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1 | INTRODUCTION

with the level of risk they are willing to assume. In addi-
tion, the past financial crisis and the current crisis result-

One of the main functions of financial markets is to pro-
vide resources for the growth of companies and, there-
fore, of the economy and society as a whole, which is
associated with sustainability and well-being.

Countries in which companies access and diversify
their sources of financing through the capital markets
have stronger and less vulnerable economies, as well as
allow numerous investment alternatives in accordance

ing from the COVID-19 pandemic have caused market
turmoil affecting the main stock indexes, and, as a result,
the systematic risk. Consequently, having tools and indi-
cators that anticipate market movements, represented by
the stock market index, is still a very topical issue.
Among the many strategies for trading in financial
markets, there is the market timing strategy, for which
market movements are particularly relevant. These types
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of active strategies aim to predict the direction of the
markets and decide the timing of moving in and out of
the markets or switching between different asset classes.
This way, “adjusting the systematic risk level of a portfo-
lio in anticipation of broad market price movements”, it
is possible to obtain returns in excess of those expected of
an unmanaged portfolio (Pfeifer, 1985). Therefore, the
attractiveness of market timing is a function of risk atti-
tude and the ability to forecast better than the mean-
variance approach.

Thus, predicting the movement of the stock indexes,
as well as their volatility, is an issue that remains chal-
lenging today and could contribute to the sustainability
of a financial system as they take part, in a great extent,
to the market risk.

There is no theoretical or the empirical consensus as
to whether the prices of financial assets or their move-
ment are predictable or not. Although until the begin-
ning of the 1980s the Efficient Market Hypothesis
(Fama, 1970) and its complements, the Random Walk
Theory (Malkiel, 1973), were widely accepted as a pillar
of financial theory, the emergence of a new paradigm
consisting of the transition from rational to behavioral
economics provided new ways of trying to explain why
financial markets are not efficient but predictable (Lo &
MacKinlay, 1988), because to some extent prices behave
according to predictable patterns, unlike the paradigm
defended by the efficiency hypothesis.

There are anomalies caused by the biased and non-
rational behavior of the human being that causes the
appearance of such patterns (Sewell, 2007). These are
repeated over time and turn the financial markets into a
memory repository that can be used to obtain extraordi-
nary returns, thereby exceeding those that would be
obtained for that investment adjusted to its level of risk.

All this seems to suggest that investors are heteroge-
neous, and, if they are, not all have the same attitude
toward risk (Chen & Li, 2016). These authors point out
that the heterogeneity of investors could be associated
with different factors such as portfolio objectives, model-
ing techniques, trading frequencies, investment strate-
gies, speculative intention, herding behavior, and/or
momentum (MTM) trading.

In this way, the market timing strategy argues that
asset prices and their movement are to some extent pre-
dictable. So, these predictions can be used for optimal
and profitable decision making, such as portfolio compo-
sition and rebalancing, risk management, and arbitrage.
Therefore, it would be useful to incorporate the time vari-
able together with accuracy to facilitate decision-making
on market entry and exit.

Thus, we have selected a methodology that does not
aim to improve the accuracy of other Al techniques, but

rather to optimally combine timing and prediction. This
strategy will allow us to obtain an instrument or tool that
facilitates decision-making for agents with different risk
profiles that use the “timing market” strategy, which tries
to avoid the worst days and take advantage of the
best days.

As a result, the objective of our research is to provide,
either private or institutional investors, an early warning
system based on an “early indicator” of the financial mar-
ket fluctuations with an optimal combination of the two
more relevant variables for this strategy, accuracy, and
earliness. For this purpose, we will focus on predicting
the movement of the stock indexes. In particular, we will
focused on IBEX 35 index that is of the Spanish Stock
Exchange, using time series of prices and technical indi-
cators and trying to avoid more complex systems that use
multiple factors to design early warning systems (Wang
et al., 2020).

This analysis consists of a variety of solutions that
find different trade-offs between the two strategies (accu-
racy and earliness), allowing the user to select the most
appropriate solution a posteriori, depending on the accu-
racy and earliness requirements.

The solutions are obtained by applying, for the first
time, a multi-objective early classification algorithm to
the financial time series formed by the values of different
technical indicators used in many studies (Atsalakis &
Valavanis, 2009; Van den Poel et al., 2016). This method
based on artificial intelligence will allow the incoming
sequence to be classified as soon as possible, while main-
taining the appropriate levels of accuracy in the predic-
tions. Therefore, we can say that the problem of early
classification is to optimize two objectives simulta-
neously: accuracy and earliness.

In contrast to the time series classification models
used in a large number of papers (Gu et al., 2020), early
classification of time series is a supervised learning prob-
lem whose objective is to build models that are capable of
classifying as accurately and early as possible, when only
a part of the series is available. It is logical to think that
accuracy and earliness are contradictory objectives,
because the more we wait, the more data points of the
series are available, and as a result, it is easier to make
accurate predictions of the class. On the contrary, if we
want to make very early predictions, we will have great
uncertainty about the time series and it will be more diffi-
cult to make accurate class predictions. Taking into
account these facts, our research question can become a
multi-objective optimization problem and has to be
solved taking into account this especial feature (Mori
et al., 2019).

In addition, we will focus on the prediction of the
Spanish financial market using high-frequency intraday
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data, because agents and investors operating in these
time periods need earliness in predictions, above all,
together with accuracy (Tanaka-Yamawaki et al., 2009).

The rest of this paper is presented in the following
order. In Section 2, a literature review is provided for
both the conceptual and methodological levels. The data
and methodology are presented in Section 3. The last sec-
tions include the findings of the study and some final
observations.

2 | LITERATURE REVIEW

This section reviews the conceptual and methodological
framework that has guided the most significant recent
research in terms of predicting asset and index prices
and/or their movement.

As pointed out in Section 1 of this paper, the prevail-
ing financial theory, based on the assumption of investor
rationality and its homogeneity, has remained the effi-
cient market theory until almost the end of the 20th cen-
tury (Fama, 1970).

The price reflects all relevant historical, public, and
private information (Fama, 1970, p. 383) so that only new
information, whose entry is unpredictable, would affect
the movement of those values, and the past cannot be
used to predict the future. Following this theoretical
framework, prices could not be predicted nor the future
events that guide the movements of those prices.

Later, Malkiel's Random Walk Theory (Malkiel, 1973)
states that successive changes in asset prices are not
dependent. Consequently, these changes behave as a ran-
dom process, so that the changes that occur in a period of
time are independent of others and are identically distrib-
uted (Rechenthin & Street, 2013).

If these assumptions are true, the prices of financial
assets behave in a way that fluctuates randomly and are
not predictable beyond mere chance. Therefore, the accu-
racy of the prediction would not exceed 50% (Bollen
et al., 2011) when trying to forecast their movement, as
well as their profitability, the future direction of the price
of a financial asset being no more predictable than the
pattern that follows a series of random numbers.

This has important implications, not only for
researchers but also for investors, because the historical
price series could not be used to predict future behavior
and according to Malkiel (2003), statistical dependencies
are extremely small and are unlikely to allow investors to
obtain higher returns.

Despite the theoretically sound nature of the efficient
market hypothesis and the huge empirical research con-
firming the efficiency of the financial market and its ran-
domness, the evidence is not conclusive.

Studies of the last 30 years have also found evidence
of a significant dependence between price movements,
which would confirm that they are partially or temporar-
ily predictable (Lo & MacKinlay, 1988; Shiller, 2000).
Consequently, it could be possible to find patterns that
repeat over time in a systematic way, and this fact will
provide the possibility of beating the market. Therefore,
the market would not be efficient and would have mem-
ory, being able to predict to some extent both long and
short term (Abergel & Politi, 2013; Timmermann, 2008).

There are countless studies that come out against the
efficiency of financial markets, some of them are col-
lected in the recent review of Ying et al., 2019, especially
because of the development of the advanced prediction
systems, thanks to modern computing and artificial intel-
ligence (Henrique et al., 2019).

The explanation for the lack of efficiency and the
presence of these patterns of the financial markets has
been explained by different theoretical contributions, the
most relevant being Behavioral Finance, which is
undoubtedly the emerging economic paradigm and
whose beginning dates back to 1985 (De Bondt & Thaler,
1985).

This approach argues that the market presents pat-
terns that repeat themselves because inefficiencies are
caused by human behavior, where decisions are made
that are not always rational but biased in an almost sys-
tematic way (Jegadeesh & Titman, 2001).

Thus, psychological factors affect investment behavior
(Sewell, 2007), and this behavior affects price move-
ments, reflecting goals, errors, and overconfidence, over-
reacting or underreacting to new events, etc.;
consequently, they move away from their fundamental
value and cause the inefficiency of markets. Since the
1990s, several studies have focused on examining the
inefficiency of markets in an attempt to detect anomalies,
particularly in relation to the predictability of profitability
(Rossi, 2016).

The persistence of certain patterns associated with
market movements clearly indicates that markets are
somewhat predictable. Some of the most relevant pat-
terns can be found in Jacobsen et al. (2005). They devel-
oped a taxonomy based on price, size, and timing
anomalies, the most significant being the calendar effect
related to seasonal effects. This anomaly is because of the
market behaving differently according to the time of day,
the day of the week, or in certain months or years
(Rossi, 2016). These anomalies are the MTM anomaly
(Jegadeesh & Titman, 1993; Vayanos & Woolley, 2013)
and trend reversal anomaly or return reversal effect
(Basdekidou, 2017). Jegadeesh and Titman (1993)
described the fact that stocks that have risen in the last
6-12 months continued to perform well in the following
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6-12 months (and vice versa). Basdekidou (2017) defined
this effect as financial assets that performed well in the
past tend to perform poorly in the future, and stocks that
performed poorly in the past tend to perform better in
the future.

In behavioral finance, the presence of the MTM effect
is often attributed to cognitive biases of irrational inves-
tors such as investor herding, overreaction and under-
reaction by investors, and confirmation bias (Barberis
et al., 1998).

Although MTM and trend-reversal anomalies have
been analyzed especially in monthly, weekly, or daily fre-
quency, the increase of technology has led to a substan-
tial increase in high-frequency trading (HFT) and,
therefore, in the interest in the presence of these anoma-
lies in the intraday. The impact of HFT has changed the
way of trading, the way markets are structured, and how
price discovery arises (O'Hara, 2015). The identification
of intraday patterns also constitutes a temporary market
anomaly, as already identified by Wood, Mclnish, and
Ord in Wood et al., 1985.

An important work on intraday patterns is that of
Gao et al. (2018) who introduce a form of intraday MTM,
where the return of the first half-hour calculated from
the previous day's closing price predicts positively the
return of the last half-hour before the market closes on
the same trading day in the SPY ETF.

Caporale et al. (2016) also point out some of these
intraday patterns and anomalies, such as half-day effects,
abnormally low returns in the middle of a trading ses-
sion, accompanied by a sharp drop in trading volumes;
last-minute and first-minute effects (with the last trading
hour being the best and the first hour being the worst in
terms of performance); and the time of day anomaly
(with stocks tending to rise in the first 45 and last 15 min
of the trading day).

The presence of intraday patterns in price behavior is
especially relevant for this research, and specifically in the
IBEX 35, because this supports the hypothesis that certain
predictions can be made about intraday price movements,
following the idea suggested by Bildik (2001) that there
are significant potential gains if investors use trading sys-
tems based on intraday seasonality in share returns.

In the case of the Spanish market, some of these pat-
terns have also been detected, different effects and pat-
terns on profitability and volatility being studied (Garcia-
Machado & Rybezynski, 2017; Ortiz et al., 2015).

Camino (1996) investigated the intraday effect by
dividing the IBEX-35 index into 15-min periods and
found that yields were statistically different in the first
4 h after the opening of transactions.

Among the most recent articles, we can mention the
Miralles-Quir6s et al. (2015)'s paper. They follow Chen's

(2013) findings and identify intraday patterns by analyz-
ing and evaluating the most profitable strategies depend-
ing on whether we enter at certain times of the day from
the opening of the market until its closing, as well as the
linkage with the American market. Several hypotheses
are contrasted such as the strategy of entering the market
long or short at 09:14:59 depending on how prices are
between 09:04:59 and 09:00:01. They conclude that inves-
tors should wait until the second part of the trading day
and evaluate the effects of the opening of the market in
New York to decide whether to enter or not at the end of
the session.

Considering the conflicting results provided by the
empirical evidence, this research argues that the move-
ment of the indexes can be predicted to some extent and
could therefore be used to implement market timing
strategies using as a complement an “early warning”
indicator or signal of market movement. So, the following
research question is proposed:

RQ1. To what extent is the capital market pre-
dictable by setting the time horizon at the end
of a session and using only high-frequency
intraday data in the form of historical prices
and/or technical indicators based on those
prices?

On the other hand, it should not be forgotten that,
although the emergence of new techniques and method-
ologies has made it possible to analyze a greater amount
of data more accurately, the task of predicting the move-
ment of financial markets is by no means easy (Esling &
Agon, 2012). A large number of economic and social fac-
tors, political and psychological events, expectations, and
movements in other markets, among others, affect the
price of financial assets or indices (Kara et al., 2011).
Thus, time series of a complex, dynamic, chaotic, non-
parametric, nonlinear nature with high dimensionality
and noise are generated (Hadavandi et al., 2010).

In addition, the dynamic changes in the relationship
between independent and dependent variables often
occur in financial time series, and identical statistical
properties cannot be observed at every point in time (Hsu
et al., 2009). Another factor that makes it difficult to pre-
dict future values is the high volatility in the price time
series (Atsalakis & Valavanis, 2009). All these character-
istics inherent in financial time series require more
adaptable and flexible mechanisms to improve not only
forecasting accuracy but also earliness.

From the market timing strategies, it is logical to
think that the more accurate the predictions are, the less
risk investors will take. Therefore, the techniques applied
to financial time series have sought to make progress in
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improving that accuracy. This can reduce the risk of
investing in financial markets in order to maximize capi-
tal gains and minimize losses (Qiu & Song, 2016).

Focusing on the methods, many economists prefer
econometric techniques to machine learning (ML) and a
gap is produced which, as Hsu et al. (2016) point out,
leads to contradictory and disparate research results
because of the use of different “modeling cultures”. This
paper also points out that, comparing the accuracy of the
most commonly used econometric and ML methods, the
best ML methods surpass the best econometric tech-
niques, thus supporting the results obtained by numerous
studies (Ballings et al., 2015).

Consequently, even though the number of algorithms
is huge in the academic literature, we can mention some
of the time series classifier algorithms that have been
used more in previous research because one of our objec-
tives is to try to predict the intraday movement of the
Ibex 35 (up or down) and not its value. This means that
we treat our research question as a time series classifica-
tion problem, as has been done in numerous studies
(Qian & Rasheed, 2007.

Nonlinear models used for financial forecasting that
use supervised learning techniques to classify time series
have experienced significant growth over the past two
decades (Chourmouziadis & Chatzoglou, 2016).

Among the most widely used are artificial neural net-
works, particularly the multi-layer perceptron (MLP), sup-
port vector machines, (SVM), Bayesian networks, and fuzzy
system models (Atsalakis & Valavanis, 2009; Cavalcante
et al., 2016; Gerlein et al., 2016; Henrique et al., 2019).

Among these methods, the ones that have received
the most attention in the field of financial market fore-
casting and the best results have been neural networks
and SVM (Tkac¢ & Verner, 2016) as well as their many
innovations from deep learning such as convolutional
neural networks (CNN5s).

One of the explanations for their popularity for time
series forecasting is that they are better suited to handle
continuous covariates (Lessmann et al., 2015), which
often occur in financial time series forecasting
(e.g., prices, price differences, or technical indicators).

As an alternative to all these classification proposals,
in the past few years, there has been a great advance in
artificial intelligence methods specifically designed to
work with time series. One of the most prominent tasks
within this framework is the classification of time series
(Esling & Agon, 2012). The starting point for this task is a
database of various time series, each of which belongs to
a specific class or group. The objective of supervised clas-
sification of time series is to use this labeled dataset to
learn a model that will be able to predict the class of new
unlabeled time series.

Given the interest in this problem in many applica-
tion domains, there has been an explosion of publications
concerning this problem and its variants. A detailed
review can be found in Bagnall et al. (2017). Also, given
its usefulness, many variants of this problem have been
proposed in the past decades. As an example, various
authors have shown an interest in performing early clas-
sification of time series. In this case, the objective is to
predict the classes of new unlabeled time series, but as
early as possible, preferably, before the full time series is
collected. As such, the objective is not only to obtain a
high accuracy in the class predictions, but it is also
required that these predictions be made early. Xing, Pei,
and Yu (2011) defined this problem initially and pro-
posed a method based on nearest neighbor classifiers.
After this study, many others have been proposed in the
literature in order to provide predictions of market move-
ments. Compared to other ML methods that attempt to
make time series forecasts, they require the full time
series to achieve accurate results.

Early time series classification methods can be sepa-
rated into two main groups. The first group of methods is
based on finding shapelets (Ye & Keogh, 2009) that are
useful to discriminate between the classes as early as pos-
sible. These shapelets are subsections of the time series
that contain patterns which allow to discriminate
between the classes as accurately as possible, and they
have been widely used in the time series classification
domain. (Ghalwash et al., 2014; He et al., 2015; Xing,
Yu, & Wang, 2011) extended the concept of shapelet to
allow early classification of time series. The second group
of methods combines a set of classifiers built in different
timestamps with a mechanism to decide whether the pre-
dictions issued by them are reliable or not. Different
types of classifiers and specific methods for controlling
their reliability give way to a large set of different
methods based on the same principle (Anderson
et al., 2012; Ghalwash et al., 2012; Hatami & Chira, 2013;
Mori et al., 2017; Mori et al., 2018; Xing, Pei, & Yu, 2011).

As an improvement on all these methods and with
the state-of-the-art performance, in Mori et al. (2019), a
multi-objective method was proposed to deal with the
problem of early classification. For the first time, the
authors of this study dealt with the problem of early clas-
sification of time series from a multi-objective point of
view, that is, they treated both objectives—earliness and
accuracy—simultaneously. The latter study will be taken
as a baseline for this paper.

Even if these methods have gained considerable pop-
ularity in many application domains, it is noticeable that
there are hardly any studies that use this type of methods
in the financial domain, none in the case of early classifi-
cation. The benefits of these approaches are various, but
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the most important is their inherent consideration of the
temporality of the data, which is obviated if classical clas-
sification methods are used. In view of the evident tem-
poral nature of financial data, the consideration of this
type of techniques is interesting in itself. Therefore, once
the first research question is answered, we proposed a
second research question:

RQ2. Is the capital market being able to give
early signals as to what its movement will be at
the end of the day and if so, what kind of indi-
cators can it give?

3 | DATA AND METHODOLOGY

3.1 | Data: The stock index Ibex 35, high-
frequency and technical indicators

Because our objective is to make the most accurate and
early predictions possible about the direction of the stock
index Ibex 35's movement in the intraday market, we
have selected high-frequency data, whose availability,
although it has grown recently, has not yet generated a
sufficient number of studies in the Spanish market, in
line with what has happened in other -countries
(Rechenthin & Street, 2013; Tay & Cao, 2001).

This application is especially relevant for high-
frequency trading (HFT), which is characterized by a
short-term investment horizon and high speed, so the
ability to process data in a short time is essential (Tran
et al., 2018).

The data collected are from the Ibex 35 index. This
index of the Spanish market is composed of the 35 most
liquid securities listed on the Stock Exchange Intercon-
nection System of the four Spanish stock exchanges and
is therefore considered a key indicator of market perfor-
mance globally, as it represents approximately 90% of the
cash traded on the stock exchange. It is also used as an
underlying in the trading of derivative products. There-
fore, it is used as a national and international benchmark
of market profitability and risk.

Stock market indices have been used in a large num-
ber of previous studies that use ML to predict the move-
ment of the stock market (Atsalakis & Valavanis, 2009;
Qian & Rasheed, 2007) as well as in the Spanish market
(Dunis et al., 2013; Pérez-Rodriguez et al., 2005).

The importance of stock market indices is that they
can be replicated, that is, to create and/or undo a basket
with the values of the index in such a way that it is a
method of channeling investment and describing the
trend and behavior of the movements of an economy and
a market (Dunis et al., 2013).

In addition, it constitutes an early warning system for
investors, especially short-term investors, against sudden
falls in the market (Wang, 2014) so that forecasts of its
movement are relevant in order to establish effective trad-
ing strategies (Leung et al., 2000) and that investors can
hedge against possible market risks and speculators and
arbitrageurs detect opportunities to make profits by trading
in the stock market index (Manish & Thenmozhi, 2005).

We follow in this paper a technical approach, which
considers that previous market behavior patterns are
repeated based on the decisions to buy and sell an asset
on its previous price patterns, trading volumes, and,
potentially, other public information (Jiang et al., 2019),
and there are very significant studies that confirm its use-
fulness to beat the market (being the most used for this
purpose in short-term investment horizons) (Evans
et al., 2013). Hu et al. (2015) made a comprehensive
review of the literature in 2015 and concluded that the
most existing studies applying soft computing and neural
network for financial forecasting are based on technical
analysis.

The data used in this paper are high frequency and
have been acquired from BME Market Data, belonging to
Grupo Bolsas y Mercados Espafioles, which is specialized
in the processing, generation, and commercialization of
the information coming from the different Regulated
Markets and Multilateral Trading Systems of the BME
Group. They refer to Ibex 35 prices obtained from
January 2, 2015 to October 20, 2017. This means a total of
724 trading days, corresponding to 256 in 2015 and 2016,
respectively, and 212 in 2017. Each of these trading days
is a time series of 961 data points, corresponding to the
Ibex 35 quotations from 9:00 am to the close of the mar-
ket at 17:00 pm in 30-s intervals. This means a total of
695,764 observations, which will be used directly as raw
data after having demonstrated their effectiveness in the
paper “Early classification of time series using multi-
objective optimization techniques” (Mori et al., 2019) or
as a basis for the calculation of the various technical indi-
cators evaluated and which will be explained later.

It is important to mention the challenge of using
high-frequency information, pointing out that intraday
models, because of their greater complexity, are the most
unusual (Gao et al., 2018).

The use of high-frequency data may incorporate
“more noise” into the model and make forecasting and
accuracy more difficult. Nevertheless, some research sug-
gests that it generates better predictions (Degiannakis &
Potamia, 2017).

Schulmeister (2009) argue that the profitability of
technical trading may have shifted from daily data to
intraday data and thus as Buchanan (2015, p.161) points
out, to do “trading at the speed of light: to minimize
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risks, we must learn more about how financial markets
operate at ever faster rates”.

Timmermann (2008) also pointed out that the predic-
tion in the intraday market is important economically
speaking because the shorter the interval of time, the
more times a trading strategy could be applied to take
advantage of any prediction and, therefore, the greater
the potential of greater profitability will be.

In the tests, we will use raw data and technical indi-
cators selected from among the most widely used by both
academics and practitioners to design their trading strate-
gies and systems (Batten et al., 2018).

Following Schulmeister (2009), technical analysts
believe that the dynamics of an asset's price pattern is a
sequence of trends, which repeat across different time
scales, so these indicators or models can be used for any
frequency from daily data to tick data. In this way and
adjusting the calculations to intraday data, the formulas
are presented below, generating for each trading day a
number of observations of these indicators, according to
the delay (lag) used, in 30-s intervals.

These technical indicators are the following:

Simple Moving Average (MA) for 1 and 5 intervals of
30 s.

The MA is the arithmetic mean of T past prices Cli

MA:%Z Cl; (1)

As the number of n cases increases, the moving average
becomes less sensitive to short-term fluctuations.

Weighted Moving Average (WMA) for 5 intervals of
30 s.

A variation of the moving average, known as the
WMA used in this study, assigns greater weight to more
recent prices. A WMA of P periods is shown in Patel
et al. (2015, p. 2164). In this study, CI; is defined as daily
closing prices or updated prices, depending on the fre-
quency used in the analysis.

 PCL(P—1)Cli 1.4+ Cl;_p

WMA= P+(P-1)+..+1 @

Exponential Moving Average (EMA) for 5 intervals of 30 s.

Attempts to assign more weight to the most recent
data make it less sensitive to price. Thus, the EMA is cal-
culated in three stages: First, calculate the MA for the
period (n); second, calculate the Smoothing Constant
(Sm) using the formula:

Sm=(2/(n+1)) 3)

and finally, calculate the EMA using the formula:

EMA = (price — previous EMA) X Sm + previous EMA

(4)

EMA is a type of moving average where weights of past
prices decrease exponentially.

MTM for 1, 5, and 12 intervals of 30 s.

MTM is a simple momentum indicator. The MTM
oscillator measures the pace at which a trend is accelerat-
ing or decelerating. It does it by comparing the last price
near the end of a given period in the past. Like the rate of
change (ROC), this indicator is very sensitive to price
changes. MTM is simply calculated by subtracting the
previous price close from the latest price close using the
formula:

MTM = latest close — specified close (5)

where the specified period is any previous price close
specified by the trader.

ROC for 5 intervals.

The ROC is computed as the percentage change of
the current closing price at time ¢ to the closing price
from t — n, where n = 5, which implies 150 s.

ROCn=(Ct—Ct—n)/Ct—n. (6)

Equation 6 shows the relative difference between the
closing price on the day of forecast and the closing price
n interval as previously, where n is equal to the input
window length.

3.2 | Methodology: Early time series
classification using multi-objective
optimization techniques

This study will attempt to predict whether a specific
financial index will increase or decrease during a given
trading session. However, we will try to make this predic-
tion as soon as possible, preferably, in the early hours of
the trading session.

This problem is denominated early classification of
time series (Xing, Pei, & Yu, 2011) in the area of ML and
can be defined more formally as follows. Suppose we
have a set of historical time series X = {(TS1, CL1), (TS2,
CL2), ..., (TSn, CLn)}, each TSi is a time series that col-
lects all the measurements of a specific daily session from
the past. CLi represents its respective class label; thus, it
takes a value of 0 if the index has decreases and a value
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of 1 if it has increases. The objective is to use this set of
historical data to build a model that relates the time
series to their class labels at different times of the session.
This model will then be used to predict whether the
index will increase or decrease for new daily sessions as
early and as accurate as possible (Mori et al., 2017).

The methodology we will use to build this early classi-
fier was initially proposed in (Mori et al., 2019) and is
based on multi-objective optimization methods. The early
classifier used in this study is obtained by combining two
components which are explained briefly in the following
paragraphs.

As a first component, our early classifier builds a set
of classifiers (h1, h2, ..., hL) using Gaussian process clas-
sifiers for time series (Rasmussen & Williams, 2006).
Each of these classifiers hi receives the available data of
the daily session until time i and outputs the probability
that the index will decrease (or increase). For example,
classifier h11:00 will receive all the values of the selected
index obtained until 11:00 and will predict, after analyz-
ing the data, with what probability the index will
decrease (or increase). These classifiers are able to predict
the most probable class of a daily session at different
times. However, these predictions are not guaranteed to
be accurate. Possibly, at early time, there is not enough
information to make good predictions. As such, we
require some additional mechanism to decide whether
this prediction is to be trusted or not.

In this context, the second component of the early
classifier is a set of trigger functions obtained by using
multi-objective optimization techniques. These trigger

functions are linear rules that combine the probability
value obtained by the h_t classifiers, and also the time in
which the prediction is made (f). Based on this input
information, each linear rule will tell us if the prediction
provided by a classifier h_t is reliable or not. As the most
innovative part of the methodology, the parameters of
these linear functions are optimized using a multi-
objective genetic algorithm (NSGA-II) (Deb et al., 2002),
with the objective of finding the trigger functions that
maximize accuracy and earliness simultaneously.

Multi-objective optimization deals with the simulta-
neous optimization of two or more conflicting objective
functions, in this case accuracy and earliness. Typically,
the sooner we want to make the predictions, the less
information we have about the trading session, so it is
more difficult to make accurate predictions (Mori
et al., 2017). But how can we choose between a classifier
that yields an accuracy of 60% at 11:00 and another that
yields an accuracy of 80% at 16:00? The choice depends
on the interests of the dealer, and the risks he/she is will-
ing to take. In this context, we can say that accuracy and
earliness are in conflict, and instead of searching for only
one solution, we will try to find the set of Pareto solutions
(Tan et al., 2005), which is the set of solutions that
describe all the possible optimal trade-offs between the
two objectives.

With all this in mind, note that as a direct result of
using multi-objective optimization techniques, each trig-
ger function will be different in nature: some will accept
higher risks in order to provide earlier predictions,
whereas other will tend to wait more in order to make

inputs

Ibex 35 Quotations (raw data)

Output 2
Ibex rises over 0,5%
Ibex falls over 0,5%

Ibex remains between +-0,5%

Output 1
Ibex rises
Ibex falls

Techical Indicators: 8
Ibex 35 Indcators

Output 2
Ibex rises over 0,5%
Ibex falls over 0,5%
Ibex remains between +-0,5%

Output 1
Ibex rises

Ibex falls

Source: Own elaboration.

FIGURE 1

Architecture of the research Source: Own elaboration.
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TABLE 1 Accuracy and earliness of Ibex 35 movement
predictions by type of indicator used

Earliness (%) Accuracy (%) Type of data
5.00 56.88 Raw

5.00 56.88 Mal

5.00 56.88 Ma5s

5.00 55.50 ‘Wma5

5.00 56.88 Ema5

5.00 61.93 Momentum1
5.00 61.01 Montmentum5
5.00 62.84 Momentum12
5.00 63.30 Roc5

5.02 62.39 Momentum1
5.05 57.34 Mal

5.09 61.93 Montmentum5
5.09 64.22 Momentum12
5.18 62.84 Momentum1
5.30 57.34 Ema5

5.87 57.34 Raw

7.00 63.76 Montmentum5
7.55 55.96 ‘Wma5

7.57 57.34 Ma5s

9.75 57.80 Raw

10.94 58.26 Raw

15.89 58.72 Mal

20.57 67.43 Momentum12
20.57 66.06 Roc5

20.57 66.06 Roc5

21.33 58.72 Wma5

21.38 67.89 Momentum12
26.40 60.09 Raw

27.20 68.35 Momentum12
27.27 68.81 Momentum12
27.34 69.27 Momentum12
53.44 60.55 Raw

54.36 60.09 Ema5

54.72 60.55 Wma5

55.05 60.55 Ema5

55.14 61.01 Raw

56.72 61.47 Raw

Source: Own elaboration.

more accurate class predictions (Mori et al., 2019). How-
ever, an approximation of the results obtained by each
trigger function will be provided to the user beforehand,
and, as such, he/she will be able to choose the classifier

o _|
«©
— Raw
MA1
MAS
WMAS
EMAS
Momentum1
2 —— Momentum5
Momentum12
ROCS gF
T
[}
o«
[}
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E <
©
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= =
& =
T T T T T T
50 55 60 65 70 75
Accuracy

Source: Own elaboration.

FIGURE 2
session progresses (by type of indicator) Source: Own elaboration.

Graphical representation of accuracy results as the

that best suits their interests. This is especially interesting
in the financial context, because different dealers could
have different interests.

To summarize all this, we explain how our early clas-
sifier could be used to make predictions in real time.
First, the user will be provided with a summary of the
performances (accuracies and earliness values) of the dif-
ferent trigger functions obtained during the training
phase of the method. Based on its interests, a specific trig-
ger function will be selected. Then, at pre-specified times,
the data from the daily session will be introduced into
the framework. The classifier ht responsible for that time-
stamp will output a prediction. As the last step, the trig-
ger function selected by the user will evaluate whether
this prediction should be trusted, or, on the contrary, if
the user should wait for more data to come. The proce-
dure will end when the trigger function accepts a predic-
tion, or when the session is finished.

4 | RESULTS AND DISCUSSION

In order to answer the RQ1 and try to predict the daily
movement with high-frequency intraday data, a classifi-
cation problem has been designed. For this purpose, two
types of experiments have been developed, which means
two classifications to offer a more complete proposal to
facilitate investors' decision-making.

First, a binary classification, consisting of predicting
whether the market represented by Ibex 35 index, will rise
(Class 0) or fall (Class 1) at the end of the daily session.

25UB0| SUOWILLIOD SAIEBID 3[ed1 e aU) A PaUIBAOB 918 AL WO 85N J0 S9INJ 10y Aeic]1 BUIIUO AB]IM UO (SUONIPUOD-PUE-SUWLBY W00 A3 1M AeAc]1jBu|uo//Sdy) SUOIPUOD PUe S | 841 39S *[220Z/2T/90] U ARiqiT8uliuo A81M ‘(U1 eANGe 1) aqnopeay AQ £662°104/200T OT/I0p/0Y" A8 |1 AZe1q[puuo//Sdny oI Popeojumoq ‘0 ‘XTETE60T



10 | Wl LEY. MIRANDA GARCIA et aL.
TABLE 2  Accuracy and earliness of movement predictions TABLE 2 (Continued)
+0.5% of the Ibex 35 according to the type of indicator used .
Earliness (%) Accuracy (%) Type of data
Earliness (%) Accuracy (%) Type of data 60.37 54.59 Momentuml
5.00 45.87 Raw 74.31 57.34 Momentum5
LY o Mal Source: Own elaboration.
5.00 43.58 Ma5
5.00 42.66 Wma5
5.00 43.12 Ema5
5.00 51.83 Momentuml o |
5.00 46.33 Momentum5 o "
5.00 47.71 Momuntum12 BuAs ¥
Momentum1 /
5.00 53.67 Roc5 8 1 | 7= Momentumz /
/
5.02 46.33 Raw i
5.02 44.04 Ma5s | . PR
5.02 43.12 Wma5 & /
5.02 43.58 Ema5 +
5.14 4817 Momuntum12 & 1 *
/
5.16 46.79 Momentums i
5.32 53.21 Momentum1 25 k=it
o
5.34 43.58 ‘Wma5 T T T T w
40 45 50 55 60
5.34 44.04 Ema5
Accuracy
5.39 47.71 Raw Source: Own elaboration.
5.39 47.71 Momentum5
FIGURE 3 Graphical representation of accuracy results as the
5.71 48.62 Momuntum12 . ..
session progresses of movement predictions +0.5% of the Ibex
6.22 45.41 Ema5 35 (by type of indicator) Source: Own elaboration.
6.28 45.87 Mal
6.31 45.41 Ma5
6.56 45.87 Ma5 Second, a triple ranking, which consists of predicting
6.58 46.33 Mal whether the market will go up (Class 0) more than a per-
centage set at 0.5%, a threshold that has been used in the
6.79 4541 Wmas . . .. .
preceding literature for similar problems (Shynkevich
720 46.33 Wma5 et al., 2017), whether it will go down more than that per-
13.72 50.46 Momuntum12 centage (Class 1) or remain between that up-and-down
13.88 52.29 Momuntum12 range (Class 3).
18.00 46.79 Ma5s A total of 18 experiments are carried out, 2 for each of
19.08 4725 Mas the 9 inputs used.
The first two tests are performed on the “raw data”
19.93 49.54 Momentum5 ) .
quotations of the Ibex 35 every 30 s. The remaining tests
20.89 20.46 Mas use technical indicators selected.
2119 49.08 Wma5 In this way, the architecture of the research is as fol-
21.40 49.54 Wma5 lows (Figure 1):
21.67 49.54 Emas In order to answer the RQ2, we will try to predict as
20.87 49.54 Mal soon as possible in the session whether the market repre-
2342 149,54 Raw sented by Ibex 35 1n.dex w1.11 rise (Class 0) or fall (Class .1)
at the end of the daily session or whether the market will
26.95 54.59 Roc5 .
go up more than that percentage (Class 0) or it will go
38.62 50.46 Momentum5 down more than that percentage (Class 1) or remain
41.24 53.21 Momentum5

between that up-and-down range (Class 3) The aim of
this classification is to obtain an early indicator.
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Consequently, applying the novel methodology, the
first result achieved allows us to identify how each of the
selected inputs, prices (raw data), and technical indica-
tors behave, in terms of accuracy and earliness (percent-
age of the session elapsed). Additionally, we find that the
same indicator is not equally effective at any moment of
time, when predicting the movement of the index at the
end of the session.

Thus, in order to predict whether the Ibex 35 will rise
or fall at the end of the session, we find the following
results (see Table 1):

As it can be seen in the following graphical represen-
tation (Figure 2), the approach to the economic problem
in terms of optimizing the earliness-accuracy binomial
allows us to identify the MTM and ROC indicators (that
technical analysis uses as trend indicators when measur-
ing the “strength” of the trend), as those allow us to make
earlier and more accurate forecasts in the session. In

TABLE 3 Time window for the IBEX 35 rise or fall at the end

of the session

Earliness (%) Accuracy (%) Type of data
5.00 63.30 Roc5

5.02 62.39 Momentum1
5.05 57.34 Mal

5.09 64.22 Momentum12
5.18 62.84 Momentuml
5.30 57.34 Ema5

7.00 63.76 Montmentum5
7.55 55.96 Wma5

7.57 57.34 Ma5s

9.75 57.80 Raw

10.94 58.26 Raw

15.89 58.72 Mal

20.57 67.43 Momentum12
21.33 58.72 Wma5

21.38 67.89 Momentum12
26.40 60.09 Raw

27.20 68.35 Momentum12
27.27 68.81 Momentum12
27.34 69.27 Momentum12
53.44 60.55 Raw

54.36 60.09 Ema5

54.72 60.55 ‘Wma5

55.05 60.55 Ema5

55.14 61.01 Raw

56.72 61.47 Raw

Source: Own elaboration.

contrast, the indicators related to the moving average,
although they are also trend indicators, obtain less accu-
rate results and act with more delay in the session.

The results for the problem of predicting whether the
index will rise or fall, or remain at the +0.5% level, are as
follows (Table 2):

Similar to the previous figure, for the more complex
problem of predicting a 0.5% rise or fall in the Ibex
35, we again identify the MTM and ROC indicators (see

TABLE 4 Time window for the IBEX 35: to rise or fall, or
remain at the +0.5% level

Earliness (%) Accuracy (%) Type of data
5.00 53.67 Roc5

5.02 46.33 Raw

5.14 48.17 Momuntum12
5.16 46.79 Momentum5
5.32 53.21 Momentum1
5.34 44.04 Ema5

5.39 47.71 Raw

5.39 47.71 Momentum5
5.71 48.62 Momuntum12
6.22 4541 Ema5

6.28 45.87 Mal

6.31 4541 Ma5s

6.56 45.87 Ma5s

6.58 46.33 Mal

6.79 4541 Wma5

7.20 46.33 Wma5

13.72 50.46 Momentum12
13.88 52.29 Momentum12
18.00 46.79 Ma5s

19.08 47.25 Ma5s

19.93 49.54 Momentum5
20.89 50.46 Ma5s

21.19 49.08 Wma5

21.40 49.54 Wma5

21.67 49.54 Ema5

22.87 49.54 Mal

23.42 49.54 Raw

26.95 54.59 Roc5

38.62 50.46 Momentum5
41.24 53.21 Momentum5
60.37 54.59 Momentum1
74.31 57.34 Momentum5

Source: Own elaboration.
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Figure 3), as those allow earlier and more accurate
forecasts to be made, as opposed to indicators based on
the moving average that are not as early and accurate
as the previous ones in identifying the movement of
the Ibex 35.

In the light of these findings, the following issues
should be highlighted.

For all indicators and prices, the results are above
50% in the binary classification and 33.33% for the triple
classification, which confirms that the Spanish market
has a certain degree of intraday predictability and there-
fore could suggest that the intraday market is not effi-
cient, at least for that period of time. This point would
require further studies because in the event that the
hypothesis of an efficient market is not satisfied, not only
must there be predictability but also the market must be
beaten, that is, profitable trading systems must be estab-
lished (Malkiel, 2003).

The earliest time achieved for all the indicators in
obtaining an accuracy of more than 50% or 33.33%,
respectively, is 5% of the time spent in the session. Thus,
it is only necessary to consume 24 min of the session so
that the prices or technical indicators have sufficient
informative value.

In the same way, all the indicators “stop working” at
some point during the session. This finding is significant
because we found that even if more time passes from the
session contrary to what might be expected, it does not
enhance the accuracy of the predictions.

This result reveals that not all the information con-
tained in the prices or indicators has the same pre-
eminence in predicting the movement of the market at
the end of each session, and therefore, there is an infor-
mative pattern of prices.

In the first problem proposed (to predict as soon as
possible if the IBEX will go up or down at the end of the
session), the inputs used provide us with an informative
time window that goes from 24 min after the beginning
of the session, the earliest moment, to 272.25 min (4.53 h
approximately from the beginning of the session), that is
to say, until approximately 12:32 h.

In that time window, the informative value of prices in
terms of the prediction is concentrated between approxi-
mately 9:24 and 11:12 h. Focusing on the results that are
efficient (shown in bold in Table 3), a relevant finding is
highlighted: although there is a time window in which dif-
ferent indicators can be used to make more or less accu-
rate forecasts, there is one indicator (MTM 12) that shows
the greatest efficiency in this double objective of accurately
and early predicting the rise or fall of the Ibex 35.

In the second problem, the window (Table 4) is
between the required minimum of 24 and 356.68 min
(i.e., about 6 h after the opening of the session).

Selecting the combinations that can be efficient
(shown in bold in Table 4), we can see that there are four
key moments in the day. Once again, it can be seen that
for this problem, the MTM and ROC oscillators obtain
the best results in accuracy and earliness. This way, we
can see that there are four key moments: 9:24, 11:09:36,
13:49:02, and 14:56:04 h.

Therefore, to the best of our knowledge, we found a
new phenomenon in the Spanish market. We observed
that the predictive power of prices and indicators occurs
in a time window, and that the highest predictive value is
concentrated in a narrow time range. In addition, the
finding that, depending on our objective, the time win-
dow is modified as it has been shown is equally relevant.

In this way, performing a transversal analysis, we can
see that the indicator that presents the best combinations
of accuracy and earliness is the MTM indicator with a
delay of 12 intervals for the first objective, except at
9:24 min, which is the ROC (5), whereas for the second
problem, the most relevant is the ROC with a “lag” of
5 intervals, and the MTM indicators 1 and 5.

5 | CONCLUSIONS

The capital market can be considered as a betting market
in which each trader bets on the outcome of a certain
event (Page, 2012); our study would allow different strat-
egies to be posed according to the different levels of risk
tolerance. In this way, we introduce an added value by
incorporating in the decision-making process not only
the criterion of accuracy of the forecast (greater accuracy,
less risk of suffering losses) but also earliness, so neces-
sary in intraday trading and even more so in the case of
high-frequency traders. Consequently, our results show
that we have been able to limit and offer investors a cer-
tain time range where the indicators seem to show more
information.

Thus, we answer the two research questions pro-
posed. On the one hand, we are able to predict with
acceptable percentages, the daily market movement
using intraday data (RQ1) without using the entire time
series of that session. On the other hand, as a conse-
quence, we generate an alert system based on two evi-
dences: the early time window in which it is possible to
predict the movement of the Ibex 35 and the finding that
not all information has the same utility, because after
that window of time, the data do not generate any accu-
racy gain (RQ2).

Compared to the more conventional and ML method-
ologies, where the models obtain a result with their cor-
responding level of accuracy, this research provides a
“map” of possible combinations of accuracy and
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earliness, which makes the decision-making for heteroge-
neous investors with different risk profiles easier.

Undoubtedly, investors not only need to obtain good
accuracy results to make more profitable decisions but
also to be fast, because the value of information is essen-
tial; every minute and every second count to establish
possible profitable strategies.

It is not a question of being the earliest but of doing it
in the right direction and taking into account the eco-
nomic importance of earliness.

Investors are continually pursuing these information
advantages, so many financial asset managers aim to gen-
erate these advantages and exploit them quickly (Kadan
et al., 2018). These authors point out that having a small
information advantage, even if the duration of this infor-
mation is short, can generate significant advantages, and
our analysis can help to achieve this.

The earliness of the classification is necessary to adapt
to environments of stream data (as it is the one in our
study) without impairing the performance as there is not
enough learning time.

The time, therefore, is a variable to take into account
especially when there are repeating patterns and anoma-
lies (Thaler, 1987) that can be used to try to beat the mar-
ket. In line with many studies that have identified intra-
day patterns (Admati & Pfleiderer, 1988) in different mar-
kets and scenarios, this research is able to identify the
predictive power contained in certain trading hours.

The theoretical models that attempt to explain these
anomalies are related, among other issues, to behavioral
finance and the presence of different types of investors
and their different profiles (Hasbrouck, 1991), including
the behavior of liquidity traders and informed investors
(Admati & Pfleiderer, 1988). The central point of the
analysis of the market microstructure is the concept that
in a market with asymmetrically informed agents, trans-
actions transmit information and therefore cause a per-
sistent price impact.

Previous studies on intraday patterns have focused on
identifying the behavioral patterns of three variables in
particular: the profitability, volume, and volatility of
financial assets over the course of a session
(Harris, 1986). As noted by Caporale et al. (2016), the so-
called mid-day effects, where stock returns and trading
volumes tend to be lower in the middle of a trading ses-
sion, the last hour and first hour effects, meaning that
stocks show lower returns in the first hour of trading and
higher returns in the last hour, and the time of day
anomaly, where stocks are higher in the first 45 and last
15 min of the trading day, are particularly important.
Harris (1986) showed that prices and last trades tend to
be higher during the first 45 min of trading sessions
(every day except Monday). Wood et al. (1985) found that

all the positive returns are obtained during the first
30 min and at the close of the market.

Camino's study of the Spanish stock market
(Camino, 1996) found positive returns in the first hour of
the session every day of the week except Monday and
Wednesday, and a strong tendency for prices to rise in
the first and last 15-min trading period.

Other intraday effects are, for example, the more
intense trading volume at the beginning and end of the
trading day combined with higher price volatility
(Admati & Pfleiderer, 1988). Brooks et al. (2003) found
higher trading volumes on the New York Stock Exchange
at the beginning and end of the day, and that, on average,
significantly positive returns are obtained during the first
30 min of trading and at the market closure.

The variation in intraday volumes has also been
explained by the interactions between informed traders
and liquidity traders. Liquidity traders need to meet cer-
tain liquidity needs, which are random in nature,
whereas informed traders trade only in response to infor-
mation. To the extent that much information is produced
during non-trading hours, it could explain the high vol-
ume of market opening. Furthermore, the need to reba-
lance portfolios could be the cause of the increase in
trading volume around the time of market closure
(Admati & Pfleiderer, 1988).

There is also another intraday gap anomaly, that is,
when the opening prices of certain assets of the market
are different from the previous day's closing prices
(Plastun et al., 2019). This fact has been used to explain
such price movement because of changes in investor
expectations, as well as unexpected events, among others.

Therefore, it seems reasonable to assume that the pre-
dictive power of prices concentrated on certain hours of
the session, which has been detected with this research
in the Spanish market, could be linked to other intraday
anomalies, although the empirical analysis of this rela-
tionship will be the subject of a future study.

The results obtained with this innovative technique,
which in the future can be developed, lead us to consider
several interesting lines of future research: first, to
deepen the knowledge of intraday anomalies and the
relationship that may exist between the one detected in
this paper with others found for this period such as the
intraday pattern of profitability and risk; second, the use
of this technique to try to anticipate the movement of
individual financial assets, as well as to try to anticipate
stock market shocks; and finally, the study and analysis
of whether this information anomaly in prices (character-
ized by the presence of a certain regularity in which use-
ful information is concentrated in certain time bands) is
also detected for other time horizons, such as the weekly,
monthly, or annual horizon.
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