random mutation. We are interested in investigating whether hyperheuristics can improve ED8’s performance, and whether
the search space can be better explored. The rest of this paper is organized
as follows: Section 2 presents the ED8 algorithm, Sect. 3 presents the hyperheuristics framework, along with its heuristics and operators, Sect. 4 presents
the experimental setup, Sect. 5 presents and discusses the results, and finally,
Sect. 6 concludes this paper and also discusses future work.
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Presentation of EDDIE 8

EDDIE is a forecasting tool, which learns and extracts knowledge from a set of
data. The kind of question ED8 tries to answer is ‘will the price increase within
the n following days by r%’ ? The user first feeds the system with a set of past
data; EDDIE then uses this data and through a GP process, it produces and
evolves Genetic Decision Trees (GDTs), which make recommendations of buy
(1) or not-to-buy (0).
The set of data used is composed of three parts: daily closing price of a stock,
a number of attributes and signals. Stocks’ daily closing prices can be obtained
online in websites such as http : //finance.yahoo.com and also from financial
statistics databases like Datastream. The attributes are indicators commonly
used in technical analysis [13]; which indicators to use depends on the user and
his belief of their relevance to the prediction. The technical indicators that we
use in this work are: Moving Average (MA), Trade Break Out (TBR), Filter
(FLR), Volatility (Vol), Momentum (Mom), and Momentum Moving Average
(MomMA).3
The signals are calculated by looking ahead of the closing price for a time
horizon of n days, trying to detect if there is an increase of the price by r% [28].
For this set of experiments, n was set to 20 and r to 4%. In other words, the
GP is trying to use some of the above indicators to forecast whether the daily
closing price iss going to increase by 4% within the following 20 days.
After we feed the data to the system, EDDIE creates and evolves a population
of GDTs. Figure 1 presents the Backus Normal Form (BNF) [4] (grammar) of
ED8. As we can see, the root of the tree is an If-Then-Else statement. The
first branch is either a boolean (testing whether a technical indicator is greater
than/less than/equal to a value), or a logic operator (and, or, not), which can
hold multiple boolean conditions. The ‘Then’ and ‘Else’ branches can be a new
GDT, or a decision, to buy or not-to-buy (denoted by 1 and 0).
As we can see from the grammar in Fig. 1, there is a function called VarConstructor, which takes two children. The first one is the indicator, and the
second one is the Period. Period is an integer within the parameterized range
[MinP, MaxP] that the user specifies. As a result, ED8 can return decision trees
with indicators like 15 days Moving Average, 17 days Volatility, etc. The period
is not an issue and it is up to ED8, and as a consequence up to the GP and the
evolutionary process, to decide which lengths are more valuable for the prediction. A sample GDT is presented in Fig. 2. As we can observe, the periods 12
and 50 are now in a leaf node, and thus are subject to genetic operators, such
as crossover and mutation.
Depending on the classification of the predictions, we can have four cases:
True Positive (TP), False Positive (FP), True Negative (TN), and False Negative
3

We use these indicators because they have been proved to be quite useful in developing GDTs in previous works like [21], [2] and [3]. Of course, there is no reason why
not use other information like fundamentals or limit order book. However, the aim
of this work is not to find the ultimate indicators for financial forecasting.
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<Tree> ::= If-then-else <Condition> <Tree> <Tree> | Decision
<Condition> ::= <Condition> “And” <Condition> |
<Condition> “Or” <Condition> |
“Not” <Condition> |
VarConstructor <RelationOperation> Threshold
<VarConstructor> ::= MA period | TBR period | FLR period | Vol period |
Mom period | MomMA period
<RelationOperation> ::= “>” | “<” | “=”
Terminals:
MA, TBR, FLR, Vol, Mom, MomMA are function symbols
Period is an integer within a parameterized range, [MinP, MaxP]
Decision is an integer, Positive or Negative implemented
Threshold is a real number

Fig. 1. The Backus Normal Form of ED8

(FN). As a result, we can use the metrics presented in Equations (1), (2) and (3).
Rate of Correctness
RC =

TP + TN
TP + TN + FP + FN

(1)

Rate of Missing Chances
RM C =
Rate of Failure
RF =

FN
FN + TP

FP
FP + TP

(2)

(3)

The above metrics combined give the following fitness function, presented in
Equation (4):
f f = w1 ∗ RC − w2 ∗ RM C − w3 ∗ RF
(4)
where w1 , w2 and w3 are the weights for RC, RMC and RF respectively. These
weights are given in order to reflect the preferences of investors. For instance, a
conservative investor would want to avoid failure; thus a higher weight for RF
should be used. For our experiments, we chose to include strategies that mainly
focus on correctness and reduced failure. Thus these weights have been set to
0.6, 0.1 and 0.3 respectively.
The fitness function is a constrained one, which allows EDDIE to achieve
lower RF. The effectiveness of this constrained fitness function has been discussed in [29, 20]. The constraint is denoted by R, which consists of two elements
represented by percentage, given by
R = [Cmin, Cmax],
where Cmin = PNmin
× 100%, Cmax = PNmax
× 100%, and 0 ≤ Cmin ≤ Cmax ≤
tr
tr
100%. Ntr is the total number of training data cases, Pmin is the minimum
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Fig. 2. Sample GDT generated by EDDIE 8.

number of positive position predictions required, and Pmax is the maximum
number of positive position predictions required.
Therefore, a constrained of R = [50, 65] would mean that the percentage
of positive signals that a GDT predicts4 should fall into this range. When this
happens, then w1 remains as it is (i.e. 0.6 in our experiments). Otherwise, w1
takes the value of zero.
During the evolutionary procedure, we allow three operators: crossover, mutation and reproduction. After reaching the last generation, the best-so-far GDT,
in terms of fitness, is applied to the testing data.
This concludes this short presentation of ED8. In the next section we briefly
present the heuristics and operators used in our framework, and then present
the hyperheuristics framework itself.

3

Hyperheuristics Framework

3.1

Heuristics and Operators

We use two heuristics, namely simple hill climbing (SHC) and simulated annealing (SA), and two GP operators, namely random mutation (Rnd Mut) and
weighted random mutation (W. Rnd Mut). However, we do not argue that the
above techniques are the optimal ones for the purposes of our experiments. Other
heuristics and operators could also be chosen. Nevertheless, the purpose of this
4

As we have mentioned, each GDT makes recommendations of buy (1) or not-to-buy
(0). The former denotes a positive signal and the latter a negative. Thus, within the
range of the training period, which is t days, a GDT will have returned a number of
positive signals
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paper is not to look for the most effective heuristics or operators, but to investigate whether and how these heuristics combined under a hyperheuristics
framework can be used to improve the performance of ED8. We leave it to future research to investigate for even more appropriate heuristics.
Let us now start by explaining how the first heuristic is used (SHC). First of
all, a leaf which contains a period is randomly selected. Let us assume that this
period is p = 12 (days). Then the simple hill climber increases the period by 1. If
there is an improvement in the fitness, the process is completed and the period
returned to the leaf is p + 1, which in this example is 13. If, on the other hand,
there is no improvement, then the period p is reduced by 1. Again, if this has
resulted to an improvement, then the process ends and the new period is p − 1,
which in this example is 11. If again there is no improvement, then the initial
period p = 12 is returned and the process is terminated. The purpose of using
this heuristic is quite obvious: we are interested in investigating how a marginal
change in the period can affect the performance of a tree.
The motivation behind the use of the remaining three heuristics/operators
is to expand the search to other areas of the search space, and not just the
neighborhood of a selected period. The second heuristic is the classic simulated
annealing. A leaf from a tree is again randomly chosen. Then the standard
algorithm of simulated annealing is used [17, 9]. We thus allow swaps among the
different periods (2-65 days). The initial temperature t is set to a value such that
around 65% of the inferior moves are accepted. The temperature is gradually
reduced according to the following formula: t = (1 − f ) × t, where t denotes
the temperature and f is the annealing temperature reduction factor, which is
equal to 0.1. At each temperature a maximum of 10 iterations are executed. The
acceptance criterion is the Metropolis criterion [22].
The two operators used in our framework are Rnd Mut and W. Rnd Mut.
They both randomly select a leaf which contains a period. Random mutation
then mutates this leaf to another period. This operator is the typical GP mutation operator and it allows us to randomly explore different areas of the search
space. On the other hand, weighted random mutation offers a roulette-wheel-like
selection, where the new period, which is going to replace a leaf, is probabilistically selected, based on its occurrence. However, it should be highlighted that
W. Rnd Mut does not just focus on the period, but on the indicator itself. So
when we select a period p for mutation, we also take into account the accompanying indicator (e.g. Moving Average). We then calculate the period occurrence
under that specific indicator. The reason for doing this is that we aim to target
indicators as a whole and not just periods. In this way, the new period p0 that
is going to replace of the old period p is a period that has a high occurrence
under this specific indicator. W. Rnd Mut therefore introduces useful indicators
to the population, rather than just introducing useful periods, like the other 3
heuristics/mutators do.
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The Framework

In this simple framework, all low level heuristics are used simultaneously. The
low level heuristics include both the heuristics and operators described in the
previous section. Inspired by the Population Based Incremental Learning algorithm [5] and the alike Estimation of Distribution Algorithms [19, 30], all four low
level heuristics are initially given a weight w of being selected, where w = 25%.
Then depending on the result on the performance of a tree after the implication
of a heuristic, the following cases can occur:
1. Increase in performance
(a) By using a new period
(b) By using a pre-existing period
2. No change in performance
(a) By using a new period
(b) By using a pre-existing period
3. Decrease in performance
As we can see, we are not only interested in improving the performance of a
GDT. We are also interested in whether this improvement comes from a new or
from a pre-existing period. The reason for this is obvious: one of the goals of our
experiments is to have better exploration of the search space. We thus want to
reward a heuristic that allowed a new period to be invoked in the population.
Let us denote the reward/punishment after the implication of a heuristic by
r. Then the weight w for each one of the above cases (1-3) is updated as follows:
1. Increase in performance
(a) w = w + r (new period)
(b) w = w + r/2 (pre-existing period)
2. No change in performance
(a) w = w + r/5 (new period)
(b) w = w − r/5 (pre-existing period)
3. Decrease in performance
w =w−r
The highest reward is offered when there is an increase in the performance
and a new period has been used (1-a). When an improvement is caused by the
use of a period that is already being used by other GDTs, half of the reward
is offered (1-b). In the case of no change in performance, we still offer a small
reward (equal to 5r ) if a new period has been used (2-a), since a new area of the
search space has been explored. If no new period has been used, then a small
punishment is invoked (equal to − 5r ) (2-b). Finally, there is also a punishment
in the case of decrease in the performance (3).
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Table 1.

GP Parameters.

GP Parameters
Max Initial Depth
6
Max Depth
8
Generations
50
Population size
500
Tournament size
2
Reproduction probability 0.1
Crossover probability
0.9
Mutation probability
0.01
Period (EDDIE 8)
[2,65]

4

Experimental Setup

The data we feed to ED8 consist of daily closing prices. These closing prices
are from 5 arbitrary stocks from FTSE100. These stocks are: British Petroleum
(BP), Carnival, Hammerson, Imperial Tobacco, and Xstrara. The training period
is 1000 days and the testing period 300.
The GP parameters are presented in Table 1. For statistical purposes, we
run the GP for 50 times. Thus, the process that is followed is that we create a
population of 500 GDTs, which are evolved for 50 generations, over a training
period of 1000 days. At the last generation, the best performing GDT in terms
of fitness is saved and applied to the testing period. As we have already said,
this procedure is done for 50 individual runs.
In addition, we should emphasize that we require that the datasets have a
satisfactory number of actual positive signals. By this we mean that we are neither interested in datasets with a very low number of signals, neither with an
extremely high one. Such cases would be categorized as chance discovery, where
people are interested in predicting rare events, such as a stock market crash.
Clearly this is not the case in our current work, where we use EDDIE for investment opportunities forecasting. We are thus interested in datasets that have
opportunities around 50-70% (i.e. 50-70% of actual positive signals). Therefore,
we need to calibrate the values of r and n (see Sect. 2) accordingly, so that
we can obtain the above percentage from our data. For our experiments, the
value of n is set to 20 days. The value of r varies, depending on the dataset.
This is because one dataset might reach a percentage of 50-70% with r = 4%,
whereas another one might need a higher or lower r value. Accordingly, we need
to calibrate the value of the R constraint, so that EDDIE produces GDTs that
forecast positive signals in a range which includes the percentage of the actual
positive signals of the dataset we are experimenting with. R thus takes values
in the range of [−5%, +5%] of the number of positive signals that the dataset
has. For instance, if under r = 4% and n = 20 days, a dataset has 60% of actual
positive signals, then R would be set to [55,65].
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Finally, Table 2 presents the parameters of the hyperheuristics framework.
The probability of applying hyperheuristics is set for this work at 35%. Thus, 35%
of the GDTs’ periods can be updated through hyperheuristics at each generation.
We did not want to set a higher probability, because this could increase the
computational times. At the moment, the initial weight and reward are set to 0.25
and 0.005, respectively. The former is set to 0.25 because we want all heuristics
to have equal chances of being selected when the process starts. The reward
is set arbitrarily. We leave it to future research to investigate whether the test
results can be affected by different parameter values.
Table 2.

Hyperheuristics Parameters.

Hyperheuristics Parameters
Hyperheuristics probability 0.35
Initial Weight
0.25
Reward/Punishment
0.005

5

Results

We ran both the traditional version of EDDIE 8 (ED8) and the one that uses
hyperheuristics (ED8-HH) for 50 individual times and present the results in this
section. As we mentioned at the beginning of this paper, the goal of our experiments is twofold: (a) to investigate whether hyperheuristics can improve the
performance of the trees that ED8 uses and (b) to investigate whether hyperheuristics can offer better exploration of the search space.
Let us begin with the performance of the GDTs. Table 3 presents the average and optimal results over the 50 runs for both ED8 and ED8-HH for the 5
stocks. The first row of each dataset presents the ED8 average results and the
second row presents the ED8-HH ones. The third and fourth row of each dataset
present the optimal values of the metrics for ED8 and ED8-HH, respectively.
Optimal value can be either a maximum or a minimum, depending on the metric. Hence, because Fitness and RC are maximization problems, optimal refers
to the maximum value of these metrics, over the 50 individual runs. On the
other hand, because RMC and RF are minimization problems, optimal refers
to the minimum value of these two metrics. In order to judge if the average
results (rows 1 and 2) are significant, we also ran Kolmogorov-Smirnov tests at
5% significance level. The p-values of the tests are presented in Table 4. Thus,
when there is a significantly better average value in Table 3, this is denoted by
bold fonts. In addition, a higher value for the optimal results is underlined.
A first observation from Table 3 is that on average, there seems to be a ‘tie’
between ED8 and ED8-HH. ED8 is doing significantly better in the average Fitness and RF of BP, and in the average RMC of Hammerson. On the other hand,
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Table 3. Average and optimal results over 50 runs for ED8 and ED8-HH for 5 FTSE
100 stocks. Each stock presents results in four rows: one for the average values of the
metrics for ED8, one for the average values for ED8-HH, one for the optimal values of
the metrics for ED8, and one for the optimal values for ED8-HH. A significantly better
value (at 5% significance level) between ED8 and ED8-HH for the average results is
presented in bold fonts, whereas a better value for the optimal results is underlined.
Stock
BP

Carnival

Hammerson

Imp.Tobacco

Xstrata

(ED8 Avg)
(ED8-HH Avg)
(ED8 Opt)
(ED8-HH Opt)
(ED8 Avg)
(ED8-HH Avg)
(ED8 Opt)
(ED8-HH Opt)
(ED8 Avg)
(ED8-HH Avg)
(ED8 Opt)
(ED8-HH Opt)
(ED8 Avg)
(ED8-HH Avg)
(ED8 Opt)
(ED8-HH Opt)
(ED8 Avg)
(ED8-HH Avg)
(ED8 Opt)
(ED8-HH Opt)

Fitness

RC

RMC

RF

0.2005
0.1767
0.3341
0.2850
0.1871
0.1900
0.2511
0.2470
0.2488
0.2164
0.3311
0.3450
0.1832
0.1946
0.2790
0.2959
0.2419
0.2359
0.3571
0.2510

0.5303
0.5299
0.6900
0.6500
0.5607
0.5607
0.6300
0.6267
0.6071
0.5675
0.7033
0.7200
0.5245
0.5395
0.6533
0.6533
0.5807
0.5741
0.7267
0.7600

0.4756
0.4519
0.2523
0
0.3531
0.2892
0.1734
0
0.2331
0.3507
0.0340
0
0.6488
0.5910
0.2595
0
0.3264
0.3330
0.0664
0

0.2338
0.3203
0.1691
0.1176
0.3801
0.3917
0.1728
0.2414
0.3073
0.2967
0.2472
0.1818
0.2222
0.2332
0.0270
0.0222
0.2462
0.2508
0.0400
0.0714

ED8-HH is doing significantly better in the average values of RMC of Carnival
and Imperial Tobacco. The remaining metrics of the other stocks have insignificant differences at the 5% level. It is not very easy to draw safe conclusions by
just looking at the average results.
However, the picture gets clearer when we look at the optimal values of
the metrics. ED8-HH is doing better in 12 cases (BP: RMC; Carnival: RMC;
Hammerson: Fitness, RC, RMC, RF; Imp. Tobacco: Fitness, RMC, RF; Xstrata:
RC, RMC), whereas ED8 is doing better only in 7 cases. What is even more
interesting though, is the large and consistent improvement in the minimum
value of RMC, for all 5 stocks. In fact, as we can see from Table 3, the minimum
RMC under ED8-HH is always 0. This is a very important finding, because
it indicates that ED8-HH has the potential of never missing any forecasting
opportunities.
Moreover, Figure 3 presents the average over the 50 runs of the percentage
of extinct indicators for each generation. To be more specific, the trees of each
generation use a number of indicators from the available population. As we
mentioned in Sect. 1, ED8 and ED8-HH use 384 indicators. An ‘extinct indicator’
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Table 4. p-values of the Kolmogorov-Smirnov non-parametric tests. A p-value that is
less than 0.05 denotes significantly different distributions.
Stock

Fitness

RC

RMC

RF

BP
Carnival
Hammerson
Imp.Tobacco
Xstrata

0.0171
0.1546
0.1546
0.6779
0.3584

0.9541
0.5077
0.0560
0.0560
0.2408

0.5077
0.0317
0.0089
0.0317
0.3584

0.0001
0.1546
0.2408
0.3584
0.5077

is therefore defined as the indicator that is not currently used by any of the
GDTs in the population. From Fig. 3 we can see that at generation 0, the
percentage of extinct indicators is very low for both ED8 and ED8-HH (around
2%) for all 5 datasets. This means that very few indicators are not being used
by the trees at generation 0. As evolution proceeds, we can observe that the
percentage of extinct indicators increases, and thus less and less indicators are
used by the GDTs. This is normal, because it means that the GDTs have found
some useful indicators and are focusing on them. However, by the end of the
evolutionary process, we can see that the percentage of extinct indicators has
increased to around 90% for ED8. This means that the GDTs are using only
10% of the available 384 indicators, i.e. around 38 indicators, and are thus only
taking advantage of a very small area of the search space. So all 500 GDTs are
using only these indicators, which indicates very low diversity in the population.
When we look at ED8-HH’s statistics, we see that throughout the evolutionary
process, the percentage of extinct indicators is constantly lower by around 510%. This indicates that ED8-HH constantly explores more areas of the search
space than ED8. By generation 50, this percentage is around 80%. ED8-HH has
thus managed to keep ‘alive’ an extra 10% (in total 20%) of the indicators. This
better exploration has of course led to more diversity in the population and could
be a reason of ED8-HH’s improved performance that we saw earlier in Table 3.
Furthermore, Table 5 presents information about the individual heuristics.
For each stock, we present information in three rows. The first one presents the
percentage of improvement caused by the relevant heuristic, on the GDTs’ performance. Results are on average of 50 runs. Thus, the first element of the table
informs us that Rnd Mut has on average improved the BP’s GDTs performance
by 5.72%. Similarly, SA, SHC and W. Rnd Mut have improved the performance
by around 5%. Same rates of improvement apply to the remaining 4 stocks, too,
varying in around 3-8%. Overall, all four heuristics seem to have equivalent contribution to the GDTs’ improvement in performance. In addition, SHC seems
to be the most consistent one, always having an improvement above 5%.
The second and third row of each stock present the percentage of improvements that was caused either by an existing (second row) or by a new period
(third row). Therefore, BP’s 88.25% in Rnd Mut means that 88.25% of the improvements came from periods that were already being used by the population
of GDTs. In other words, already-successful periods were located by the heuris-
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(a) Percentage of Extinct Indicators: ED8

(b) Percentage of Extinct Indicators: ED8-HH
Fig. 3. Percentage of Extinct Indicators for ED8 (a) and ED8-HH (b)

tics and re-used by the GDTs. The remaining 11.75% of the improvements came
by new periods, which did not belong to the current GP population. As we
explained earlier, we are especially interested in this figure, because it allows diversity in the population. From our experiments, SA and SHC seem to be more
consistent in allowing new periods in the population, with percentages varying
in the range of 10.22-29.32%. On the other hand, the two mutators seem to be
better in re-using successful existing periods.
Finally, we should say that a single run of ED8 lasted approximately 3 minutes, whereas a single run of ED8-HH lasted approximately 13 minutes. It is
obvious that the latter is more computationally intensive. However, we consider
that the extra wait time is worthy, because of the improvements we saw in performance and search effectiveness. Future work could focus on improving the
computational time of ED8-HH.
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Table 5. Performance of each heuristic. First row presents the percentage of improvement to the GDTs’ performance introduced by the specific heuristic. The second row
presents the percentage of improvement that was caused by an existing indicator and
the third row the percentage of improvement caused by a new indicator. Results are
on average of 50 runs.
Stock
BP

Carnival

Hammerson

Imp. Tobacco

Xstrata

6

(Improvement)
(Existing Ind.)
(New Ind.)
(Improvement)
(Existing Ind.)
(New Ind.)
(Improvement)
(Existing Ind.)
(New Ind.)
(Improvement)
(Existing Ind.)
(New Ind.)
(Improvement)
(Existing Ind.)
(New Ind.)

Rnd Mut

SA

SHC

W. Rnd Mut

0.0572
0.8825
0.1175
0.0602
0.8967
0.1033
0.0541
0.8333
0.1667
0.0339
0.8930
0.1070
0.0508
0.9635
0.0365

0.0560
0.7760
0.2240
0.0748
0.7988
0.2012
0.0711
0.8311
0.1689
0.0298
0.8450
0.1550
0.0705
0.8121
0.1879

0.0522
0.7068
0.2932
0.0768
0.7887
0.2113
0.0777
0.8500
0.1500
0.0512
0.8978
0.1022
0.0728
0.8004
0.1996

0.0552
0.8565
0.1435
0.0536
0.8655
0.1345
0.0412
0.9062
0.0938
0.0297
0.9522
0.0478
0.0669
0.8778
0.1222

Conclusion

Hyperheuristics have been used in the past for several search and optimization
problems, but not for financial forecasting. In this paper we used a simple hyperheuristics framework to investigate whether we could improve the performance of
a financial forecasting tool called EDDIE 8 (ED8). ED8 allows the GP to search
in the search space of indicators for solutions; as a result, its search space is quite
big and sometimes solutions can be missed due to ineffective search. We thus
used two different heuristics and two GP mutators combined under a simple hyperheuristics framework and discovered that hyperheuristics returned improved
solutions. In addition, ED8-HH’s minimum RMC reached it’s minimum value of
0, under all 5 stocks tested in this paper. ED8-HH has thus the potential of never
missing forecasting opportunities. Finally, results suggested that thanks to the
introduction of hyperheuristics, more areas of the search space were explored,
which led to higher diversity in the GP population.
Overall, we can characterize the results as encouraging. However, tests took
place under a small sample (five stocks) and thus more experiments need to be
done under more datasets. Furthermore, as our experiments took place under a
simple hyperheuristics framework, we are interested in investigating the effects
of more complex frameworks. At the same time, we want to examine the effects
of different heuristics. Our goal is to show that under a more sophisticated
framework, and with the use of more heuristics, the search can become even
more effective, resulting to even higher performance of the GDTs.
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